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ABSTRACT

THE GENERATIVE FRICTION TRILOGY: LEARNING TO INTERVENE, EVALUATE,

AND COLLABORATE IN MULTI-AGENT COLLABORATION

Large language models are increasingly deployed as collaborative partners in multi-

turn, multi-party tasks, where they must reason jointly with others rather than act in

isolation. In such settings, collaboration often requires generating frictional interven-

tions—strategic prompts that slow the group down, surface hidden disagreements, or

encourage re�ection—rather than direct answers. A key challenge is that these interven-

tions do not directly determine how a collaboration unfolds: collaborators may ignore,

reinterpret, or partially incorporate them, and the resulting dialogue trajectory depends on

how all participants respond. This mediation breaks the assumptions underlying standard

alignment and reinforcement learning methods, which implicitly treat an agent's chosen

action as directly determining outcomes.

This dissertation approaches this challenge through a trilogy of complementary per-

spectives. First, we introduce the Frictional Agent Alignment Framework ( FAAF), which

provides the �rst principled formulation of friction intervention learning that general-

izes to previously unseen collaborative settings. Second, we extend this framework to

realistic collaborative settings where different intervention agents interact with collab-

orators over multiple turns, producing divergent dialogue trajectories. We formalize

collaborative dialogue as a Modi�ed-Action Markov Decision Process (MAMDP) where

collaborators modify interventions before they affect the environment, and introduce a

counterfactual roleplay framework that isolates causal effects while controlling for col-

laborator dynamics. We show that friction interventions can accelerate common-ground

convergence, but that even optimal interventions fail without appropriate collaborator
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responses. Third, having shown that collaborator responses determine outcomes, we

develop the Interruptible Collaborative Roleplayer (ICR) to train effective collaborators,

through a constrained optimization objective that combines task utility maximization with

counterfactual invariance—robustness to spurious features in interventions. Empirical

results show ICR-trained collaborators outperform frontier models and achieve superior

common-ground convergence without explicit team-level training signals.

Practically, this work provides the �rst end-to-end framework for training and evaluat-

ing both sides of collaborative AI systems, moving beyond dyadic assistant-user interac-

tions toward principled small-group collaboration where friction serves intelligence rather

than impedes it. By bridging of�ine alignment that is robust to data-bias, causal evalua-

tion, and collaborator training, we establish friction-aware alignment as a fundamental

challenge at the intersection of NLP and multi-agent RL, prove that standard single-agent

methods are suboptimal for collaboration, and provide novel protocols for the realistic

multi-party collaboration toward which LLM deployment is moving.

iii



ACKNOWLEDGEMENTS

I want to sincerely thank Nikhil Krishnaswamy, my PhD advisor, who truly brought out

the researcher in me. A brilliant computational linguist and teacher, a trustworthy mentor,

and a researcher and scientist par excellence—his intellectual supervision, guidance in

�nding the right research directions and rigorous critique of my thinking and writing were

priceless for my growth as a researcher and for which I am truly indebted. I must thank

him for being incredibly generous with his time throughout this PhD and for providing

the freedom and courage to pursue what I wanted in research, including the less trodden

paths. Closer to the craft of it, he taught me the importance of clarity of thought in framing

research questions, the rigor required to produce high-quality work, and the precision in

writing and expression—including the art of science communication—that I plan to carry

forward and remain forever grateful for. Towards the culmination of this research circa

spring 2025, nothing could match going to bed at 6am knowing that cyan lines on Overleaf

would appear on blue-lined paragraphs in a relay, while the TRL trainer would spit its

�nal logs and the GPUs would �nally breathe. Except one thing: a 7-hour road trip to

New Mexico with your PhD advisor tracing most of Southern Colorado and Wyoming

while listening to Steely Dan and preparing your talk! I could not have asked for a better

advisor.

I want to thank my committee members for all the guidance and support they have

shown me, and for convincing me to pursue this line of research, even after multiple

changes in tracks. Thanks to Nathaniel Blanchard, my PhD co-advisor, for teaching

me to care deeply about problems from a “data-�rst” perspective. To Ewan Davies,

for our discussions on graph clustering that shaped how I approached sampling and

distributional methods in this work. Sincere thanks to Michael Kirby, for our conversations

on optimization that motivated me to pursue the theoretical angles that later became the

backbone of the FAAFchapter.

iv



I want to thank all faculty members at the Computer Science Department at CSU. Spe-

cial mention to senior faculty Bruce Draper, Chuck Anderson, Sudipto Ghosh, and Indrajit

Ray—whose support I felt throughout, including being awarded the Arti�cial Intelligence

and Evolutionary Computing Fellowship in 2024 and the Wim Böhm Fellowship in 2025

including teaching assistantships, all of which helped massively in producing this research.

I also want to specially thank Sanjay Rajopadhye for initial guidance before moving to

Fort Collins and our conversations after every major step during the PhD; for the summer

barbecues at City Park and beers at the Ramskeller—I felt your support throughout and it

meant a lot. This would also not have been possible without the department's administra-

tive staff including SNA, so sincere thanks to Megan Brice, Kim Chacon, and Abhimanyu

Chawla and others.

Special thanks to senior professors external to CSU—Martha Palmer and James Martin

at CU Boulder, and James Pustejovsky at Brandeis—for DARPA's RAMFIS program, which

deeply in�uenced my research in computational linguistics, for writing recommenda-

tion letters, and for overall guidance; especially James Pustejovsky for pointing toward

fundamental directions in pragmatics and communicative acts that in�uenced a large

part of the frictional alignment work. I am also deeply grateful to Jordan Boyd-Graber at

the University of Maryland, Jonathan May at USC, and Jonathan K. Kummerfeld at the

University of Sydney for our collaborations on human-AI interaction in Web Diplomacy

during the FACT program and through 2025–26.

To my friends and colleagues in graduate school, especially the members of the Signal

Lab—you made this PhD so much fun and far less isolating than it could have been.

Friday meetings were always a delight! The discussions during 2024–25 designing the

“friction stuff” under the FACT program were among the most memorable of my PhD.

Sha�uddin Rehan Ahmed and David McNeely-White gave me my earliest entry points

into serious research, especially NLP and computer vision respectively; Sheikh Mannan

was there from the very �rst ML class in Spring 2021 that Nikhil taught; our collaboration

v



during AxomiyaBERTa was priceless as was participating in your �ight simulations;

Videep Venkatesha and Mariah Bradford—two of my closest collaborators—kept the

conversations alive through whiteboard sessions that eventually turned into papers on

probing questions and later became “interventions”; and Carine Graff and Andrei Bachinin

were foundational to the FACT program—as were the conference trips to Miami, New

Mexico and San Diego and the DARPA Demo trips to Stanford and Maryland that marked

the program at its height.

To Sina Saravani, Ibrahim Khebour, Shadi Mana�, Sadaf Ghaffari, Anju Gopinath and

Rahul Ghosh—I truly enjoyed our collaborations during the earlier years. Shoutouts to

Changsoo Jung and Ethan Seefried, with whom I had many great conversations about

state-space models and during the early reward modeling works. Particularly, Ethan—you

made the NeurIPS '25 experience much more fun. I especially cherish my conversations

with Jack Fitzgerald on 3D geometry understanding and Hannah VanderHoeven on AI

collaboration with partial information, both of which shaped how I think about these

problems.

Thanks to Sifatul Anindho, Tarun Varma Buddaraju, Avyakta Chelle, Austin Youngren,

Animesh Gurjar, Sai Kiran, Shamitra Gowra, Carlos Mabrey, Brady Bhalla, Sai Shruthi

Garlapati and many others at CSU; Timothy Obiso, Kenneth Lai, and Yifan Zhu at Brandeis;

Wichayaporn Wongkamjan and Yanze Wang at the University of Maryland and University

of Southern California respectively; and the Boulder NLP group folks—Elizabeth Spauld-

ing, Abteen Ebrahimi and Adam Wiemerslag and many others. You all have had a deep

in�uence into my research. And to Sonu Dileep—I truly enjoyed our regular catching on

AI research trends from around the globe, our “late-night” drives to Horsetooth reservoir,

and hikes around the Rockies that helped me unwind—you taught me how to enjoy grad

life when times were dif�cult!

I was also lucky to meet some incredible folks during summer internships and from

whom I learned to appreciate problem-solving at scale. I'd like to thank Andrey Volozin at

vi



Optum, whose conversations on arti�cial intelligence in healthcare quietly seeded a large

part of my initial forays into the alignment problem in LLMs; Alireza Bagheri Garakani at

Amazon, whose customer-�rst perspective on production ML shaped the Owen-Shapley

work in product search RL; and Motoki Wu, Navjot Matharu, Iwona Bialynicka-Birula and

Chuan Wang at Cresta, for making that experience as intellectually rich as it was.

To friends and family back home; Kamlesh Borah, Satyajit Chowdhury, Gaurav and

Saurav Roy, and the Music Club friends from BITS who motivated me in many ways and

to Nilotpal, Bhargav, Bhargav Borah, Uddip, Shyam, Ritwick, and Sunny—thank you for

keeping the traceback alive.

To Michaela Kayser, for being an amazing partner, a wonderful friend, and a constant

source of support and joy from my master's commencement through every stage this PhD

covered; for keeping me sane and grounded through the dif�cult stretches and believing

in me. I look forward to the next chapter with you.

Finally, I am incredibly grateful to my Deuta and Ma—both historians—who raised me

on the Dibrugarh University campus and always believed in me. For instilling clarity of

thought, a sense of history and a taste for knowledge early on, and for teaching me the

value of consistency, discipline, sustained effort and above all, Ni s.kāmakarma. "Keep an
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Chapter 1

Introduction

Large language models (LLMs) have become remarkably �exible tools [12]. In the

past few years, we have seen LLMs adopted in multiple forms—as QA agents [13], web-

searching assistants [14], ticket booking systems [15], coding companions [16], and even

for personal communication and maintaining relationships [17]. This wide-scale adoption

is powered not only by the general expressivity of language that these machines generate

�uently, but also by alignment methods such as Reinforcement Learning from Human

Feedback (RLHF) [18,19] that serve as the bedrock of such progress. These methods allow

us to go beyond learning from static datasets—they let models “experience” the world (as

implicitly expressed through text) and enable the model to be more aligned with human

preferences and intentions by learning from feedback [20]. In doing so, the narrative

around LLMs has become “agentic” [21] in nature. The capacity of autonomously taking

decisions in a wide range of tasks, navigating complex environments with search-based

tools, and providing long-term support to humans via their dialogue mechanisms have

incentivized developers of these systems to make interactions with them smooth and �uid.

Smooth and �uid interactions maintain user engagement and condition users to expect

immediate answer to their problems. Less “friction” seems desirable at �rst glance. 1

1.1 The Collaborative Alignment Challenge

However, human behavior provides a compelling counterpoint to how current LLMs

are incentivized to operate. When people collaborate, friction is often desirable [8,22–24].

One mark of an intelligent agent is its ability to synthesize new information from obser-

vations, but an equally important ability is to question and examine things they observe

1https://www.nytimes.com/2018/12/12/technology/tech-friction-frictionless.html
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and sometimes reframe their current knowledge in light of incoming evidence to align

with partners or collaborators on mutual goals [25 –28]. When humans encounter “ fric-

tive states”—moments where collaborators hold contradictory beliefs about task-relevant

propositions—the ability to resolve these misalignments through re�ection and deliber-

ation often determines whether the collaboration succeeds or fails. As humans come to

treat LLMs as collaborators, including in the business and personal spheres, and as these

collaborations evolve toward a multi-party nature with multiple humans engaging with

the same AI instance [29], incentivizing LLMs to productively engage with these human

dialogic phenomena becomes critical.

This dissertation adopts the view that to correctly model intelligence in conversations

and collaboration, it is important to devise mechanisms and principled frameworks for

training LLMs that can recognize and productively navigate frictive states. We focus

speci�cally on small-group collaborative reasoning tasks: scenarios where 2-4 participants

must align their beliefs to solve problems together, such as scienti�c reasoning puzzles or

deliberative decision-making. Due to the multi-party nature of collaboration, addressing

this challenge requires thinking beyond standard supervised learning and preference

alignment methods—the dominant paradigm in optimizing LLMs for dyadic interactions

(e.g., the user-assistant scenario [19,20,30,31])—while taking into consideration that perfect

human demonstrations for such phenomena for learning them may not be available. From

a Reinforcement Learning (RL) perspective [32], one of the ways in which an LLM can

navigate a frictive state is to “act” or generate friction interventions. Within the language-as-

next-token-prediction conceit of LLMs, these interventions constitute the “best response”

to encountering such a state: sets of tokens that comprise meaningful utterances that

prompt re�ection and “slow thinking” [33] in other agents during collaboration.

The Friction Paradox in LLM Research Research on friction in conversational AI reveals

a telling paradox. The dominant trend has focused on eliminating friction—improving

2



query rewriting, machine translation, and intent correction to make interactions with

systems like Alexa and Google Assistant smoother [34–38]. A smaller line of work ex-

plores the opposite direction: increasingproductive friction through UI scaffolding [2,39],

where interface elements like extra clicks or delays discourage over-reliance, particularly

in educational contexts. While valuable for mitigating inappropriate use of deployed

systems, this treats friction as post-hoc remediation—the LLM has already been trained

for frictionless response, and barriers are added afterward at the interface layer.

This work takes a fundamentally different approach: we treat friction as a learned gener-

ative capability. Rather than imposing external constraints through UI design or optimizing

systems to eliminate friction entirely, we train LLMs to recognize belief misalignments in

collaborative dialogue and autonomously generate language interventions that prompt re-

�ection and deliberation. This operates at the training and generation level, addressing the

root cause—LLMs' inability to recognize when slowing down would bene�t collaboration—

rather than only the symptoms of over-reliance or communication breakdown. This moves

friction from the periphery of design to the core of intelligence; it is no longer a barrier

added to a completed system, but an innate strategy the model uses to navigate the "slow

thinking" required for complex, shared goals.

1.2 Why Current Methods Fall Short

That LLMs struggle with frictive collaboration is not surprising given how they are

trained at various stages of their lifecycle. Most pretraining data is not in dialogue

form [40], and even when it is, it rarely contains examples of productive friction—the kind

of pushback [2], probing [8], or deliberative reasoning [33] that characterizes thoughtful

human collaboration. Post-training strategies have compounded this limitation [41].

Standard RLHF methods optimize for immediate preference signals, leading to pathologies

like sycophancy [42] and scheming [43] that become consequential at scale [44]. The

Bradley-Terry (BT) preference modeling underlying most RLHF implementations assumes
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stationary preferences and immediate rewards. These assumptions break down in multi-

turn collaboration where success emerges over extended interaction [45]. By optimizing

for the highest immediate reward, standard alignment methods effectively train out the

agent's ability to push back or question the user, even when such friction is necessary for

long-term success. Even in the case of learning from of�ine preference data for single-

turn settings, presence of non-deterministic human preference signals makes standard

preference alignment methods suffer from pathological limitations [46, 47] and policy

degeneracy [48] issues where the learning objective itself is compromised. The core

issue stems from the BT's model's over-reliance on the data distribution and reward

overoptimization [49,50].

Beyond Dyadic Interaction: The Multi-Agent Challenge Beyond the aforementioned

algorithmic limitations, human communication is inherently deliberative—a process of

information-seeking, clari�cation, and belief revision [51]. Because humans make mistakes

and hold incorrect assumptions [22,52,53], effective collaboration requires slowing down

to establish shared understanding. Yet LLMs are designed for the opposite: immediate,

con�dent responses that maximize user satisfaction in single turns [54].

A deeper issue emerges when we consider group collaboration. Most existing meth-

ods assume collaboration occurs only between a single user and assistant [55]. While

multi-agent reinforcement learning (MARL) provides a theoretical framework for group

interaction [56], applications to LLMs remain limited [57 –59] due to instability from asym-

metric rollouts, asynchronous updates, and the prohibitive cost of training heterogeneous

LLM agents with policy-gradient methods. Role-based prompting offers a practical al-

ternative and has been successfully applied across diverse domains [60–62]. However,

roleplay-based approaches are primarily inference-time strategies that assume static role

descriptions are suf�cient—an assumption increasingly recognized as fragile [63]. Roleplay

does not specify how interventions in�uence future states or support principled credit
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assignment [64], and it struggles to generalize to settings with dynamic roles or evolving

preferences. More fundamentally, standard MDP formulations [32] are inadequate for

modeling collaborative dynamics [45]. They assume an agent's action directly affects the

environment, whereas in collaboration, actions are often modi�ed by collaboratorsbefore

the environment responds. As a result, collaboration [65] requires drawn-out interactions

or sustained conversations in which these assumptions no longer hold. In particular,

single-turn preference alignment breaks down in multi-party collaboration because agent

actions shape the future belief states of other participants, giving rise to belief misalign-

ment that necessitates belief-aware modeling. Modeling language or dialogue generation

as a standard MDP is therefore insuf�cient, as it fails to capture the evolution of beliefs

and the formation of common ground, de�ned as the set of mutually agreed task-relevant

propositions that characterize realistic multi-agent collaboration. All these challenges point

in the same direction: Unlike standard LLM alignment, which incentivizes immediate

responses and minimal friction, collaborative alignment requires treating friction as a

productive and necessary component of both theoretical modeling and evaluation.

Organization and Contributions The remainder of this dissertation is organized into

the following chapters, each addressing a core aspect of collaborative alignment. We

begin by revisiting preference-based alignment itself and the background literature in

Chapter 2, addressing the aforementioned core issues with the BT model assumption. In

Chapter 3, we demonstrate why standard alignment methods fail under non-deterministic

preferences and introduce a novel of�ine alignment algorithm that explicitly addresses

these limitations. We then turn to the problem of small-group collaboration, where pref-

erence alignment must operate over evolving belief states rather than isolated responses.

Chapter 4 introduces FAAF—an of�ine algorithm for learning belief state-aware frictional

interventions in LLMs that can be optimized purely from precollected dialogues. Build-

ing on this foundation, Chapter 5 and Chapter 6 jointly develop a uni�ed framework
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Contribution Problem Addressed Framework Key Objective

Foundational Non-deterministic preferences in
RLHF

DRDO (Chapter 3) Robust of�ine align-
ment

The Friction
Agent

Generating productive friction FAAF (Chapter 4) Frictive-state aware in-
terventions

The Dynamics Measuring causal impact in live dia-
logue

Roleplay Frame-
work (Chapter 5)

Counterfactual
MAMDP evalua-
tion

The Partner Learning an ideal collaborator via con-
straints

ICR (Chapter 6) Task-relevant invari-
ance

Table 1.1: Overview of the dissertation's core contributions. Each contribution targets a distinct
challenge in collaborative AI systems powered by LLMs: (1) robust alignment under noisy pref-
erences, (2) learning when and how to introduce productive friction, (3) evaluating interventions
counterfactually in multi-agent dialogue, and (4) training collaborators that prioritize task-relevant
information over super�cial agreement via constrained optimization.

for multi-agent collaboration by formalizing interactions between two roles: a friction

intervention agent (Chapter 5) and a collaborator agent (Chapter 6). These chapters model

collaborative problem solving within a Modi�ed-Action MDP (MAMDP) framework [66],

where agent actions are mediated through collaborative dynamics rather than acting di-

rectly on the environment. Under standard assumptions [46,67,68], we prove that while

existing preference alignment methods are optimal for their induced reward classes under

a token-level MDP, they are suboptimal under the collaborative dynamics of the MAMDP

at the intervention level.

A chapter-wise summary of contributions is provided in Table 1.1. This dissertation

demonstrates that effective small-group collaboration with AI agents requires treating

dialogue as a joint decision-making process shaped by belief misalignments, mediated

interventions, and adaptive collaborators. Our theoretical contributions and experiments

demonstrate that effective collaborative AI requires training both intervention agents that

recognize when to slow down dialogue, and collaborators that extract task-relevant content

from interventions. In other words, this work establishes that effective AI collaboration re-

quires a fundamental shift: training agents not just to provide answers, but to strategically

deploy “productive friction” to navigate misalignments in shared decision-making.
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Chapter 2

Background and Related Work

Chapter Overview This chapter reviews the background research and related work

needed to ground the contributions of this dissertation. We focus on preference alignment

in large language models (LLMs), where the central goal is to train LLMs to be more

likely to generate responses aligned with human preferences compared to a pretrained or

supervised-�netuned model [69]. We begin by reviewing standard alignment paradigms

such as Reinforcement Learning from Human Feedback (RLHF), including their core

assumptions, training pipeline, and data requirements. We highlight key limitations of

these approaches, particularly in settings with weak, noisy, or non-deterministic preference

annotations, and discuss how popular methods such as Direct Preference Optimization

(DPO) exhibit failure modes under these conditions [9]. This background is essential for

motivating the of�ine alignment framework developed in Chapter 3.

Building on this foundation, we broaden the scope from single-agent alignment to

collaborative problem solving with LLM agents. We argue that alignment methods de-

signed for static preferences and single-turn interactions are fundamentally limited in

multi-agent, goal-oriented collaboration. To address this gap, we introduce friction as a

generative paradigm for analyzing collaborative dynamics, grounded in formal notions

of common ground and frictive states. This perspective provides the theoretical basis for

understanding how interventions can resolve misaligned beliefs during collaboration, and

directly supports the collaborative models and algorithms introduced in Chapters 4, 5,

and 6. The chapter is organized as follows. In Section 2.1, we provide an overview of

of�ine and online preference optimization methods for LLMs. In Section 2.2, we analyze

the misalignment between reward-optimal and preference-optimal policies, illustrate the

issue in a toy bandit setting, and connect it to empirical failures observed in contemporary

preference benchmarks. We then turn to collaborative problem solving with LLMs in
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Section 2.3, where we formalize friction, common ground, and frictive states. We then

introduce a new formalism for modeling collaborative dynamics for small-group settings

in Section 2.4, based on the Modi�ed-Action Markov Decision Process (MAMDP). Finally,

we describe the datasets and experimental setups used throughout this dissertation in

Section 2.5.

2.1 Preference Optimization in LLMs

Recent advancements in Large Language Models (LLMs) often involve re�ning pre-

trained LLMs for downstream tasks by utilizing human-written completions [70,71] or

datasets labeled with human-preferred completions and contrasting alternatives [72 –74].

The two most prominent techniques in learning from preference data are Reinforcement

Learning from Human Feedback (RLHF) and Direct Preference Optimization (DPO). In

the following sections, we summarize these methods.

Reinforcement Learning from Human Feedback Reinforcement Learning from Human

Feedback (RLHF) aims to harmonize LLMs with human preferences and values [18]. Con-

ventional RLHF typically consists of three phases: supervised �ne-tuning, reward model

training, and policy optimization. Proximal Policy Optimization (PPO; [11]) is a widely

used algorithm in the third phase of RLHF. RLHF has been extensively applied across

various domains, including mitigating toxicity [75,76], addressing safety-concerns [77],

enhancing helpfulness [78], web search and navigation [79], and enhancing reasoning in

models [80]. Recent work [81] has identi�ed challenges and problems throughout the

entire RLHF pipeline, from gathering preference data to model training to biased results,

such as verbose outputs [82–84].

Given a dataset of pairwise preference data D = f x( i) , y( i)
w , y( i)

l gN
i= 1, where x( i) are

prompts and y( i)
w and y( i)

l are the preferred and dispreferred completions, respectively,

RLHF begins with an initial model p ref that parameterizes a distribution p ref(yjx). While
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the context x( i) can take many forms like an instruction or a question [85], completions are

generally annotated with humans or other higher-capacity teacher LLMs [86]. Typically,

p ref is initialized from an LLM that has undergone supervised �ne-tuning (SFT) after

pretraining, but one can also directly use a "good enough" base model as the reference

model [9]. The preference betweenyw and yl is modeled using the Bradley-Terry model [87],

which de�nes the probability of preferring yw (the winning response) over yl (the losing

response):

p(yw � yl jx) = s(r(x, yw) � r(x, yl )) (2.1)

where s(�) is the logistic function, and r(x, y) represents an underlying reward function.

To estimate this reward function r, RLHF minimizes the negative log-likelihood of the

data [19,73,88]:

L R(r f , D) = � E (x,yw,yl )�D
�
log(s(r f (x, yw) � r f (x, yl )))

�
. (2.2)

Optimizing External Rewards Using this learned reward function r f , policy-gradient

based RL methods like PPO [89] are applied to optimize and generate a new LLM dis-

tribution p �
q—that is typically referred as the “optimal policy”—with a KL-divergence

constraint for regularization. The goal is to iteratively update the parameters of p q such

that rewards obtained from the learned reward model on “actions” (or completions sam-

pled from the policy) are maximized as we reach convergence, while keeping the policy

distributionally close to the reference model to prevent model collapse. Often the reward

model can be out of distribution (OOD) for the constantly-changing policy and can cause

a distributional shift and concomitant reward hacking [90,91]. Works like [92] have dis-

cussed advantages of augmenting the reward modeling loss in Eq. 2.2 with a negative-log

likelihood term (SFT or “language-modeling” loss) in order to improve generalization

to overcome this distributional drift. In Chapter 3, we use this concept to train a teacher

reward model for the initial phase of the presented DRDO algorithm, which only requires
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�tting an additional linear reward head in addition to the default language modeling head.

Multiple works have also discussed the computational complexity of algorithms like PPO

especially when applied to LLMs. Unlike smaller neural networks, most base LLMs of

today contain billions of parameters [93], leading to practical challenges 2 in optimization

and hyperparameter tuning. For instance, PPO has limitations like the computational and

memory overhead of tracking four models (reward model, value model, reference model,

and policy model) in GPU memory [94,95].

Of�ine and Online Preference Optimization Given the complexity of online preference

optimization discussed above, research has proliferated into more ef�cient and simpler

of�ine algorithms. Direct Preference Optimization (DPO) [9] is a notable example, which

demonstrates that the same KL-constrained objective as RLHF can be optimized with-

out explicitly learning a reward function. The problem is reformulated as a maximum

likelihood estimation (MLE) over the distribution p q, leading to the following objective:

L DPO(p q; p ref) = � E (x,yw,yl )� D

�
log s

�
b log

p q(ywjx)p ref(yl jx)
p q(yl jx)p ref(ywjx)

��
(2.3)

where b is a regularization term controlling the KL-constraint strength. In this case, the

implicit reward function is r(x, y) = b log p q(yjx)
p ref(yjx) . Rafailov et al. [9] further showed that

all reward models based on the Plackett-Luce distribution [96,97], including Bradley-Terry,

can be expressed in this form. However the absence of an explicit reward model in DPO

limits its ability to sample preference pairs from the optimal policy. Zhao et al. [98] have

investigated augmenting preference data using a trained SFT policy and Liu et al. [99]

have done the same with a re�ned SFT policy with rejection sampling, enabling policy

learning from data generated by the optimal policy.

2A curious reader can check this blog: https://iclr-blog-track.github.io/2022/03/25/
ppo-implementation-details/
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Preference Under�tting in Of�ine Methods With the growing focus on of�ine alignment,

recent work has proposed various solutions to preference under�tting—a phenomena where

the LLM under�ts the true preference distribution due to in�nite rewards [100]. While the

bene�ts of of�ine vs. online learning are well-known, such under�tting often has practical

consequences. Multiple works [48, 49, 100, 101] have shown evidence that assuming

human preferences admit a Bradley-Terry formulation, certain pathologies of of�ine

objective functions like DPO's can lead policy degeneracy issues, where the LLM assigns

higher probability mass to tokens not present in the training data while reducing its

likelihood of generating “good” responses—both tendencies that go against the goals

of standard methods like DPO. Multiple directions have been proposed to resolve this

issue. These include learning from a con�dence set of rewards [48], adopting a general

preference model [49,50], or applying a straightforward regularization of the original DPO

objective [101]. All these approaches rely on a reference model, not only for expressing the

optimal policy as the analytical solution to the minimum relative entropy problem [102,103],

but also to stabilize training by constraining the policy distribution close to the reference

model. Munos et al. [50] suggest this constraint (policy divergence w.r.t. a reference model),

while theoretically sound, can make policies prioritize high rewards over truly learning

human preferences. As such, certain works avoid this constraint and focus on lightweight

“reference model-free” solutions using a careful construction of DPO-inspired Bradley-

Terry (BT)-based implicit rewards—such as logit-based [104], length-normalized [105], or

un-normalized implicit rewards [106]—or relative preference label strength [107]. Similarly,

efforts to learn policies from general preference models aim to reduce dependence on

the sampling distribution, a key limitation of BT models. [50], [108], and [109] use game-

theoretic approaches for robustness, while [110] propose a Chain-of-Thought (CoT) policy

with pairwise conditioning to improve alignment. However, these methods often suffer

from sample inef�ciency due to iterative sampling from approximate geometric mixtures

11



of policies [108], and while they mitigate dependence on the sampling distribution, they

do not model non-deterministic preferences in policy training.

Exploring Preference Optimization Objectives Various other preference optimization

objectives have been proposed in the literature. Ranking objectives facilitate comparing

multiple instances beyond just pairs [111 –114]. [104] and [115] investigate objectives that do

not require a reference model. [116] suggests a method that jointly optimizes instructions

and responses, demonstrating notable improvements over DPO. [117] focuses on post-

training extrapolation between the (SFT) model and the aligned model to enhance overall

performance. e-DPO [48] presents, in contrast to MLE-based DPO and given potentially

unlimited unlabeled samples, (x, y1, y2) � r a simple “distillation” loss that explicitly

regresses the implicit reward difference in DPO onto the true pointwise reward estimates

provided by an explicit reward model or a suite of reward models 3, as follows:

L distill (r � , p q; r ) = E r (x,y1,y2)

" �
r � (x, y1) � r � (x, y2) � b log

p q(y1 j x)(y2 j x)
p q(y2 j x)(y1 j x)

� 2
#

. (2.4)

Iterative sampling algorithms like rejection sampling are compute-intensive, and in this

work, we focus exclusively on of�ine settings—consistent with the goal that we want to

learn the broad range of preference signals that are often present in precollected preference

data. As such, in Chapter 3, we develop methods to adaptively learn from of�ine prefer-

ences data while decoupling our learning from a reference model-based KL-divergence

constraint, and deriving the objective of DRDO from knowledge distillation [118] and

focal-loss literature [119,120] with a novel contrastive log-unlikelihood objective that learns

preferences adaptively.

3Notably [48] propose two versions of this reward distillation loss, one with a single reward model, the other
with an ensemble of reward models. For simplicity of analysis, we only show the former here. For all our
experiments with e-DPO baseline in Chapter 3, we use the ensembled version of this loss.
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2.2 Misalignment of Rewards and Preferences

This section formalizes non-deterministic preferences and situates them within prior

work. We begin by showing, in a toy bandit setting (Section 2.2.1), how non-deterministic

preference pairs can cause reward-optimal and preference-optimal policies to diverge. In

particular, when preferences are modeled using a Bradley–Terry (BT) formulation [50],

preferences can be expressed as latent rewards; however, optimizing those rewards (as dis-

cussed in Section 2.1) may produce policies that are inconsistent with observed preferences

whenever even a small number of non-deterministic pairs are present. This bandit construc-

tion provides a concrete illustration of the reward–preference misalignment phenomenon

that reappears later in more realistic settings.

We then extend this analysis in Section 2.2.2 to realistic settings, examining how a

non-trivial fraction of non-deterministic preference pairs in widely used of�ine datasets

can limit standard alignment methods. We provide new theoretical results characterizing

failure modes in commonly used approaches such as DPO [9] (Proposition 1, Lemma 1)

and uncertainty-aware variants such as e-DPO [48] (Lemma 2) when trained on datasets

containing such signals. Related empirical studies have documented these instabilities at

scale [48,101,121]. Within our bandit example we brie�y illustrate the consequences; a full

treatment appears in Chapter 3.

2.2.1 Non-Deterministic Human Preferences in Bandit Settings

Assumptions and Setup Throughout this section, we consider a �nite action space A

(e.g., a discrete set of LLM responses) and a stochastic preference modelP : A � A ! [0, 1]

representing the probability that a human evaluator sampled from distribution H prefers

action y over y0. We assume preferences are obtained from a stationary distribution (i.e.,

the distribution over human annotators does not change over time) and that pairwise com-

parisons are conditionally independent given the actions. For concreteness, we illustrate
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key concepts using a bandit setting with jAj = 3, though our observations extend to larger

action spaces and sequential decision-making.

Deterministic vs. Non-Deterministic Preferences Not all preference pairs are equally

informative [122]. Some comparisons yield clear consensus (e.g., a well-written response is

strongly preferred over a grammatically incorrect one), while others are ambiguous (e.g.,

two equally good but stylistically different responses). We formalize this distinction:

De�nition 1 (Deterministic and Non-Deterministic Preference Pairs) . Fix a thresholde > 0.

A preference pair(y, y0) is:

• Deterministic if jP (y � y0) � 1/ 2j > e, indicating a clear preference direction favoring

either y or y0.

• Non-Deterministic if jP (y � y0) � 1/ 2j � e, indicating ambiguous, tie-like, or con�icting

preferences.

A preference modelP is fully deterministic if all distinct pairs (y, y0) with y 6= y0are determinis-

tic.

Intuitively, deterministic pairs provide strong signal about relative quality: if P(y �

y0) = 0.9, we can con�dently infer that y is superior to y0. Non-deterministic pairs, con-

versely, indicate that y and y0are roughly equivalent in quality, or that human preferences

are genuinely divided. In the extreme case where P(y � y0) = 1/ 2, there is no consensus

whatsoever. The choice ofe depends on the application. In high-stakes settings (e.g., safety-

critical LLM outputs), even small deviations from 1 / 2 might be considered deterministic

(e small). In creative domains where subjective preferences dominate, a larger e might be

appropriate to account for genuine diversity in human preference. Figure 2.1 illustrates

deterministic and non-deterministic preference models in our bandit setting with three

distinct actions, y1, y2 and y3 assuming e = 0.
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P1(y � y0) y = y1 y = y2 y = y3

y0= y1 1/2 9/10 2/3
y0= y2 1/10 1/2 2/11
y0= y3 1/3 9/11 1/2

(a) Strict preference matrix P1

P2(y � y0) y = y1 y = y2 y = y3

y0= y1 1/2 9/10 2/3
y0= y2 1/10 1/2 1/2
y0= y3 1/3 1/2 1/2

(b) Perturbed matrix P2 with non-
deterministic pair

Figure 2.1: Preference matrices illustrating how a single non-deterministic pair changes repre-
sentability under Bradley–Terry.

Preference Models Human preferences over actions are naturally represented through

pairwise comparisons [87, 96] via the Bradley-Terry-Luce (BTL) models. Rather than

assuming access to a ground-truth reward function, we work directly with a probabilistic

preference model from the literature in preference-based RL (PbRL) [122] that captures the

inherent uncertainty in human judgments.

De�nition 2 (Preference Model). A preference model P : A � A ! [0, 1] assigns to each

ordered pair of actions(y, y0) 2 A � A the probabilityP(y � y0) that actiony is preferred over

action y0. The model satis�es:

1. Normalization : P(y � y0) + P(y0 � y) = 1 for all y, y02 A

2. Self-consistency: P(y � y) = 1/2 for all y 2 A

The normalization condition ensures that preferences are coherent: if y is preferred over

y0with probability p, then y0is preferred over y with probability 1 � p. The self-consistency

condition re�ects that no action is strictly preferred to itself. Note that P represents the

distribution of preferences rather than deterministic rankings—different human annota-

tors may provide different judgments for the same pair (y, y0). Importantly, from the

perspective of LLM preference alignment, the preference model P(y � y0jx) represents

the probability that a randomly sampled human evaluator from some distribution H over

annotators prefers responsey over y0given prompt x. In practice, P(y � y0) is estimated

from empirical data [12,122]: if n annotators compare y and y0, and k of them prefer y, then
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P(y � y0) � k/ n. This empirical estimate captures both genuine disagreement among

annotators (some truly prefer y, others prefer y0) and measurement noise.

The Bradley-Terry Model and Reward-Based Representations

Most modern preference learning methods, including DPO [9] and RLHF [72], implicitly

or explicitly assume that preferences can be explained by an underlying reward function.

The Bradley-Terry (BT) model formalizes this assumption:

De�nition 3 (Bradley-Terry Model) . A preference modelP admits a Bradley-Terry represen-

tation if there exists a reward function R: A ! R such that for all y, y02 A :

P(y � y0) =
exp(R(y))

exp(R(y)) + exp(R(y0))
= s(R(y) � R(y0)) (2.5)

wheres(x) = 1/ (1 + e� x) is the logistic sigmoid function.

The BT model posits that each action y has an intrinsic “quality” score R(y) [123], and

the probability that y is preferred over y0 depends only on the difference R(y) � R(y0).

This is an elegant and parsimonious model: instead of storing jAj 2 preference probabilities,

we need only jAj reward values (up to a constant shift, since only differences matter).

Bradley–Terry Incompatibility with Non-Deterministic Preferences However, non-

deterministic preferences as in De�nition 1 challenge the robustness of the BT model. If

P(y � y0) = 1/ 2 for distinct actions y 6= y0, then necessarily exp(R(y)) = exp(R(y0)) ,

implying R(y) = R(y0). Consequently, any non-deterministic preference constraint of this

form forces equality of rewards. However, when such a constraint coexists with other

preference relations that require R(y) 6= R(y0), the preference model becomes incompati-

ble with any BT representation. For example, in the bandit setting of Figure 2.1 (b), the

constraint P2(y2 � y3) = 1/ 2 enforcesR(y2) = R(y3), while P2(y2 � y1) = 9/ 10 implies

R(y2) � R(y1) = log(9) and P2(y3 � y1) = 2/ 3 implies R(y3) � R(y1) = log(2), which

cannot be simultaneously satis�ed. As a result, the BT model must systematically violate
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at least one preference constraint, leading to misspeci�ed reward functions whose learned

values depend sensitively on the data distribution used during training. Such misspec-

i�cation undermines downstream policy optimization and is particularly problematic

in LLM alignment, where small reward modeling errors can induce unstable or unsafe

behaviors [81].

Policy Optimization Under Preferences Having de�ned both deterministic and non-

deterministic preference models and the Bradley-Terry model, we now formalize two

distinct optimization objectives: maximizing expected reward versus maximizing pref-

erence probability. These objectives can diverge signi�cantly when preferences are non-

deterministic. We will use these quantities of interest in Lemma 3.

De�nition 4 (Expected Reward). Theexpected reward of a policyp 2 D(A ) under a reward

function R : A ! R is:

Ey� p [R(y)] = å
y2A

p (y)R(y) (2.6)

This is alinear function of the policy that aggregates individual action rewards weighted by

selection probabilities.

Expected reward directly measures policy quality under the assumption that actions

have intrinsic values R(y). Optimizing Ey� p [R(y)] prioritizes actions with high individual

rewards, independent of how they compare to other actions.

De�nition 5 (Preference Probability). Thepreference probability that policyp is preferred

over policyp 0under preference modelP is:

P(p � p 0) = å
y2A

å
y02A

p (y)p 0(y0)P (y � y0) (2.7)

This is abilinear (non-linear) function of the policies that captures pairwise preference interactions

between sampled actions.
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Preference probability measures how often samples from p are preferred over samples

from p 0 in head-to-head comparisons [49,50,124]. Unlike expected reward, this objective

is inherently comparative: it depends on the matchup[125] between actions from p and p 0,

not just their individual qualities. An action with moderate reward but strong pairwise

preferences (i.e., it beats many other actions) may be favored by the preference objective

even if it does not maximize expected reward. The linear nature of Ey� p [R(y)] means

that improving the policy simply requires shifting probability mass toward high- R(y)

actions. In contrast, the bilinear form of P(p � p 0) creates strategic interactions: the

optimal p depends on the distribution p 0(e.g., the reference policy or opponent strategies).

This structural difference can cause arg maxp E [R(y)] and arg maxp P(p � p 0) to diverge,

particularly under non-deterministic preferences. We show this formally in Lemma 3 in

Chapter 3. In Proposition 4, we provide some analysis of this dependence of the BT model

rewards on the sampling distribution, for a more general class of perturbed distributions

compared to [50].

2.2.2 Non-Deterministic Human Preferences in Of�ine Preference Data

The bandit construction in Section 2.2.1 demonstrates that, under non-deterministic

preferences, reward-optimal and preference-optimal policies can diverge. Importantly,

this phenomenon is not unique to synthetic examples. Modern of�ine alignment datasets

contain substantial fractions of weak, ambiguous, or con�icting preference judgments,

meaning that the same structural misalignment arises in practice. This effect is empirically

illustrated in Figure 3.2 of Chapter 3, which analyzes preference strength distributions in

widely used alignment benchmarks such as UltraFeedback and Reddit TL;DR.

Following Bradley and Terry [87], Rafailov et al. [9] and other preference optimization

frameworks posit that the relative preference of one outcome over another is governed by

the true reward differences, expressed as p� (y1 � y2) = s(r1 � r2), where p� is the true

preference distribution. Generally, in the RLHF framework, the true preference distribution
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is typically inferred from a dataset of human preferences, using a reward model r that

subsequently guides the optimal policy learning. More importantly, to estimate the rewards

and thereby the optimal policy parameters, the critical reward modelingstage involves

human annotators choosing between pairs of candidate answers (y1, y2), indicating their

preferences.4 As such, typical alignment methods assume that p(yw � yl jx) (the human

annotations of preference) is equivalent to p� (y1 � y2jx) or any ranking or choice thereby

established with the human decisions. However, prospect theory and empirical studies in

rational choice theory suggest that human preferences are often stochastic, intransitive,

and can �uctuate across time and contexts [126–128].

Existing direct alignment methods, such as DPO-based supervised alignment, assume

access to deterministic preference labels, disregarding the inherent variability in human

judgments, even when popular preference datasets are inherently annotated with such variabil-

ity, noise, or “non-deterministic preferences” given their provenance in human labeling.More

importantly, such implicit trust in the preference data by DPO-like algorithms, without

explicit instance-level penalization on the loss, can cause policies that are trained to deviate

from true intentions of human preference learning. We show this formally in Lemma 1

and Lemma 2. In many preference datasets, a signi�cant proportion of preference pair

annotations display low human con�dence, or receive similar scores from a third-party

reward assignment models (e.g., GPT-4) despite being textually different, indicating that

the two responses are likely semantically similar or similar in intent, content or quality.

Note that we consider non-deterministic preference samples to be distinct from noise

present as �ipped labels [129,130], which is typically resolved using label-smoothing based

heuristics, data exclusion or prior knowledge of noise coef�cients in the data in preference

learning. Such discrepancies in preference signals can similarly derail reward learning and

limit reward models from reaching a consensus, even with majority voting with reward

ensembles [130]. In data-driven preference learning from of�ine datasets, these cases

4This framework can be extended to rank multiple responses using the Plackett-Luce model.
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re�ect the stochastic nature of human choices, and challenge the assumption of stable,

deterministic preferences in alignment frameworks.

We now formally de�ne such “noisy” or non-deterministic preference labels in of�ine

�nite preference data regimes and offer some insights into limitations of current approaches

like DPO and e-DPO. For the sake of analysis, we still consider a Bradley-Terry-based

modeling to represent such preference signals. All proofs are deferred to the appendix.

Assumption 1. LetDpref = f (x( i) , y( i)
w , y( i)

l )gN
i= 1 be an of�ine dataset of pairwise preferences with

suf�cient coverage, where eachx( i) is a prompt, andy( i)
w andy( i)

l are the corresponding preferred

and dispreferred responses, respectively. Letr � (x, y) 2 R be an underlying true reward function

that is deterministic5 and �nite everywhere. Letp q� (y j x) be the learned model andp ref(y j x)

the reference, withsupp(p ref) = Y . Assumesupp(r ) = supp(m) � Y � Y , whereY is the space

of all responses,r is the data distribution, andmis the prompt or context distribution.

Proposition 1 (Non-Deterministic Preferences). For the subset of non-deterministic preferences

de�ned asDnd = f (x, y, y0) j P(y � y0 j x) � 1/ 2g and assuming antisymmetric prefer-

ences [50], the Bradley-Terry model implies that the reward differenceDr = r(x, y) � r(x, y0) � 0

for all (x, y, y0) 2 D nd. Consequently, the expected reward difference over this subset is also

E (x,y,y0)�D nd
[Dr ] � 0. See Section A.1 for a complete derivation.6

Lemma 1. Under Proposition 1, the following hold:

(a) The DPO implicit reward difference in its objective satis�es

p q� (y) p ref(y0)
p q� (y0) p ref(y)

! 1,

which leads to the policy empirically under�tting the preference distribution.

5Deterministic and non-deterministic preferences are only de�ned on the true preference distribution p� and
should not be confused with the empirical probabilities or con�dence assigned by the policy. The use of
"deterministic" here is simply to imply that the true reward function r � (x, y) is �nite and scalar.

6For clarity, we note that this Proposition 2 is distinct from Proposition 2 from [50] that is referenced above.
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(b) ForjDndj � N, where N is �nite, if DPO estimates that p� (y � y0) = 1, then

p q� (y) p ref(y0)
p q� (y0) p ref(y)

! ¥ .

(c) For all minimizersp q� of the DPO objective (Eq. 7 in [9]), it follows that

p q� (yl ) ! 0 and p q� (C(yl )
c) ! 1,

whereC(yl )c denotes the complement of the set of dispreferred responses y( i)
l , 8i 2 N .

Given non-trivial occurrences of non-deterministic preference pairs in typical preference

learning datasets, a consequence of Lemma 1 is that DPO's learned optimal policy can

effectively assign non-zero or even very high probabilities to tokens that never appear

as preferred in the training data, causing substantial policy degeneracy. Moreover, as

noted and shown empirically in previous work [101,131], DPO effectively under�ts the

preference distribution because its empirical preference probabilities are only estimates

of the true preference probabilities, especially when p� (y � y0) 2 f 0, 1g. A noteworthy

implication of Lemma 1 is that this weak regularization effect of DPO can theoretically

assign very high probabilities to the complement set of dispreferred tokens that never

appear in the training data at all, especially when jNnd j � N for �nite data regimes. In

realistic settings where non-deterministic preferences constitute a non-trivial proportion of

data, Lemma 1 additionally implies that DPO leads to unstable updates and inconsistent

policy behavior, where the gradient update is effectively cancelled out for these samples

since the log probabilities of both the winning and the losing responses are roughly equal

(Dr � 0), so the scaled weighting factor (sigmoid of implicit reward differences) does not

contribute as much as when p� (y � y0) 2 f 0, 1g. As stated in Section 3.2, with DPO, p q�

not only sees less of this type of preference but also fails to adequately regularize when it

does.
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A solution to the above limitations of DPO within of�ine settings is to recast its MLE

optimization objective into a regressiontask, where the choice of regression target can be

the preference labels themselves (as in IPO; [131]) or reward differences (as in e-DPO; [48]).

While the former directly utilizes preference labels, regressing the log-likelihood ratio

p ratio to the KL- b parameter as de�ned in Eq. 7 in [9], the latter extends IPO by regressing

against the difference in true rewards r � (x, y), independent of explicit preference labels

and acting as a strict generalization of the IPO framework. Notably, both these methods

ensure that the resulting policy induces a valid Bradley-Terry preference distribution

p� (y1 � y2 j x) > 0, 8x, y1, y2 2 m� Y � Y .

However, these approaches have inherent limitations. IPO regresses the log-likelihood

difference on a Bernoulli-distributed preference label, failing to capture nuanced strength

in relative preferences. Conversely, e-DPO eliminates preference label dependence but

sacri�ces the granular signals available in preference data, instead over-relying on the

quality of reward ensembles, which may still lead to over-optimization [91]. 7 Consider the

following lemma that derives from Assumption 1 and Proposition 1:

Lemma 2. Under Proposition 1 and in the spirit of [48]'s argument, using e-DPO alignment over

non-deterministic preference pairs leads top q� (y)p ref(y0)
p q� (y0)p ref(y) ! ¥ for (y, y0) 2 D nd wherey = y( i)

w

and y0= y( i)
l , 8i 2 N . Then, for all minimizersp q� of the e-DPO objective:

L distill (r � , p q; r ) = E r (x,y1,y2)

h�
r � (x, y1) � r � (x, y2) � b log

p q(y1 j x)(y2 j x)
p q(y2 j x)(y1 j x)

� 2i
, (2.8)

it follows that p q� (C(yl )c) ! 1 with 0 < p q� (y( i)
w ) � 1, 8i 2 N , whereC(yl )c denotes the

complement of the set of dispreferred responsesy( i)
l , 8i 2 N . See Section A.1 for a complete

derivation.

7Furthermore, the use of reward ensembles in e-DPO introduces signi�cant computational overhead, poten-
tially limiting its broader applicability due to increased resource requirements.
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These analyses suggest that modeling relative preference strengths during the policy

learning stage—particularly at the extrema of the preference distribution—is problematic

only when using a DPO-style MLE objective that maximizes implicit reward differences

via likelihood ratios. In contrast, the MLE formulation used during the reward modeling

stagedoes not suffer from this limitation, since rewards are estimated as scalar quantities

and do not appear inside a likelihood ratio, provided suf�cient coverage in the preference

data. Since both stages rely on the same �nite preference dataset—re�ecting a range of

human preference strengths—this observation motivates combining them by explicitly

distilling rewards into the policy learning stage. Assuming access to an oracle or the true

reward function r � (x, y), one can resolve these objective-induced limitations by directly

distilling estimated rewards into the policy model. In Chapter 3, we leverage this insight to

derive an of�ine alignment objective in which the LLM simultaneously learns to estimate

rewards and align its policy, thereby avoiding the structural pathologies associated with

DPO-style likelihood maximization.

2.3 Collaborative Problem Solving with LLMs

In Section 2.1 and Section 2.2, we discussed the background of of�ine alignment meth-

ods and some of their limitations, both in general and in the presence of non-deterministic

preferences. Most of this discussion assumed contextual bandit settings (i.e., single-turn

optimization, the dominant paradigm for methods like DPO [9] and IPO [49]) for de�ning

the problem of aligning LLMs with human preference. In this setting an LLM generates a

response, receives immediate feedback, and the interaction terminates. These assumptions

are well suited for training models to perform effectively on simpler tasks such as question

answering and summarization.

In contrast, more complex phenomena such as collaboration [65] require drawn-out

interactions or sustained conversations, where these assumptions no longer hold. In par-

ticular, single-turn preference alignment breaks down in multi-party collaborative settings

23



because agent actions shape the future belief states of other participants, leading to belief

misalignment that requires belief-aware modeling. Such dynamics cannot be captured by

standard bandit formulations or conventional MDP abstractions [45]. Moreover, modeling

language or dialogue generation as a standard MDP is insuf�cient in collaborative settings,

as it fails to represent the evolution of beliefs and the formation of common ground that

characterize realistic multi-agent collaboration. In this section, we formalize this intuition

by introducing friction as a generative paradigm for belief-aware LLM alignment in collab-

orative settings, and de�ne the core conceptual notions used throughout this dissertation,

including common ground, friction interventions, and frictive states.

The Belief Misalignment Problem in Small-Group Collaboration Collaborative tasks

introduce a fundamental challenge absent from single-turn or even dyadic (user-assistant)

settings: belief misalignment across multiple participants. For example, when a student incor-

rectly believes proposition p while their peer has evidence against p, this creates africtive

state[27]—a moment where misaligned beliefs about task-relevant propositions threaten

to derail progress. Unlike simple disagreements, frictive states require an intervention to

help participants rebuild common ground[25] by prompting re�ection rather than asserting

correctness. Critically, such interventions are mediated: the intervening agent does not

directly affect the task outcome but in�uences it throughthe responses of other collabo-

rators, whose beliefs and subsequent actions determine whether the impasse is resolved.

This mediated structure—where Agent A's action modi�es Agent B's action before the

environment responds—cannot be captured by standard MDPs, which assume actions

directly affect state transitions.

Why Existing Methods Fall Short Multi-turn alignment methods address some limi-

tations of single-turn approaches but remain inadequate for small-group collaboration.

Online methods like CollabLLM [45] leverage causal modeling for collaborative coding

and document editing, while game-theoretic approaches [50,109] use Nash equilibria to
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address data-dependence in Bradley-Terry models. However, these methods focus on

dyadicuser-assistant interaction and assume symmetric agents, making them ill-suited for

heterogeneous small-group settings where an intervention agent must coordinate beliefs

among multiple collaborators. Roleplay-based approaches [60,61] assign static roles via

prompts and have been applied successfully to software engineering [60], negotiation [132],

and medical applications [133], but remain fragile inference-time strategies [63] that lack

principled credit assignment [64] or mechanisms to model how interventions propagate

through collaborator beliefs to affect future rewards [124]. Moreover, multi-agent reinforce-

ment learning (MARL) [56] frameworks remain limited in LLM applications [57,58] due to

instability from asymmetric rollouts and the prohibitive cost of training heterogeneous

agents with policy-gradient methods.

Friction as a Generative Paradigm for Belief-Aware Alignment To address these gaps,

we introduce friction interventionsas a generative paradigm for training intervention

agents—here, AI systems that intervene in small-group collaborative task dialogues.

Unlike standard alignment objectives that maximize immediate preference satisfaction,

friction-oriented alignment optimizes for belief convergence—measured by growth in com-

mon ground [25]—by training agents to introduce strategically timed utterances that

prompt participants to reevaluate assumptions. This requires moving beyond standard

MDP formulations to Modi�ed-Action MDPs (MAMDPs) [66], which explicitly model

the mediating role of collaborators: the intervention agent's action af is transformed

by the collaborator's response ac(af ) before affecting the environment, creating a chain

s
af
�! s0

ac(af )
���! s00where credit assignment must account for both the intervention and its

mediated effect. The remainder of this section formalizes these concepts through de�ni-

tions of frictive states, friction interventions, and common ground, then introduces the

MAMDP framework used throughout Chapters 4, 5, and 6.
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2.3.1 Friction as a Generative Paradigm

We now formalize the core concepts underlying friction-oriented alignment. Intuitively,

frictive statesare moments where misaligned beliefs threaten collaborative progress, and

friction interventionsare utterances that resolve such states by prompting participants to

reevaluate assumptions. Success is measured by growth incommon ground[25]—the set

of task-relevant propositions that participants mutually accept and treat as shared for

coordination. Below we provide formal de�nitions, followed by the MAMDP framework

that models the mediated structure of interventions.

De�nition 6 (Common Ground) . Following [25, 26], we de�necommon ground (CG) as

the set of task-relevant propositions that are mutually accepted by all participants and publicly

treated as shared for the purpose of coordinating action. In collaborative task settings, CG is

restricted to propositions whose truth values directly affect task progress or solution quality. A

proposition belongs to the CG at dialogue turnt if all participants exhibit convergent beliefs toward

it, and if this convergence is evident from their communicative behavior. For practical evaluation of

collaborative dialogues in Chapter 5 and Chapter 6, we approximate common ground by tracking

the set of task-relevant propositions on which participants exhibit convergent stances over time,

and computing the expected size of this set across dialogue turns.

De�nition 7 (Frictive State). A frictive state arises during a collaborative task when different

interlocutors have contradictory beliefs about a task-relevant proposition (i.e., one believesp and

another sees evidence againstp). This can be realized as a formal model of agent beliefs in an

evidence-based dynamic epistemic logic [134,135], or a natural language description thereof, as

we use. Different evidence leads to different predictions of future trajectories [136]. Thus frictive

states, though sparse in dialogues, can critically delay or preclude success in a collaboration due to

unresolved misunderstandings. The occurrence of a frictive state may not guarantee task failure,

as the relevant propositions may be trivial to actual task completion. Therefore, in a functionally

frictive state, the lack of common ground impedes progress on the task, or presents a signi�cant risk

of failure unless it is resolved.
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De�nition 8 (Friction Intervention) . Friction can indicate an impasse (the frictive state), but

can also be used to resolve it, through a friction intervention that inserts into the dialogue indirect

prompting to the participants to reevaluate their beliefs and incorrect assumptions or positions

in light of available evidence [137], rather than accepting possibly erroneous presuppositions

inherent in the dialogue. Importantly, a frictive intervention may be non-contradictory to the

individual beliefs on display (i.e., neither assertingp nor : p), but slows down the dialogue for

re�ection and deliberation, such as the probing utterances in [8] and [138]. In the context of this

dissertation, the friction agent constitutes a language model aligned toward the capacity to make

frictive interventions.8 An ideal friction agent does not intervene arbitrarily, which would cause

distraction in collaborative tasks, but is conditioned to resolve the lack of common ground between

human collaborators.

Not all frictive states are functionally frictive in an external sense. Some re�ect internal

friction—such as reasoning processes [139], information retrieval (e.g., RAG [140]), or

test-time computation [141]—that need not be externally resolved. Others may be resolved

through communication [142] or learned conventions [143] without intervention. A frictive

state becomes functionally relevant when its presence threatens collaborative success and

is exposed in dialogue, such that an LLM can decode it from interactional signals and

condition an appropriate intervention. As such, the above de�nitions of frictive states and

frictional interventions are “operational” de�nitions of friction in human-AI collaboration.

Friction creates opportunity for negotiation of intents toward a common goal, and space

for accountability and collaborative reasoning. These moments may result in a net slower

interaction, but are critical to eventual task success. The study of friction has broad

applicability to �elds like discourse studies, team science, and education [144 –146], and

is something we believe the NLP community would do well to invest effort in. Counter

to AI being sold as a speed and ef�ciency multiplier, our formulation of alignment to

8We usep f to denote the friction agent which generates high-quality interventions, but often refer to it as
the "optimal policy" for consistency with RLHF literature.
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specialize in friction shifts LLMs from mere responders to being "thought partners,"

and sets a new standard for dynamic, dialogue-centric environments. Finally, in the

context of this dissertation, the terms friction intervention agent, intervention agent

or intervening agent all refer to the same LLM role: a collaborator whose purpose is

to introduce strategically timed utterances that encourage participants to rethink, cross-

examine, or clarify their assumptions while engaging in a collaborative task.

Field Content

Dialogue History
(x)

P1: i guess if red block red one's ten grams
P2: we got red ten
P1: seems like red block, blue block might be about the same
P3: i would agree yeah so blue block one's ten
P3: Alright let's see if we can �nd a twenty
P3: Too heavy so
P2: Way too heavy
P2: this is a sensitive scale
P2: Looks like about twenty
P1: that's looking pretty even
P3: Alright let's see if we can �nd a thirty
P1: so yellow block one is noticeably heavier than
P2: probably yellow block big sucker
P1: the purple ish one
P1: making sure that purple block didn't have the weight at the bottom
P2: it's just stuff written at the bottom that's a so red block, green block's a ten and a twenty right now right that's
looking
P2: Well
P2: red block, blue block, green block, yellow block, purple block're increments of ten i would say that's probably
P1: Yeah I think
P2: cause purple block's also a twenty let's double check that purple block's not also a twenty
P1: yeah it looks a little
P2: cause it um just purple block one there
P3: is blue block one a twenty
P2: ok so purple block's more than twenty but it almost seems like the thirty takes it past but
P2: it's so sensitive
P2: if red block, blue block, green block, yellow block, purple block're only in increments of ten purple block has to
be

Frictive state ( f ) P2 initially identi�ed the red and blue blocks as both 10 grams and has speculated about the green at 20 grams, but
is uncertain about the actual weights of the yellow and purple blocks.

Rationale P2 suggests that the red, green, and yellow blocks are all in increments of ten. Encourage a double-check.

Preferred Friction
( fw)

Since the purple block seems heavier and we're unsure about its exact weight, should we double-check the
increments of ten assumption? Maybe the purple block doesn't �t this pattern.

Dispreferred Fric-
tion ( fl )

You know, the purple block being heavier might actually mean the blocks aren't increasing consistently at all. What
if the increments are random, like 10, 15, or 25 grams, and we're forcing a pattern that isn't there?

Table 2.1: A transcribed, sparse collaborative dialogue from the Weights Task Dataset [1] with
frictive states and friction interventions. Preferred and dispreferred friction interventions are shown
at the bottom. Positive friction interventions prompt participants to reevaluate their assumptions
with frictive states (evolution of beliefs and rationales) providing indirect hints and directions. Here,
P2's uncertainty about the green block and assumption of weight increment by 10g is addressed by
the positive friction. In contrast, the dispreferred intervention introduces randomness, instigating
the group to abandon structured reasoning.
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Illustrative Example of Friction Table 2.1 shows a sample friction annotation and training

sample from the Weights Task Dataset [1], consisting of the dialogue history x, GPT-4o-

generated frictive state f , rationale, and preferred and dispreferred friction interventions

fw and fl . Because the WTD is a multimodal dataset, the transcriptions we use are enriched

using dense paraphrasing[147], a textual enrichment technique that uses the multimodal

channels to decontextualize referents and in this case transform contextually-dependent

phrasings such as demonstratives to explicit denotations of the content. For example,

under dense paraphrasing, "seems like thesemight be about the same" while the speaker in

the video is pointing to the red and blue blocks becomes "seems like red block, blue block

might be about the same." The dense paraphrased utterances are included as part of the

publicly-available WTD [1,7].

Generative Friction vs. Friction as UI Scaffolds We must clarify what we mean by

"friction" in collaborative AI systems, as the term has been used in distinct ways across

the literature. Recent work has explored friction as UI scaffolding [2]—deliberate design

elements like extra clicks, delays, or stop-signs that increase the effort required to access

LLM outputs. These interventions aim to reduce algorithm appreciation and over-reliance

by imposing barriers between users and AI-generated content. While valuable for encour-

aging thoughtful LLM use, this approach treats friction as a post-hoc remediation: the

LLM has already been trained to provide immediate, frictionless responses, and external

scaffolding is added afterward to counteract this behavior. Our work treats friction as a

learned generative capability, not an interface constraint. We treat friction as a �rst-class train-

ing objective rather than an after-the-fact mitigation strategy. In our formulation, friction is

not something imposed on the LLM-user interaction through interface design, but rather

something the LLM learns to generate as part of its collaborative capability. Speci�cally,

we de�ne friction interventions as utterances that prompt collaborators to re�ect on and

revise beliefs when the system detects misalignment on task-relevant propositions—what
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we term frictive states. Rather than preventing access to LLM outputs, our friction agents

actively participate in dialogue by generating interventions conditioned on the collabo-

rative state. This distinction has important implications. UI-based friction operates at

the interaction layer, agnostic to the underlying beliefs or task state—a stop-sign appears

regardless of whether slowing down would actually bene�t the collaboration. In contrast,

our approach operates at the generation level: the LLM learns to recognize when belief

misalignments exist and produces language that addresses those speci�c misalignments.

This requires modeling the collaborative state and treating friction not as a barrier to over-

come, but as a deliberative move in a sequential decision-making process. Moreover, UI

scaffolding addresses symptoms (over-reliance) rather than causes (the LLM's inability to

detect when immediate answers would be counterproductive). Our training-time approach

addresses the root issue: teaching LLMs to identify situations where deliberation serves

the collaboration better than immediate completion. This enables friction to be adaptive,

context-dependent, and semantically grounded in the actual beliefs at play—capabilities

impossible to achieve through interface design alone. Table 2.2 provides details on these

two distinct paradigms from multiple dimensions.

Friction as Options [148] Our friction framework can be understood through the lens of

the options framework from hierarchical reinforcement learning [148,149]. In this view,

friction interventions are “macro-actions” or temporally-extended actions that compose

complete utterances, where the most granular action level remains the LLM's token. An

option is formally de�ned by three components: an initiation set (states where the option

can begin), an intra-option policy (behavior during execution), and a termination condition

(when the option ends). We now characterize friction interventions according to these

three components.

The initiation set is determined by frictive states—friction interventions are generated

only when the dialogue reaches a state of belief misalignment. Rather than training
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Dimension UI Scaffolding Friction [2] Generative Friction (Our Work)

Intervention Point Post-deployment (interface
layer)

Training-time (model capability)

Mechanism Barriers (clicks, delays, stop-
signs)

Generated language (probing
questions, clari�cations)

Context Awareness Agnostic to task/belief state Conditioned on frictive states

Goal Reduce over-reliance Resolve belief misalignments

Adaptation Static (same friction for all con-
texts)

Dynamic (state-dependent inter-
ventions)

Problem Addressed Symptom (over-reliance behav-
ior)

Cause (lack of collaborative
awareness)

Table 2.2: Contrasting paradigms of friction in AI systems. UI scaffolding friction [2] imposes
post-deployment barriers through interface design to discourage LLM over-reliance, operating
agnostic to the underlying task or belief state. In contrast, our generative friction approach [3]
treats friction as a training-time objective, where LLMs learn to produce frictive state-aware
interventions that resolve belief misalignments in collaborative dialogue. While both approaches
aim to encourage thoughtful LLM use, they differ fundamentally in timing (post-deployment
vs. training), mechanism (prohibitive barriers vs. generative language), and problem framing
(mitigating symptoms vs. addressing root causes).

a separate classi�er to detect such states, we leverage the LLM's in-context learning

capability [150] for generating these interventions in Chapter 4. Given high-�delity frictive

state descriptions f (either self-generated by expert LLMs or human-annotated), the model

identi�es belief misalignments directly from dialogue context and conditions its generation

accordingly. If no misalignment is detected, the LLM produces output indicating that no

intervention is necessary; when misalignment exists, it generates a friction intervention

conditioned on the frictive state f .

Critically, this state-conditioned initiation set addresses a fundamental limitation of

�xed-length macro-actions [151]: contextual appropriateness. While n-gram macro-actions

reduce decision frequency uniformly across all contexts, friction-as-options extends tem-

poral abstraction only when belief misalignment warrants it. This prevents unnecessary

abstraction during smooth collaboration—where �ne-grained token-level control may be

bene�cial—and applies coarser temporal scales only when collaborative state complexity

demands intervention. In other words, the granularity of decision-making adapts dynami-
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cally to the collaborative state, implementing a form of adaptive temporal abstractionabsent

in �xed macro-action schemes for language tasks.

The policy , as we formalize in Chapter 5, continues to operate over tokens at the most

granular level, but Bellman optimality is preserved at the full utterance level (the complete

option) under standard assumptions of Bellman completeness for Q-functions over softmax

policies [46]. While token generation follows the standard sequential autoregressive

process conditioned on the frictive state, the macro-level decision—whether and what type

of intervention to initiate—operates at the utterance level. The termination condition is

naturally de�ned by linguistic coherence: the option terminates when the intervention

utterance completes, marked by the end-of-sequence (EOS) token. Intuitively, once the

EOS token achieves the highest likelihood of being sampled, the termination condition is

satis�ed. This differs fundamentally from arbitrary n-gram termination used in standard

macro-action approaches [151], as it respects the semantic and pragmatic completeness of

the intervention rather than imposing �xed temporal boundaries.

2.4 Modi�ed-Action MDPs in Collaboration

Having de�ned our novel concepts of frictive states (De�nition 7) and friction inter-

ventions (De�nition 8), we now formulate the core problem of modeling the collaborative

dynamics in the presence of a friction intervention agent. Speci�cally, in our collaborative

setting, a FRICTION AGENT (p F) is an LLM aligned to generate strategic friction inter-

ventions for resolving frictive states, while collaborator agents ( p C) are LLM instances

engaged in the multiparty collaborative dialogue.

Figure 2.2: Interaction dynamics between
the friction intervention agent ( p F) and col-
laborator agent (p C) in the collaborative
MAMDP. The collaborator modi�es or rein-
terprets interventions before seeking envi-
ronmental reward.

We identify a crucial gap in training an op-

timal friction intervention agent in this sce-

nario: standard Bellman-optimal policies—that

preference alignment algorithms seek to re-

trieve—assume a direct mapping from action to
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state change, which breaks down when actions

are mediated by other agents. To address this,

we adopt the Modi�ed-Action MDP (MAMDP)

framework [66], which explicitly models how interventions are transformed before in�u-

encing the collaborative dialogue.

Formally, an MAMDP consists of a 6-tuple M f = ( S, A , PS, PA , R, g), or equivalently,

the 5-tuple of a standard MDP with additional parameter PA . The state space(s 2 ) S

represents the dialogue history H t as token sequences terminating at timestept, the action

space(a 2 ) A contains candidate actions (utterances in the dialogue) sampled from an

underlying distribution, and the state transition function PS is deterministic [46] 9.

Now assume a FRICTION AGENT p F
q (an LLM with parameters q). Let PA (ajs, p F) =

å a02 A p F(a0js) � p C(ajs, a0) represent the modi�ed probability distribution 10 over collabo-

rator actions, where p F suggests friction intervention a0 in state s, and p C represents the

collaborator's policy for responding with action a given the state and friction suggestion.

Following standard notation, the reward R(s, a) is an expected utility, and discount factor

g = 1. Figure 2.2 shows the dynamics of our collaborative setting within the MAMDP.

Unlike standard MDPs [32], the actions (e.g., utterances or questions) of the friction in-

tervention agent p F does not immediately affect the environment for the system to get a

reward. These are modi�ed by the collaborator p C before in�uencing the collaborative

dialogue state. In effect, this constitutes another form of friction: the collaborator mediates

the intervention rather than blindly accepting it, a phenomenon commonly seen in real

human collaborations. We now consider the following example for illustrative purposes.

9By deterministic, we mean that the next state is formed by concatenating the current state and the action,
including modi�ed actions in the LLM's prompt.

10The key distinction from standard MDPs is that p F does not control the action that affects state transi-
tions—it only in�uences it through suggestions a0, while p C ultimately determines the executed action
a.
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2.4.1 The MAMDP Optimization Problem

Example 1 (Action Modi�cation in DeliData Wason Card Task ). In the Wason card

selection task [152] as collected in the DeliData dataset [8], collaborators must decide which

cards from a set (e.g.,f U, S, 8, 9g) to �ip to test the rule: All cards with vowels on one

side have an even number on the other.Each player comes up with a solution individually

and the group then deliberates to come to a consensus. The correct solution here is to �ipU

and9; this would establish ifU's reverse is an even number, and the contrapositive (if9 has a

consonant). Two participants' initial solution might be to �ip onlyU while the other proposes

�ipping 8. In this setting, the dialogue history is the states, theFRICTION AGENT 's proposed

intervention (or action) isa, and the collaborators' reinterpretation is the transformationPA .

Supposep F's interventionaF
t proposes checking an odd number as the rule does not single out

vowels and even numbers only. In the MAMDP setting, the collaboratorp C responds with an

actionaC
t that interprets the semantics ofaF

t , either faithfully or with some modi�cation, such

as checking U,9 and8.

Having de�ned the collaborative MAMDP framework, we now formalize the problem

of �nding an optimal friction intervention policy p F
� . The core challenge is that rewards

depend on the collaborator's actual actions (a), not the friction agent's suggestions ( a0). This

creates a fundamentally different optimization problem than standard RL settings [32,89].

Optimal Policy Objective The optimal friction policy p F
� solves:

p F
� = arg max

p F
E t � (p F,p C,PS)

"
¥

å
t= 0

g t R(st , at )

#

(2.9)

where trajectories t = ( s0, a0
0, a0, s1, a0

1, a1, . . .) are generated by the following process:

1. Friction agent suggests : a0
t � p F(�jst )

2. Collaborator responds : at � p C(�jst , a0
t )
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3. Reward received : R(st , at ) (based on collaborator's action)

4. State transitions : st+ 1 = PS(st , at ) (determined by collaborator's action)

The key distinction from standard MDPs is the separation between the friction agent's

chosen actiona0
t and the action at that actually affects rewards and state transitions. The

friction agent can only suggestinterventions; the collaborator mediateshow these sug-

gestions translate into actual dialogue progression. The friction agent's in�uence on the

collaboration is captured by the action modi�cation distribution PA , which marginalizes

over all possible friction suggestions:

PA (ajs, p F) = å
a02A

p F(a0js) � p C(ajs, a0) (2.10)

Intuitively, this equation answers the question: “What is the probability that we observe

collaborator action ain state swhen the friction agent uses policy p F?” The answer requires

summing over all possible friction suggestions a0the agent might make, weighted by (1)

how likely the agent is to suggest a0, and (2) how likely the collaborator is to respond with

a given that suggestion. For example, if the friction agent might suggest either “Have we

considered all the cards?” (a0
1, probability 0.6) or “Let's think about the contrapositive” ( a0

2,

probability 0.4), and collaborators respond to a0
1 with “You're right, let me reconsider” ( a1)

with probability 0.7, while they respond to a0
2 with a1 with probability 0.5, then:

PA (a1js, p F) = 0.6� 0.7+ 0.4� 0.5 = 0.62

Value Function Formulation. The value function for policy p F at state s is de�ned as the

expected cumulative reward from that state forward:

Vp F
(s) = Ea� PA (�js,p F)

h
R(s, a) + g � Es0� PS(�js,a)

h
Vp F

(s0)
ii

(2.11)
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Expanding the action modi�cation distribution PA , we obtain:

Vp F
(s) = å

a02A
p F(a0js) �

"

å
a2A

p C(ajs, a0) �
�

R(s, a) + g � Vp F
(PS(s, a))

�
#

(2.12)

Breaking down the nested structure:

• Outer sum ( å a0): Average over all friction suggestions the agent might make

• p F(a0js): Weight by how likely the friction agent is to suggest a0

• Inner sum ( å a): Average over all possible collaborator responses

• p C(ajs, a0): Weight by how likely the collaborator responds with a given suggestion

a0

• R(s, a): Immediate reward from the collaborator's actual action

• g � Vp F
(s0): Discounted future value from the resulting state

This nested expectation structure is the de�ning characteristic of MAMDPs. The

friction agent must reason not just about which intervention to suggest, but about how

collaborators are likely to respond to each suggestion and what rewards those responses

will generate.

Action-Value Function We can also express this in terms of the Q-function for friction

suggestions a0using standard terminology [32]:

Qp F
(s, a0) = Ea� p C(�js,a0)

h
R(s, a) + g � Vp F

(PS(s, a))
i

(2.13)

Expanded:

Qp F
(s, a0) = å

a2A
p C(ajs, a0) �

h
R(s, a) + g � Vp F

(s0)
i

(2.14)

36



Speci�cally, Qp F
(s, a0) tells us the expected value of suggesting friction intervention a0

in state s. Critically, this value depends on how we expect collaborators to respond to a0.

A suggestion that might seem helpful could have low Q-value if collaborators typically

ignore or misinterpret it. The optimal policy (in the soft, temperature-scaled version) then

becomes:

p F
� (a0js) =

exp(Qp F
� (s, a0)/ b)

å a002A exp(Qp F
� (s, a00)/ b)

(2.15)

where b is a temperature parameter controlling exploration vs. exploitation.

Comparison to Standard MDPs To understand why standard MDP solutions fail in this

setting, consider the standard Bellman equation for LLM policies [46] :

Vp
MDP (s) = Ea� p (�js)

�
R(s, a) + g � Vp

MDP (s0)
�

(2.16)

In a standard MDP, there is only one expectation over actions—the agent's chosen

action directly determines both the reward and the next state. Compare this to the MAMDP

value function:

Vp F

MAMDP (s) = Ea0� p F(�js)
| {z }

friction suggestion

2

6
6
4 Ea� p C(�js,a0)

| {z }
collaborator response

h
R(s, a) + g � Vp F

(s0)
i

3

7
7
5 (2.17)

The MAMDP formulation reveals a fundamental structural difference from standard

MDPs through its two nested expectations : the outer expectation averages over friction

suggestions a0sampled from p F(�js), while the inner expectation averages over collabora-

tor responsesa drawn from p C(�js, a0) conditioned on the friction suggestion. Standard RL

and preference-based RL (PbRL) approaches optimize under the assumption that the �rst

expectation is suf�cient, effectively treating the agent's chosen action as directly producing

rewards and ignoring how collaborators modify, interpret, or reject suggested interven-
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tions. See Theorem 1 in Chapter 5 for a more formal treatment of this observation. This

leads standard methods to solve maxp F å a0p F(a0js) � R(s, a0), which implicitly assumes the

friction suggestion a0is equivalent to the action a that affects state transitions and generates

rewards. In contrast, the correct MAMDP optimization accounts for the mediating role of

collaborators: maxp F å a0p F(a0js) �
�
å a p C(ajs, a0) � R(s, a)

�
. The inner summation over a,

weighted by the collaborator's conditional response distribution p C(ajs, a0), captures how

different suggestions lead to different collaborator actions, which in turn produce different

rewards.

Therefore, to retrieve the optimal policy p F
� that maximizes Eq. 2.9, we face a funda-

mental challenge: we do not know p C (the collaborator policy) explicitly . Although

prior work [45,153,154] provides evidence that high-capacity frontier LLMs or specialized

training with custom rewards can produce effective collaborator agents, it remains unclear

how to train an ideal collaborator in settings with active intervention. The collaborator

policy represents complex, context-dependent human behavior in response to friction

suggestions—how people interpret interventions, whether they accept or resist them, and

how they incorporate them into their reasoning.

This dissertation proposes three main approaches to address this challenge:

Approach 1: Learn p F Conditioned on Informative State Features. We investigate this

approach in the the FAAFmethod developed in Chapter 4. Instead of explicitly modeling

the intractable PA , we condition the friction policy on features of the state that correlate

with successful collaboration. By conditioning interventions on frictive states f (s)—states

where belief misalignment exists—the policy learns when11 and howto intervene based on

collaborative dynamics, without requiring an explicit model of p C. Frictive states serve as

informative features in the collaborative dialogue that ground intervention quality and help

11By “when”, we mean the policy learns to generate intervention content appropriate to the frictive state,
including deciding whether to intervene at all (by generating an EOS token) rather than relying on an
external classi�er to determine intervention timing.
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steer the dialogue toward states more conducive to task success, which serves as a proxy

for the reward R(s, a). We demonstrate in Lemma 5 that standard preference optimization

methods like IPO [49] without frictive-state conditioning suffers from vanishing gradients

with respect to these crucial state features, while the full FAAFobjective maintains gradient

�ow through frictive states. This approach provides a computationally feasible middle

ground: rather than modeling how collaborators transform all possible interventions,

we move our focus to the friction intervention policy instead that generates contextually

appropriate interventions for states that require friction to resolve belief misalignment in

collaborators.

Approach 2: Use counterfactual roleplay-based evaluation method to �nd the best-

within-available-options for p F. The MAMDP formulation above makes a structural

point that is easy to state but dif�cult to act on: in collaborative dialogue, the friction

agent's suggestion a0
t is not the event that produces reward or drives the trajectory; the

executed action at is, and at is mediated by a collaborator with agency. This immediately

raises a more basic question than policy optimization: what does it even mean to assign

reward to an intervention in a mediated, multi-turn process?In standard single-agent RLHF-

style settings [9,19,32,46,54], one can attach reward directly to the model's output (via

a reward model, preference model, or judge) and train the policy to maximize it. In an

MAMDP, however, such “content-only” evaluation is misaligned with the causal graph:

the informational quality of a0
t does not guarantee that collaborators will incorporate it, nor

that it will change the dialogue in a way that improves the team's eventual performance.

The de�ning challenge is therefore not merely learning p F under known dynamics, but

de�ning and measuring the right notion of improvementunder the mediated dynamics that

the MAMDP captures. Taken together, the MAMDP lens reframes evaluation as a causal

question: we do not ask whether an intervention is persuasive on its own, but whether it

changes collaborator behavior in ways that improve the collaborative process.
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Chapter 5 addresses this foundational problem by shifting focus from directly solving

the MAMDP to making its objective measurable in realistic interaction. Concretely, we develop

a practical roleplay-based, turn-by-turn communication protocol that generates online

collaborative trajectories in which interventions can be evaluated through their down-

stream effects on the collaboration. Rather than treating collaboration as a single terminal

outcome, we introduce process-levelrewards grounded in the “common ground” [25]: the

degree to which participants become mutually aligned on task-relevant propositions over

time. This choice is not cosmetic. It is the minimal signal that is faithful to the MAMDP's

mediated structure: if the collaborator ignores or misinterprets an intervention, then

common ground should not improve, even if the intervention looks “good” in isolation.

Conversely, if an intervention causes a turn-by-turn correction of beliefs and accelerates

consensus on key propositions, it should receive credit even when �nal task success is

noisy or delayed.

This immediately creates an evaluation obstacle: multi-turn collaborations diverge

stochastically once the collaborator reacts, so we cannot fairly compare two intervention

policies by simply observing one rollout from each. Our roleplay framework resolves this

using a counterfactual evaluation design that treats the intervention agent itself as the

causal variable of interest while controlling for collaborator-driven trajectory divergence.

By pairing intervention conditions against matched baselines under controlled collaborator

simulators, we estimate the causal effectof interventions on common-ground formation

and task progress. This allows us to test not only whether the presence of the friction

intervention agent is useful for attaining consensus, but also which among a class of

aligned intervention agents is relatively better than others. In this sense, the chapter

provides a principled compromise: without learning a full action-modi�cation model

p C or planning through P̃, we still recover an evaluation signal that is appropriate for

MAMDP dynamics and can discriminate interventions by their realized collaborative

impact rather than their surface form.
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Approach 3: Learn PA Explicitly. We investigate this approach in Chapter 6. One could

train a separate model to predict how collaborators modify interventions—that is, learn

p C(ajs, a0) for all states s, friction suggestions a0, and collaborator responsesa. This is pre-

cisely the focus of Chapter 6, which is to learn an ideal collaborator agent. Intuitively, this

assumes a Centralized Training with Decentralized Execution (CTDE) framework [155],

where the friction intervention agent is trained separately with some form of supervision

(say, expert demonstrations) without any form of gradient-based communication [156]

between the intervention agent and the collaborator and that the intervening agent is �xed

during the actual execution of the MAMDP during collaborative deployment. While this

appears computationally prohibitive due to the high-dimensional state and action spaces

in LLM-based dialogue (especially since we impose no structural constraints 12 on what

collaborators can express), there are deeper fundamental challenges beyond computational

cost. First, training data exemplifying the action modi�cation function PA is scarce: natural

friction interventions in the form of probing questions are rare [7,8,138] in textual records

of human collaboration, and when they do occur, they may not represent optimal collabo-

rative behavior. Second, expert trajectories may contain demonstrations that an optimal

collaborator should not learn from [157]. For instance, if expert data includes dialogues

where collaborators ignored well-intentioned suggestions, we would not want the model

to reproduce such dynamics. Similarly, suboptimal interventions may be incorrectly ac-

cepted by collaborators under social pressure [158]—we observe in classroom settings that

students sometimes incorporate irrelevant peer suggestions to “appear smart” or avoid

seeming uncooperative [159]. Conversely, collaborators might ignore genuinely helpful

interventions but then modify their interpretation in ways that introduce new irrelevancies.

These spurious patterns in real or AI-generated collaborative data make direct supervised

12De�ning prompts to re�ect task-settings naturally restricts the space of possible utterances but it is still
vast.
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learning of p C problematic: the model would learn to reproduce both productive and

counterproductive collaborative dynamics without distinguishing between them.

2.4.2 Challenges and Design Choices

Implementing counterfactual roleplay evaluation requires resolving several design

challenges that emerge from the MAMDP structure and the practical constraints of LLM-

based multi-agent systems. First, communication structure and partial observability :

we adopt synchronous turn-taking where collaborators alternate speaking, which pro-

vides clear intervention points and matches the structure of many small-group collab-

orative tasks [160]—in contrast to approaches that focus on asynchronous communi-

cation [161]. Critically, collaborators do not have access to second-order beliefs during

dialogue turns—that is, collaborator A cannot directly observe what collaborator B believes

about task-speci�c propositions. This partial observability is by design: if collaborators

had perfect visibility 13 into each other's belief states and recognized their misalignments

explicitly, friction interventions would be unnecessary. However, collaborators do have

access to their own internal belief states and the full dialogue history excluding frictive

statesf (s), allowing them to infer others' beliefs indirectly through utterances. The frictive

statesf (s) that our friction agent conditions on are therefore not part of the collaborators'

input context—the friction agent has a privileged view of belief misalignments that it uses

to decide when and how to intervene.

Second,reward speci�cation for training versus evaluation : while we use common

ground (CG) as the team-level metric for evaluatingcollaborative processes in our coun-

terfactual framework, we deliberately avoid using CG directly as a training signal for

learning collaborator agents. This distinction addresses a fundamental challenge in multi-

agent learning: optimizing for consensus directly can lead to reward hacking, where

agents learn super�cial agreement without genuine reasoning—a phenomenon called

13Note that even though FAAFintervention policies condition their interventions on the frictive states f , these
second order beliefs are not exposed in the collaborator's input prompts during the MAMDP interactions.
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“overcollaboration” [42,154,162]. LLMs are particularly prone to this shortcut: they may

simply echo others' propositions to maximize agreement rewards rather than engaging

in authentic collaborative reasoning. Instead, we use individual correctness over task-

speci�c propositions as a proxy reward during training, under the hypothesis that true

collaboration emerges[163] when agents develop accurate beliefs and can communicate

them effectively. By construction of our friction agent's role as a support agent with no

privileged task knowledge beyond the group's combined state, we assume that common

ground convergence should occur naturally when individual agents reason correctly—thus

the proxy reward should be suf�cient. This design choice also addresses a third challenge:

computational feasibility . Training multiple collaborator agents with team-level rewards

in the training loop would require simultaneously updating billions of parameters across

multiple LLM instances and storing at least four models in memory for standard RL

training with PPO [11]. Such multi-agent training approaches are feasible for smaller

neural networks in traditional MARL settings [164, 165] but become prohibitively ex-

pensive for LLMs. Using proxy rewards allows us to train individual agents ef�ciently

while reserving team-level CG evaluation for our counterfactual framework, where we

measure collaborative quality without requiring gradient updates through multiple agents

simultaneously.

Fourth, de�ning collaborative processes versus outcomes : collaborative outcomes are

relatively straightforward to measure since task de�nitions provide ground-truth solutions

(e.g., correct card selection in the Wason task). However, collaborative processes—the

how of collaboration rather than just the �nal result—require measuring intermediate

progress toward subgoals. We operationalize this through common ground over task-

relevant propositions: the alignment of participants' beliefs measured at each dialogue turn.

This choice is motivated by the structure of small-group collaboration, where progress

necessitates forming multiple consensuses while resolving task subgoals [166,167]. For

instance, in the Weights Task, groups may need to agree that the red block weighs 10
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grams before making inferences about larger blocks. Even if a single collaborator produces

a high-quality utterance, the group may not progress if others ignore or misunderstand

it—thus measuring individual contributions in isolation is insuf�cient. Our team-level CG

metric provides a form of structural credit assignment [154] that fairly allocates success to

collaborative processes, distinguishing cases where the group converges on correct beliefs

from cases where individuals happen to be correct but fail to coordinate.

2.5 Experimental Datasets

In this section, we brie�y summarize the datasets used across the experimental chapters

of this dissertation. For Chapter 3, we draw on large-scale preference alignment corpora

spanning multiple task families, including instruction following (UltraFeedback), Red-

dit post summarization (TL;DR), news summarization (CNN/DailyMail), and external

alignment benchmarks such as AlpacaEval 2.0. For the collaborative dialogue experiments

in Chapters 4, 5, and 6, we rely on human–human collaboration datasets, speci�cally the

Weights Task Dataset (WTD) [7] and DeliData [8]. In most of the collaborative dialogue

experiments, the raw human datasets are augmented with AI-generated synthetic dia-

logues (e.g., produced by high-capacity models such as GPT-4o) to expand coverage and

systematically control task conditions. Where feasible, subsets of these augmentations

were validated through targeted human evaluation to ensure plausibility and faithfulness.

Experiment-speci�c details regarding augmentation pipelines, validation procedures, and

preprocessing are discussed in the respective chapters.

DeliData Dataset The DeliData corpus [8] is a publicly available dataset designed to

study group deliberation in multiparty problem-solving. It contains dialogues from 500

groups of �ve participants engaged in the Wason card selection task [152], a classic reason-

ing puzzle in which participants must decide which cards to �ip to test the rule: “All cards

with vowels on one side have an even number on the other” (cf. Example 1). The dataset
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consists of 14,003 utterances, with cards referenced by their visible symbols (letters or num-

bers), and includes task performance measures both before and after discussion. Beyond

transcriptions, DeliData is annotated with deliberation cues, argumentation structures,

and other conversational markers relevant to collaborative reasoning. Importantly for our

purposes, [8] also identi�ed “probing” interventions—naturally occurring friction turns

that prompt re�ection without introducing new information. However, these are relatively

rare, averaging only 3.46 probing interventions per group across 17,110 total utterances,

underscoring the sparsity of explicit deliberation prompts in natural collaboration. Of�cial

splits assign 300 groups for training, 100 for development, and 100 for testing.

Weights Task Dataset (WTD). The Weights Task Dataset (WTD) [1] is an anonymized,

publicly available audiovisual corpus designed to study small-group collaboration. It

contains recordings of 10 triads working together to deduce the weights of differently

colored blocks using a balance scale and to infer the underlying rule that determines the

weights. The task unfolds in three stages: solving with the scale available, solving without

the scale, and �nally reasoning using only the inferred weight pattern. In our experiments,

we evaluate models across all task phases, including transcripts involving inference about

the mystery block's weight when the scale is unavailable. While simulated WTD dialogues

(including GPT-generated data) do not explicitly model scale calls, they are grounded in

the true block weights and re�ect the same inference dynamics through dialogue-based

reasoning. The original dataset includes multiple annotations, including gold-standard

dialogue transcripts. Utterances frequently reference block colors, hypothesized weights,

and reasoning strategies, making the dataset well-suited for analyzing probing questions

and potential causal interventions. The of�cial split assigns 7 groups for training, 1 for

development, and 2 for testing.
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We additionally annotated WTD for naturally occurring friction following the de�-

nition given in Oinas-Kukkonen and Harjumaa [137]. 14 Two annotators independently

labeled half of the groups each, while a third annotated all ten and adjudicated disagree-

ments. Inter-annotator reliability measured by Cohen's k was 0.632, indicating substantial

agreement. On average, we identi�ed approximately four naturally occurring friction

interventions per group. From a supervised learning perspective, this amount of friction

intervention labels is very few to have any reasonable con�dence for training an LLM to

generate such interventions. This motivated our efforts to use LLM-generated synthetic

dialogues for our experiments in Chapter 4.

UltraFeedback UltraFeedback [10] is a recent large-scale, high-quality preference dataset

designed to support robust RLHF and alignment research by addressing limitations in

scale and diversity of previous preference corpora. It aggregates over a million GPT-

4–generated feedback annotations across roughly 250,000 user-assistant interactions, with

carefully calibrated scoring on multiple quality dimensions such as instruction-following,

truthfulness, helpfulness, and honesty. UltraFeedback's breadth of prompts and feedback

signals makes it a valuable benchmark for training and evaluating preference-based

optimization methods and for studying how models learn preference strength and nuanced

human judgments. In our experiments, we use the UltraFeedback–Binarized 15 variant

derived from the original UltraFeedback dataset. The full UltraFeedback corpus contains

roughly 64k prompts, each paired with four candidate completions generated by a diverse

set of open-source and proprietary LLMs. These completions are scored by GPT-4 along

multiple axes such as helpfulness, honesty, and overall quality.

14In this setting, friction interventions function as indirect persuasion, prompting participants to reconsider
assumptions or propositions in light of task-relevant evidence; see De�nition 8.

15https://huggingface.co/datasets/HuggingFaceH4/ultrafeedback_binarized
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Reddit TL;DR and CNN Daily The Reddit TL;DR summarization dataset [19,168] dataset

consists of social media posts paired with human-written “TL;DR” summaries, originally

mined for summarization research, and has been widely adopted as a preference dataset

for RLHF �ne-tuning. Human annotators compare candidate summaries to judge which

better re�ects the content of the original post, providing rich pairwise preference signals

that inform reward model training for summarization policies. Models trained with TL;DR

preferences have been shown to outperform supervised baselines and, importantly, gener-

alize to external news summarization benchmarks like the CNN/DailyMail corpus [169],

demonstrating that human preference signals from Reddit can transfer to other domains.

AlpacaEval 2.0 AlpacaEval 2.0 [82] is an automated evaluation benchmark for instruction-

following language models that scores systems through pairwise comparisons judged

by a high-capacity model (typically GPT-4). Unlike the original AlpacaEval benchmark,

which suffered from systematic artifacts such as verbosity bias, AlpacaEval 2.0 explicitly

introduces length-control and related debiasing procedures to ensure that win rates more

faithfully re�ect genuine quality differences rather than stylistic tendencies. The result is

a scalable, low-cost evaluation framework that produces interpretable win-rate metrics

closely aligned with human judgments across thousands of prompts. As such, AlpacaEval

2.0 serves as a standard external benchmark for assessing preference-aligned models and

tracking progress in instruction following and alignment quality.
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Chapter 3

Direct Reward Distillation and Policy-

Optimization (DRDO)

Chapter Overview This chapter studies how to align LLMs with human preferences

using of�ine16 preference datasets. We observe that widely used datasets, such as Ultra-

Feedback [85] and Reddit TL;DR [19] (see Section 2.5 and Figure 3.2), contain substantial

non-deterministic preferences, where the preference signal is weak or ambiguous. In these

settings, standard alignment methods such as DPO [9] exhibit important limitations, which

motivate the DRDO approach. Prior methods that consider such preference noise have

approached this problem from the angle of data-�ltering, �ipping of preference labels,

injecting noise during training to learn more robust preferences, as well as using static off-

sets to robustly learn preference strengths—often requiring prior domain knowledge and

assumptions about noise types [130,170–172]. Others have assumed access to a “general”

preference model [50], often learned from human data or assumed to be so considering

the vast knowledge of human preferences in frontier models [124]. We do not make such

assumptions. We address this problem in a more principled manner by motivating the

issue as a “misalignment problem”—a divergence between the kinds of policies we intend

to learn (e.g., those that humans prefer) vs. those that end up being learned (e.g, those

that simply focus on reward maximization). This brings new insights on why standard

approaches fail under non-deterministic preferences (e.g., their reliance on a reference

model for constrained optimization). Noting these challenges, we introduce a novel ap-

proach to this problem, which combines teacher-based reward distillation and learning

from focal loss [119], without the need for a reference model. DRDO is the �rst approach

16Here, of�ine refers to learning from a �xed dataset of preference comparisons, without on-policy data
collection or online interaction with the environment.
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to combine these techniques to adaptively learn from the diverse range of preference

strengths in of�ine datasets, without compromising learning on either deterministic or

non-deterministic preferences. To the best of our knowledge, DRDO is the �rst instance of

adapting a self-adjusting focal loss in preference learning; prior works [173,174] have used

such losses for general LLM �netuning, but not in the context of self-adjusted or “adap-

tive” preference learning in terms of an implicit reward formulation. Our experiments on

article summarization, instruction-following and open benchmarks like AlpacaEval 2.0

empirically validate our claims.

3.1 Introduction

In the development of LLMs, robust modeling of human preferences is essential for

producing outputs that are contextually and situationally appropriate, and ultimately

for building systems that users �nd genuinely useful. However, many popular align-

ment approaches, including Direct Preference Optimization (DPO) [9] and its variants,

implicitly assume that each preference pair—consisting of a preferred and a dispreferred

response—contains a clear winner. This assumption rarely holds in practice: real-world

preference data often exhibit weak or ambiguous signals, arising from low annotator

con�dence [19] or inherently small differences in preference strength [130,175].

When trained on such data, reward functions estimated using existing methods can di-

verge from the underlying preference structure, leading to a mismatch between the policy

optimized for the learned reward and the policy that is optimal for the true preference dis-

tribution. This “preference gap,” or misalignment between rewards and preferences, can result

in policy degeneracy and systematic under�tting. Even in the presence of strictly deter-

ministic preferences, prior work has shown that policy degeneracy can lead to substantial

over�tting, where the LLM assigns increasing probability mass to tokens that are not la-

beled as preferred in the of�ine dataset [48]. Other studies have observed counterintuitive

failure modes in which models decrease the likelihood of both preferred and dispreferred
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responses during training, undermining the intended learning objective [46, 47]. These

issues are further exacerbated when preference data are non-deterministic and the un-

derlying preference signal is weak. To address these challenges, we build on the insight

that certain limitations of DPO's implicit reward formulation at the policy optimization

stage are less severe during reward modeling, and we leverage this distinction to make

the following novel contributions:

1) We provide a thorough theoretical grounding of problems with DPO and variants

according to the Bradley-Terry model that demonstrates why they are challenged by

nuanced or “non-deterministic” preference pairs; 2) We introduce Direct Reward Dis-

tillation and Policy-Optimization (DRDO) , a novel approach preference optimization

approach that combines the two stages by explicitly distilling rewards into the policy

model (Figure 3.1) and avoids the above limitations; 3) Through experiments on Ultrafeed-

back, TL;DR, and AlpacaEval 2.0, we show that DRDO is better able to �t to nuanced or

ambiguous preferences without sacri�cing performance on clear preferences or large-scale

data.

Figure 3.1: Unlike popular supervised preference alignment algorithms like Direct Preference
Optimization (DPO; [9]) that learns rewards implicitly, DRDO directly optimizes for explicit
rewards from an Oracle while simultaneously learning diverse kinds of preference signals
during alignment. Optimized with a simple regression loss based on difference of rewards
assigned by the Oracle and a novel focal-log-unlikelihood component (see Sec. 3.3), DRDO avoids
DPO's particular challenges at learning non-deterministic preference pairs, thereby bridging the gap
between estimating the preference distribution from the data and the true preference distribution
p� . Additionally, DRDO does not require an additional reference model during training and can
leverage reward signals even when preference labels are not directly accessible.
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(a) GPT-4 preference score differences on Ultra-
feedback [176].

(b) Human expert con�dence labels on Reddit
TL;DR [168].

Figure 3.2: Preference strength distributions across datasets. Ultrafeedback exhibits a wide
spectrum of LLM-estimated preference strengths (how strongly a sample is rated vs. another,
for the same prompt or question), ranging from near-deterministic to highly non-deterministic
comparisons showing weak preferences, while Reddit TL;DR provides discrete “expert” con�dence
labels on preference annotations between two responses. Together, these distributions motivate
learning methods that explicitly account for heterogeneous preference strength, enabling DRDO to
robustly learn from both deterministic as well as non-deterministic preferences.

3.2 Problem Formulation

Let Dpref = f (x, yw, yl )gN
i= 1 be an of�ine dataset of pairwise preferences with suf�cient

coverage, whereyw and yl are the respective winning (preferred) and losing (less preferred)

completions given a context x. In contrast to deterministicpreferences, which are de�ned

as those where p� 2 f 0, 1g [48], let Dnd � D pref denote the subset of non-deterministic

preference pairs where P(yw � yl jx) � 1/ 2. These cannot be perfectly captured by Bradley-

Terry models but are prevalent in popular preference alignment datasets. 17 Assume three

possible completions y1, y2, y3 2 Y , the space of all possible completions. Let r � (x, y) 2 R

be an underlying true reward function that is deterministic and �nite for all completions,

p q� (yjx) be the learned policy, and p ref(yjx) be the reference policy with supp(p ref) = Y .

Given supp(r ) = supp(m) � Y � Y where r is the data distribution and mis the context

17For instance, an analysis of the popular RLAIF-inspired scalable alignment benchmark Ultrafeedback [10]
reveals that it contains approximately 17%non-deterministic samples as de�ned above [107].
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distribution, the challenge is leaning a policy to effectively handle both deterministic and

non-deterministic preferences in an of�ine fashion.

Misalignment of Rewards and Preferences Although preferences p� can be implicit in

rewards, re�ning LLMs based on rewards alone does not imply that they learn preferences

optimally. We call this the misalignment problem , where the two objectives are funda-

mentally divergent [50]. This issue is particularly signi�cant in aligning high-dimensional

policies like LLMs, where the training data often contains non-deterministic samples or

weak learning signals. Such uncertainty often appears in equal or near-equal rewards or

ambiguous expert judgments [19].

In other words, traditional reward modeling assumes that maximizing reward leads to

optimal behavior, but in preference-based learning, the best policy can be different from the

highest-reward policy. Where the reward-optimalpolicy, or the policy that maximizes Elo

score under the BT assumption, fundamentally diverges from the preference optimalpolicy,

or the policy that maximizes the probability of selecting the ground truth winning response.

This creates a “preference gap” and the misalignment problem occurs. However, since

LLMs are overparameterized with many near-optimal solutions [46] and are expected to

generalize across diverse and often uncertain preferences [177], it is essential to understand

this divergence or preference gap, as it can be especially sensitive to the existence of non-

deterministic preferences in training. 18

This insight motivates the core of DRDO: to effectively learn from non-deterministic

preferences while maintaining performance across general preference data, we bound

this preference gap to possible sources of errors scaled by the of�ine data coverage, while

simultaneously learning both high-quality distilled rewards and preferences in an ef�cient

of�ine manner. Mathematically, we illustrate this sensitivity to non-deterministic pairs in

the BT model in Lemma 3.

18Non-deterministic preferences differ from noisy (�ipped) labels [129,130], which are often handled with
label smoothing, data pruning, or noise-aware training.
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Lemma 3 (Sensitivity of Preference Gap to Non-Deterministic Preferences). The preference

gapdP between reward-optimal (p �
R) and preference-optimal (p �

P ) policies can be highly sensitive

to the presence of non-deterministic preference pairs (whereP(y � y0) = P(y0 � y) = 1/ 2).

Such non-determinism can lead to a substantial increase indP even when the reward gapdR (based

on a �xed reward function R) remains unchanged.

We provide a proof sketch in Appendix A.1. The core insight here is that common

approaches like DPO that assume a BT preference model are more likely to be sensitive to

this preference gap, since they assume that true preferences are learnable from a mapping of

preferences onto differences in scalar implicit rewards. Prior work [48,49] highlights DPO's

practical tendency to under�t the true preference distribution because of unboundedness

of its implicit rewards. For example, for two completions y and y0with a non-deterministic

preference relation, the DPO estimate of p� (y � y0) using s
�
b log p q(yjx)p ref(y0jx)

p q(y0jx)p ref(yjx)

�
leads

p q to assign equal rewards to both, meaning it learns that r � (x, y) � r � (x, y0) for any

(x, y, y0) 2 D nd . This implies that the reward model fails to strongly differentiate between

completions in these cases, even though one is explicitly “chosen” in the true preference

data and the other is “rejected,” thus leading to the preference gap, and the motivation of

DRDO to address these issues.

3.3 Direct Reward Distillation and Policy-Optimization

Direct Reward Distillation and Policy-Optimization or DRDO gets its name since

the policy learns rewards directly from an external “teacher” reward model, similar to

knowledge distillation [118]. DRDO objective also has a preference component that lets

the policy optimize for preferred responses, while lowering likelihood of dispreferred

responses in an adaptive manner. Speci�cally, DRDO training involves two phases. First,

we �t an Oracle model O to the annotated preference data. Second, we useO as a

teacher to align the policy model (student) with a knowledge-distillation-based multi-task

loss [118,178] that regresses the student's rewards onto those assigned byO. The student
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model simultaneously draws additional supervision from binary preference labels for

ef�cient use of �nite data.

Training the Oracle Reward Model We use [92]'s strategy to optimize a high-quality and

generalizable O while retaining its language generation abilities. Regularizing the shared

hidden states with a language generation loss in addition to the traditional RLHF-based

reward modeling improves generalization to out-of-distribution preferences. For this we

initialize a separate linear reward head (parametrized by f 0)19 on top of the base LM

(parametrized by f ), which adds only 0.003% more parameters compared to the LM's

language modeling head. This also helps minimize reward hacking [90,91], especially in

of�ine settings. As such, O is optimized to minimize the following objective:

L O(r f , Dpref ) = � E (x,yw,yl )�D pref

h
(1 � a) log s

�
r f 0(x, yw) � r f 0(x, yl )

�
+ a log r f (yw)

i
.

(3.1)

where a is the strength of language-generation regularization on the winning response

log-likelihoods assigned by O (denoted log(r f (yw)) and f is the parameters of O being

estimated.

Simultaneous Student Policy Alignment to Rewards and Preferences A converged

Oracle O can plausibly estimate true pointwise reward differences r � (x, y1) � r � (x, y2) for

any unlabeled sample (x, y1, y2), without needing explicit access to preference labels. Next,

the student model p q is optimized to match its own reward predictions r̂1 and r̂2 to O 's

reward differences, aligning closely with O 's behavior, while O itself does not get updated.

The student model's reward estimates are computed with a linear reward head on top of the

base LM, similar to Oracle training. This optimization uses a knowledge-distillation loss

(L kd ) that combines both a supervised `2-norm term and a novel focal-softened [119,179]

19For simplicity of notation, on the LHS of Eq. 3.1 we subsume parameters f 0 into f .
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Algorithm 1 DRDO: Direct Reward Distillation and policy-Optimization

1: Input: Preference datasetDpref = f (x, yw, yl )g; initialized policy + reward head p q,q0  
SFT(q) � rq0

2: Output: Optimized parameters q for aligned policy p q

3: Train oracle reward model r f (Eq. 3.1)
4: for t = 1 to T do
5: for each(x, yw, yl ) 2 D pref do
6: Compute oracle rewards: r �

1 = r f (x, yw), r �
2 = r f (x, yl )

7: Compute student rewards: r̂1 = rq0(x, yw), r̂2 = rq0(x, yl )
8: Compute distillation loss L kd (Eq. 3.2)
9: Update p q,q0 using gradient step on L kd

10: end for
11: end for
12: return Final policy p q

log odds-unlikelihood component:

L kd (r � , p q) = E (x,y1,y2)�D pref

"

(r � (x, y1) � r � (x, y2) � ( r̂1 � r̂2))2

| {z }
Reward Difference

�

a(1 � pw)g log
�

p q(yw j x)
1 � p q(yl j x)

�

| {z }
Contrastive Log-"unlikelihood"

#

, (3.2)

where pw = s(zw � zl ) and quanti�es the student policy's con�dence in correctly

assigning the preference from zw = log p q(yw j x) and zl = log p q(yl j x), or the log-

probabilities of the winning and losing responses, respectively. Hyperparameters g and

a regulate the strength of the modulating term and weighting factor respectively. 20 As

shown in Eq. 3.2, there is no shared parametrization between the policy and O. L O is only a

function of O 's own parameters f and the preference dataset,Dpref . The Oracle parameters

are not updated during policy training. Algorithm 1 shows a detailed breakdown of DRDO

training.

20Note that we do not use a as it is traditionally used in focal loss for weighting class imbalances [180].
Instead, since the true preference distribution is unknown, we tune the empirical optimal value based on
validation data and keep it �xed during training.
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Figure 3.3: Illustration of the DRDO preference loss as a function of the log-unlikelihood ratio
across various values of g, the focal modulation parameter.

How does the DRDO gradient update affect preference learning? “Contrastive log-

unlikelihood” in Eq. 3.2 is DRDO's preference component. One can immediately draw a

comparison with DPO which uses a �xed b parameter. DRDO uses a modulating focal-

softened term, (1 � pw)g , where p q learns from both deterministic and non-deterministic

preferences, effectively blending reward alignment with preference signals to guide op-

timization. Intuitively, unlike DPO's b that is constant for every training sample, this

modulating term ampli�es gradient updates when preference signals are weak ( pw � 0.5)

and tempering updates when they are strong ( pw � 1), thus ensuring robust learning

across varying preference scenarios. Whenp q assigns high con�dence to the winning

response (pw � 1), the focal loss contribution diminishes (see Eq. 3.2), re�ecting minimal

penalty due to strong deterministic preference signals. However, for harder cases with

non-deterministic true preference ( p� (y � y0) � (p� (y0 � y)), the focal term a(1 � pw)g

keeps DRDO gradient updates active and promotes learning even when preferences are

ambiguous (Figure 3.3 in Appendix A.2). This adaptive behavior ensures that DRDO

maintains effective preference learning across varying preference strengths, where conven-
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tional methods like DPO struggle 21. As shown in the gradient analysis in Appendix A.2

(Figure 3.3) with empirical proof in Figure A.3 (bottom-right), this modulating term acts

like DPO's gradient scaling term, in that it scales the DRDO gradient when the model

incorrectly assigns preferences to easier samples.

DRDO's Reward Distillation term Intuitively, DRDO's �rst component in the loss

effectively regresses over the Oracle's reward differences across all response pairs(x, y1, y2)

in Dpref , using p q's own reward estimates, r̂1 and r̂2. Assuming the Oracle's reward

estimates correctly re�ect the true preference strength, this simple distillation component is

precisely minimized when the student p q perfectly emulates the Oracle's reward difference

assignment, without requiring it to explicitly match the pointwise rewards. The square

over this term ensures that training is stabilized especially since we allow this component

to fully regularize the loss without applying any weighting terms.

3.4 Experimental Setup

Our experiments address two questions: How robust is DRDO alignment to nuanced

or diverse preferences, in OOD settings? and How well does DRDO achieve reward

distillation with respect to model size? We empirically investigate these questions on two

tasks: summarization and single-turn instruction following . Our experiments, including

choice of datasets and models for each task are designed to to validate our approach as

robustly as possible, subject to research budget constraints (see Section A.8 for more). We

compare our approach with competitive baselines such as DPO [9] and e-DPO [48] as well

as on-policy methods like PPO [89], including the supervised �netuned (baseline) versions

depending on the experiment. Some minor notes on the experimental setup described

below can be found in Appendix A.7.

21See Lemma 1 and Lemma 2 for in-depth analysis in our background chapter (Chapter 2)
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How robust is DRDO alignment to nuanced or diverse preferences, in OOD settings?

We evaluate this using the Reddit TL;DR summarization dataset [19,168] andCNN/Daily

Mail Corpus [169]. For robust out-of-domain (OOD) evaluation, we train models on

Reddit TL;DR and use CNN/Daily Mail articles for an OOD test distribution.

Table 3.1: Mean con�dence and normalized edit distance statistics our TL;DR preference general-
ization experiment.

Split Conf (Mean) Edit Dist (Mean) Train Validation

Dall 5.01 0.12 44,709 86,086
Dhc,he 7.31 0.15 10,136 1,127
D`c,`e 2.67 0.09 10,000 1,112

TL;DR Summarization Dataset Splits Table 3.1 shows the mean con�dence and normal-

ized edit distance statistics in the TL;DR dataset. We use these to compute the deterministic

and nondeterministic splits. Dall represents the full data [19]. Dhc,he and D`c,`e represent

subsets created by splitting at the 50th percentile of the human labeler con�dence and

edit distance values. The range of labeler con�dence values for the entire training data

range is [1, 9]. Each contains � 10k training samples, where the former comprises sam-

ples from the upper 50th percentile of the con�dence and edit distance scores, mutatis

mutandis. Dhc,he and D`c,`e represent “easy” (deterministic) and “hard” (non-deterministic)

preference samples where combined labeler con�dence and string-dissimilarity act as

proxy for the extreme ends of preference strengths/signals. This choice is intentional to

more robustly evaluate DRDO under more dif�cult preference data settings. Furthermore,

previous theoretical and empirical work [101] has shown that supervised methods such

as DPO fail to learn optimal policies when the token-level similarity is high in preference

pairs, especially at the beginning of the response. Therefore, we apply this combined

thresholding for all our experiments on TL;DR summarization dataset. See Appendix 3.4
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for more details. All baselines are initialized with Phi-3-Mini-4K-Instruct weights [181]

with supervised �ne-tuning (SFT) on Reddit TL;DR human-written summaries.

How does model size affect reward distillation? We evaluate all baselines on the cleaned

version of the Ultrafeedback dataset [10] This experiment is conducted on the OPT suite of

models [182], at 125M, 350M, 1.3B, and 2.7B parameter sizes. The student policy is trained

with SFT on the chosen responses of the dataset, following [9]. We exclude larger OPT

models to focus on testing our distillation strategy with full-scale training, rather than

parameter-ef�cient methods (PEFT; [183,184]) to allow a full-�edged comparison consider-

ing all trainable parameters of the base model. For completeness and comparison across

model families, we also include Phi-3-Mini-4K-Instruct following the same initialization.

Evaluation Strategy CNN/Daily Mail Corpus provides human-written reference sum-

maries, so we use a high-capacity Judge to compute win-rates against baselines on 1,000

randomly-chosen samples. Following [9], we use GPT-4o to compare the conciseness and

the quality of the DRDO summaries and baseline summaries, while grounding its ratings

to the human written summary. See Appendix A.11 for our prompt format. For instruction

following on Ultrafeedback , we sample generations from DRDO and all baselines at

various diversity-sampling temperatures and report win-rates on the Ultrafeedback test

set against O. Following [185], we consider a win to be when, for two generations y1

and y2, we get r(x, y1) > r(x, y2), where r(x, y1) and r(x, y2) are the expected rewards

(logits) from the policies being compared. Additionally, we evaluate DRDO and baselines

(all trained on Ultrafeedback) on AlpacaEval 2.0, a 805-sample OOD benchmark with

length-controlled comparisons judged by GPT-4 Turbo [82]. Hyperparameters and model

con�gurations are given in Appendix A.10. To evaluate out-of-domain generalization,

we train DRDO and all baselines exclusively on the Reddit TL;DR dataset and evaluate

them on the CNN/Daily Mail splits, which consist of news article summarization. For

direct head-to-head comparisons on CNN/Daily Mail, we restrict our analysis to aligned
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baselines—speci�cally DPO and e-DPO—while also comparing against DPO, e-DPO, SFT,

and PPO on AlpacaEval, and DPO, e-DPO, and SFT on UltraFeedback.

DRDO and e-DPO Speci�cs Although DRDO requires an explicit reward Oracle O,

we �x only one model (based on parameter size and model family) for each experiment.

We use Phi-3-Mini-4K-Instruct and OPT 1.3B causal models initialized with a separate

linear reward head while retaining the language modeling head weights. 22 Fixing the

size of O allows us to evaluate the extent of preference alignment to smaller models, as in

classic knowledge distillation [178]. To reproduce the e-DPO [48] baseline, we train three

reward models using Eq. 2.2 with the mentioned base models but with different random

initialization on the reward heads.

Evaluation CNN/Daily Mail Corpus provides human-written reference summaries, so

we use a high-capacity Judge to compute win-rates against baselines on 1,000 randomly-

chosen samples from the TL;DR test set. Following [9], we use GPT-4o to compare the

conciseness and the quality of the DRDO summaries and baseline summaries, while

grounding its ratings to the human written summary. See Appendix A.11 for our prompt

format. For instruction following on Ultrafeedback , we sample generations from DRDO

and all baselines at various diversity-sampling temperatures and report win-rates on the

Ultrafeedback test set against O. Following [185], we consider a win to be when, for

two generations y1 and y2, we get r(x, y1) > r(x, y2), where r(x, y1) and r(x, y2) are the

expected rewards (logits) from the policies being compared. We also evaluate DRDO

(trained on Ultrafeedback) against baselines (all trained on Ultrafeedback) on AlpacaEval ,

another instruction following benchmark for which we evaluating using GPT-4 Turbo, as

suggested by the creators [186]. Hyperparameters and model con�gurations are given in

Appendix A.10.

22Similar to [92], we found better generalization in reward learning when our Oracle reward learning loss is
regularized with the SFT component (second term in Eq. 3.1) with an a of 0.01.
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3.5 Results

Non-deterministic preferences Table 3.2 shows the win rates computed with GPT-4o

as judge for 1,000 randomly selected prompts from the CNN/Daily Mail test corpus

under OOD settings. We follow similar settings as [9] but further ground the prompt using

human-written summaries as reference for GPT to conduct its evaluation (see Section A.11).

For a fairer evaluation [9,187,188], we swap positions of p q-generated summaries y in the

prompt to eliminate any positional bias and evaluate the generated summaries on criteria

like coherence, preciseness and conciseness,with the human written summaries explicitly in

the prompt to guide evaluation.

CNN/Daily Mail (GPT-4o as Judge)

DRDO vs. e-DPO
Dall 78.27%
Dhc,he 80.92%
D`c,`e 79.01%

DRDO vs. DPO
Dall 80.78%
Dhc,he 79.11%
D`c,`e 79.79%

Gold vs. DRDO 52.82%
Gold vs. e-DPO 54.38%
Gold vs. DPO 58.54%

AlpacaEval 2.0 (GPT-4 Turbo as Judge)

SFT vs. GPT-4 Turbo 8.86%
DPO vs. GPT-4 Turbo 11.01%
e-DPO vs. GPT-4 Turbo 11.65%
PPO vs. GPT-4 Turbo 13.67%
DRDO vs. GPT-4 Turbo 15.95%

Table 3.2: Length-controlled win rates computed for 1,000 randomly selected evaluation samples
from the CNN/Daily Mail Corpus , and for OOD evaluation on AlpacaEval 2.0 (N = 805) using the
Phi-3 model. Dall, Dhc,he, and D`c,`e represent TL;DR training splits. “Gold” refers to human-written
reference summaries used in prompts to ground the win rate computations. Both e-DPO and PPO
use the same oracle reward as DRDO. See Table A.1 for AlpacaEval dataset-wise breakdown.

For all policies p q trained on all three splits of the training data— Dall, Dhc,he, and

D`c,`e—we compute the win-rates of DRDO vs. e-DPO and DPO to evaluate how each
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method performs at various levels of preference types. Across all settings, DRDO policies

signi�cantly outperform the two baselines. For instance, DRDO's average win rates

are almost 79.4% and 79.9% against e-DPO and DPO, respectively. As we hypothesized,

DRDO-aligned p q can learn all preferences, deterministic and non-deterministic, effectively,

and is superior at modeling D`c,`e the subset containing more non-deterministic preference

samples, without sacri�cing performance on the deterministic subset ( Dhc,he) and overall

(Dall). This suggests that DRDO is more robust to OOD-settings at various levels of

dif�culty in learning human preferences.

Reward distillation Section 3.5 shows results from our evaluation of DRDO's reward

model distillation framework compared to DPO and e-DPO as well as baseline SFT-trained

policies on the Ultrafeedback evaluation data, when compared across various model parameter

sizesand at varying levels of temperature sampling. We sample p q-generated responses to

instruction-prompts in the test set using top- p(nucleus) sampling [189] of 0.8 at various

temperatures 2 f 0.2, 0.5, 0.7, 0.9g.

Baselines

T = 0.2 T = 0.5 T = 0.7 T = 0.9

Policy (Student) SFT DPO e-DPO SFT DPO e-DPO SFT DPO e-DPO SFT DPO e-DPO

OPT-125M 0.47 0.61 0.51 0.52 0.63 0.50 0.57 0.58 0.54 0.57 0.64 0.61

OPT-350M 0.58 0.63 0.60 0.61 0.70 0.65 0.60 0.70 0.69 0.66 0.70 0.68

OPT-1.3B 0.83 0.70 0.83 0.82 0.65 0.81 0.83 0.63 0.75 0.81 0.59 0.78

OPT-2.7B 0.81 0.68 0.83 0.80 0.64 0.80 0.79 0.62 0.78 0.79 0.60 0.75

Phi-3 0.66 0.80 0.57 0.71 0.83 0.58 0.75 0.86 0.60 0.76 0.88 0.66

Table 3.3: Average win-rates computed with DRDO's Oracle reward model against all baselines—
SFT, DPO and e-DPO—at various diversity sampling temperatures ( T). Bolded numbers show the
highest win-rates against each baseline at each temperature.

DRDO signi�cantly outperforms competing baselines, especially for larger models in

the OPT family. DRDO-trained OPT-1.3B, OPT-2.7B, and Phi-3-Mini-4K-Instruct achieve

average win rates of 76%, 74%, and 72%, respectively, across all baselines. This is notable
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as responses are sampled on unseen prompts, and DRDO's policy alignment is reference-

model free. DRDO's robustness to diversity sampling further boosts performance, up to an

88% win rate against DPO with the Phi-3-Mini-4K-Instruct model. At lower temperatures,

DRDO's posted gains are more modest. Our results also indicate that performance is

correlated with model size, as DRDO policies of the same size as the Oracle (1.3B) show

the strongest gains. In smaller models, results are more mixed.23 DRDO shows moderate

improvement and posts smaller gains against SFT models.

3.5.1 Analysis

Using GPT-4o as a judge to approximate true human preferences may be prone to

bias, so we further validate our approach by investigating Oracle reward advantage over

the above mentioned human written summaries as well as on-policy generations from

an SFT-trained model. Figure 3.4a shows the computed expected reward advantages on

the CNN/Daily Mail TL;DR evaluation set, sampled according to the method outlined

in Section 3.5. Rewards were computed using our Oracle (trained with Phi-3) on these

sampled generations and normalized. To compute the advantage, we used human writ-

ten summaries (Figure 3.4a). DRDO improves performance across various temperature

samplings over a baseline SFT policy, and brings in a considerable performance gain over

competitive baselines like DPO and ensemble-based e-DPO while also being robust to

OOD settings.

Our evaluations vs. “gold” summaries in Table 3.2 also demonstrate where bias may

arise in the GPT-4o evaluation (win counts and win rates are shown for gold samples).

GPT-4o narrowly prefers generated summaries to human-written ones. One possible

reason could be that Reddit TL;DR data is massive and crowd-sourced which naturally

results in noisy labels. However, under this experiment too, DRDO-trained policies are

better-performing than e-DPO and DPO, by about 1.5–6%. We should note that human

23Apart from lower overall model capacity, this may re�ect length bias [105,190], as smaller models averaged
more tokens (211.9 vs. 190.8) than policies, closer to Ultrafeedback targets (168.8). See Section A.10.
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(a) (b)

Figure 3.4: (a) Oracle expected reward advantage on CNN/Daily Mail articles. DRDO shifts
expected rewards rightward compared to DPO/e-DPO. (b) Win rates against GPT-4 Turbo on
Alpaca Eval 2.0 vs. mean unique tokens across models.

summaries may contain more implicit diversity than generated summaries, and this may

demonstrate the “regression to the mean” effect in LLM generation [191].

On AlpacaEval 2.0 with GPT-4 Turbo as the judge (see Table 3.2 for overall results and

Table A.1 in Appendix Section A.3 for detailed dataset-wise breakdown), DRDO achieves

the highest overall win rate at 15.95%, outperforming PPO (13.67%), e-DPO (11.65%), DPO

(11.01%), and SFT (8.86%). These results re�ect DRDO's ability to generalize effectively

under length-controlled evaluation, surpassing both of�ine and on-policy baselines. To

ensure that model performance evaluated with GPT-4 Turbo judge does is indeed robust

to token-diversity bias [84], we plot the overall win-rates versus mean unique tokens

across models in Figure 3.4b. No statistically signi�cant correlation (r = 0.06, p = 0.93)

exists between response diversity and win rates, indicating DRDO's superior performance

is not attributable to diversity-bias in LLM judges, in addition to length-bias [82] and

likely due to actual response quality. More importantly, while PPO is competitive with

DRDO, Table 3.2 results suggest that DRDO more effectively leverages the oracle reward

model while being fully of�ine, unlike PPO which requires online (on-policy) sampling and

drastically increases compute requirements—even though both methods use the same oracle

reward model.
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3.6 Concluding Remarks

In this chapter, we introduced Direct Reward Distillation and policy-Optimization

(DRDO) , a principled approach to preference optimization that uni�es the reward dis-

tillation and policy learning stages into a single, cohesive framework. Unlike popular

methods like DPO that rely heavily on implicit reward-based estimation of the preference

distribution, DRDO uses an Oracle to distill rewards directly into the policy model, while

simultaneously learning from varied preference signals, leading to a more accurate esti-

mation of true preferences. Our experiments on Reddit TL;DR data for summarization as

well on instruction-following in Ultrafeedback and AlpacaEval 2.0 suggest that DRDO is

not only high-performing when compared head-to-head with competitive methods like

DPO and PPO but is also particularly robust to OOD settings. More importantly, unlike

traditional RLHF that requires “online” rewards, reward distillation in DRDO is simple to

implement, is model-agnostic since it is reference-model free and ef�cient, since Oracle

rewards are easy to precompute.

From a compute perspective, DRDO introduces an explicit trade-off: we must �rst

train an external Oracle reward model before aligning the policy. At �rst glance, this extra

training stage may appear to increase overall cost. However, prior work [48, 192, 193]

suggests that investing compute into richer reward signals can pay off in stability and

sample ef�ciency. In our setup, the Oracle need not be loaded in memory during DRDO

alignment—its outputs are precomputed once and reused—making the approach attractive

when aligning small- to mid-scale models (relative to models such as LLaMA [93]) under

tight deployment budgets. DRDO still assumes access to such an Oracle and to suf�cient

data to validate its quality (e.g., via cross-validation), so its bene�ts are most pronounced

in settings where a reasonably accurate reward model can be amortized across many

alignment runs. We did not explore cross-model distillation or multilingual Oracles, but

DRDO's reference-model-free formulation and precomputable rewards naturally extend

to those regimes.
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From Single-Turn Preferences to Multi-Turn Collaboration On a conceptual level,

although DRDO attempts to address non-deterministic preferences in single-turn set-

tings, it inherits a fundamental limitation shared by all standard Bradley-Terry-based

methods [9,19,87]: the assumption that preferences are stationary, context-independent,

and immediately observable. In collaborative dialogue between multiple agents, these

assumptions break down [25, 194]. Preferences evolve as participants' beliefs align or

diverge, intervention quality depends on the current dialogue state, and success emerges

over multi-turn trajectories rather than isolated utterances. Moreover, DRDO's insight

about non-deterministic preferences—that human judgment contains inherent uncer-

tainty—foreshadows a deeper challenge in collaboration: when multiple agents hold

contradictory beliefs about task-relevant propositions, there is no single “preferred” re-

sponse. In this setting, the optimal action likely depends on best resolving the underlying

belief misalignment, not maximizing preference for a particular surface form. As multi-

turn interactions unfold, dialogue states and appropriate interventions evolve dynamically

as participants introduce new information or revise beliefs, creating trajectories unseen

during training. While DRDO addresses the standard form of distribution shift in machine

learning (e.g., between training and test data), collaborative settings additionally require

robustness to temporaldistribution shift and to mismatches between human dialogue data

and AI-generated synthetic distributions [90]. This suggests that perhaps one way to

overcome the problem of dynamic preferences can be to explicitly model evolving beliefs

in collaborators. In the next chapter (Chapter 4), we delve deeper into this problem and

propose an ef�cient of�ine alignment framework speci�cally designed for LLMs to gener-

ate "friction" interventions—LLM outputs that are optimized for the evolving observed

belief states of participants in a collaborative dialogue.
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Chapter 4

Frictional Agent Alignment Framework: Slow

Down and Don't Break Things

A version of this chapter was published as a conference paper entitled “Frictional Agent

Alignment Framework: Slow Down and Don't Break Things” [3] in the Proceedings of the 2025

Meeting of the Association for Computational Linguistics, held in Vienna, Austria.

Overview In the previous chapter we developed a novel preference alignment frame-

work (DRDO) that overcomes some of the limitations that the current batch of popular

supervised alignment algorithms [47,48,195]. We saw that when preferences are determin-

istic, policies aligned with methods like DPO [9] tend to over�t to dispreferred responses

leading to its degeneracy at inference time. Furthermore, we saw how DRDO and related

algorithms [175,196] are able to learn the innate diversity in human preferences including

samples where the preference decision is unclear (non-deterministic samples). Yet, these

algorithms have limitations when applied to collaborative dialogues primarily due to their

single-turn nature (e.g., RL bandit settings [121] with a horizon of 1) as well their reliance

on Bradley-Terry assumptions. While they can achieve state of the art results for simpler

tasks like instruction following, summarization etc., collaborative dialogues are inherently

multiturn in nature with evolving and dynamics preferences of collaborators due to belief

evolution.

In this chapter, our focus is on developing a novel algorithm 24 for aligning an LLM

speci�cally to play the role of a “support agent” in collaborative dialogues. When collab-

orating to solve problems, humans continually interrogate each other's intentions and

assumptions [25,26,28].With the rapid integration of generative AI, exempli�ed by large

24Our code and data can be found at https://github.com/csu-signal/FAAF_ACL.
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language models (LLMs), into personal, educational, business, and even governmen-

tal work�ows, AI systems will increasingly be called upon to act as collaborators with

humans; to adequately �ll this role, AIs must be able to recapitulate the re�ection and

deliberation that makes human-human collaboration successful, but also causes temporary

slowdowns in dialogue while interlocutors construct a common groundon which to collec-

tively reason—the phenomenon we call friction . "Friction" 25 in this sense is something

that LLMs struggle with. To prompt an interlocutor to re�ect upon their assumptions

requires that one have an approximate understanding of what those assumptions are and

entail [197]. This is predicated upon a theory of mind(ToM; [198]), which is likewise a

challenge for LLMs [199,200].

However, using an off-the-shelf LLM for this speci�c role is challenging since language

models are typically not designed to provide friction as they are inherently text-completion

models [201]. Notably, off-the-shelf LLMs may perhaps be able to generate relevant and

positive interventions in some cases. However, this is not established in the literature,

especially in tasks where information �ow is multimodal and where purely textual tran-

scriptions re�ect a partial or sparse information state. Furthermore, chain-of-Thought

(CoT) rationales should not be assumed to be faithful by default, as LLM training objectives

do not explicitly incentivize accurate causal reporting, human explanations often omit

crucial causal links [202,203] or re�ect cognitive biases [204], are frequently designed to

persuade [167], or may re�ect contradictory beliefs and values from spurious correlations

and biases in training data [205,206]. Even frontier LLMs aligned with RLHF can disincen-

tivize faithfulness due to sycophancy biases and scheming [42,43] or may be suboptimal

for multi-turn collaboration [45]. This implies that employing an LLM directly for this task

is insuf�cient; instead, it necessitates the design of a specialized training methodology

capable of accurately estimating the task state at any given timestamp, capturing the par-

ticipants' beliefs about task-speci�c propositions (e.g., block weights in Weights Task [7])

25See Section 2.3.1 in Chapter 2 for a more detailed de�nition of friction.
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as rendered in a textual medium such as through dialogue transcription. Additionally,

successful inteventions in collaborative tasks must address the intra-group communicative

dynamics, which may not be evidence from transcriptions alone, especially in multimodal

tasks.

Figure 4.1: FAAFconditions responses on
both the dialogue context x and represen-
tation of the frictive statef , prompting re-
�ection, deliberation, and evidence veri�ca-
tion. The �gure illustrates participants en-
gaged in the Weights Task [1], where fric-
tional interventions conditioned on partici-
pants' observed beliefs encourage them to
re-examine assumptions and adjust strate-
gies as disagreements emerge. By explicitly
surfacing belief misalignment, these inter-
ventions guide participants toward resolving
block weights more effectively and aligning
on a shared common ground.

To address this need, we propose a novel

way of looking at the problem of preference

alignment for such multi-party dialogues. Our

approach overcomes some of the limitations of

the standard alignment algorithms when ap-

plied to this setting by grounding an LLM's out-

puts (friction interventions) to participants' ob-

served beliefs and by reducing dependence on

the data distribution which might contain biases.

Speci�cally, we propose the Frictional Agent

Alignment Framework ( FAAF), to generate pre-

cise, context-aware friction that prompts for de-

liberation and re-examination of existing evi-

dence. In other words, FAAFaligns LLMs to be

adept collaboratorsin dialogue-driven tasks. Un-

like common preference alignment approaches

which focus predominantly on reward differ-

ences between textual surface forms to generate

the best possible completions as a sequence of actions,FAAFtakes a state-driven approach

based on thefrictive state(see De�nition 7)—a dynamic natural language representation

that integrates task context and the beliefs of participants as they change over time (Fig-

ure 4.1). We use this state-wise representation to train "friction agent" models aligned

to prompt collaborators toward re�ection and deliberation in shared tasks, to help them
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resolve con�icting beliefs and assumptions that result in frictive states. From a technical

perspective, FAAF's two-player objective decouples from data skew: a frictive-state policy

identi�es belief misalignments, while an intervention policy crafts collaborator-preferred

responses. Our novel contribution is deriving an analytical solution to this objective,

enabling training a single policy via an off-policy supervised loss without requiring any

online interactions with a simulator or reward models. Experiments on three benchmarks

show FAAFoutperforms competitors in producing concise, interpretable friction and in

OOD generalization. By aligning LLMs to act as adaptive "thought partners"—not passive

responders—FAAFadvances scalable, dynamic human-AI collaboration. Our results on

two challenging collaborative task datasets and variants show that FAAF's belief state

conditioning consistently produces output that is more relevant, impactful on the dialogue,

and thought-provoking than competing methods. Our key contributions are:

• a novel LLM alignment framework focused on generating outputs to support critical

reasoning and assessments in a collaborative task environment;

• an in-depth mathematical and theoretical foundation for the above approach grounded

in collaborative task dynamics;

• evaluations on three challenging collaborative task settings that show the advantages

of FAAFover competing alignment methods and demonstrate robustness to out-of-

distribution (OOD) data.

4.1 Related Work

RLHF-inspired preference alignment in LLMs has become a cornerstone of developing

generative AI systems that cater to user preferences [19]. Both "of�ine" approaches like

DPO; [9], Identity Preference Optimization (IPO; [49]) and other supervised methods [47,

48,104,105,107] and "online" methods [11,207] focus predominantly on preference samples

often sourced from datasets like Reddit TL;DR [168] or Ultrafeedback [4] for algorithm

development. These methods excel in generating summaries or completions that re�ect
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human preferences including on single-turn human-AI interaction datasets like SGD [208]

or MultiWOZ [209,210], but are often ill-equipped to handle the complexities of real-world

multiparty interactions, where communication occurs across diverse modalities [211],

including sparse and ambiguous spoken dialogues between multiple collaborators [7,8].

A key challenge in these multiparty shared task settings is the scarcity of annotated

data [212], particularly where interventions emerge contextually but sparsely [7,8]. While

preference data generated with AI feedback is a viable option [213,214], DPO-trained mod-

els depend crucially on the sampling or data-generating distribution due to its Bradley-

Terry (BT) model of "implicit rewards," limiting their applications to dialogue-driven

settings where preferences may be intransitive [126] or change over time. This data-

dependence holds even for more sophisticated methods that optimize on human util-

ity [215], discard the BT assumption [49], or use iterative online approaches [207,216,217].

Game-theoretic approaches to reduce this dependence focus on optimizing a "general

preference model" [50,109] that doesnot suffer from this data-bias. But these have limited

practical application due to their compute-intensive nature, often requiring the storage

and computations with intermediate-stage policies during training [110]. In contrast, FAAF

avoids this data-dependence by explicitly conditioning policies on belief-misalignment in

a speci�c dual alignment formulation which we derive in a simple "one-step" supervised

manner without requiring computations of complicated mixture policies during train-

ing. FAAFrepresents an instance of "frictive policy optimization" (FPO) as argued for by

Pustejovsky and Krishnaswamy [218]—speci�cally an instance of Friction-Based Preference

Pairing (FPP).

4.2 Problem Formulation

Our main goal of this section is to de�ne the problem setting to ef�ciently retrieve the

optimal policy p �
f —the ideal intervention agent that is responsible for generating friction

interventions in collaborative dialogues. As de�ned above, let f be a frictive intervention
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(utterance) that is not required to contradict any particular belief encapsulated in a frictive

state f , and let the human preference probability P( f � f ) be the probability that an

expert annotator (or collaborator) would prefer f over maintaining f , given prior dialogue

history, x.

In its simplest formulation within Chain-of-Thought (CoT) approach [139], the friction

agent is modeled as a policy distribution p f that sequentially generates frictive states,

sampling f i � p f (� j x, f 1, . . . , f i � 1), and ultimately producing the �nal friction inter-

vention f � p f (� j x, f 1, . . . , f n). Here, f , or the frictive state, consists of sequentially

sampled tokens that textually represents the observed beliefs of collaborators in the dia-

logue, analogous to "thoughts" in standard CoT-based reasoning frameworks [219]. Unlike

standard CoT-based alignment, which relies on self-rewarding strategies, we frame friction

agent alignment within preference-based RL (PbRL; [122]). Prior work [220] shows CoT

frameworks bene�t signi�cantly from contrastive signals in preference learning.

Preference-based RL avoids estimating the partition function Our key insight is that to

retrieve the optimal policy p �
f , we can leverage established methods from RLHF and PbRL

by formulating the problem as a KL-divergence constrained minimum relative entropy

optimization [102], a well-known approach with a closed-form solution [103].

J�
RLHF(p f ) = max

p f
E f � p f

[P ( f � f j x)] � b DKL (p f k p ref) (4.1)

This formulation (Eq. 4.1)—where J�
RLHF enforces a KL-based "soft"-constraint on the

parametric form of p �
f w.r.t. the reference policy p ref—provides crucial tradeoffs between

training stability and balancing exploration vs exploitation. Speci�cally, J�
RLHF ensures that

p �
f retrieves the best possible preference probabilities for its generated interventions f , as

assigned by P( f � f ), whether over the distribution of preferences encoded in an of�ine
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dataset [9] or from online sampling � p f during training [11], while being distributionally

close to an "already-good" imitator—the Supervised-Finetuned (SFT) reference model [221].

Notice that unlike standard RLHF, we formulate J�
RLHF such that p �

f takes the form

p �
f (� j f , x) and is explicitly conditioned on the frictive state f , apart from x. This is

intentional since we hypothesize that an ideal friction agent does not intervene arbitrarily,

which in a collaborative task setting would cause distraction. Rather, it is conditioned to

resolve the lack of common ground thereof between human collaborators, by de�nition—as

observed in f . While prior work [110, 220] explores preference alignment in LLMs in

such CoT-conditioned scenarios, we provide a more principled approach to proving the

existence and the uniqueness ofp �
f that J�

RLHF seeks to retrieve. Mathematically,

p �
f ( f j f , x) =

p ref( f j f , x) exp
�
b� 1p( f � f j x)

�

Z � (f , x)
, (4.2)

where Z � = å f 0p ref exp(b� 1P( f 0 � f jx)) is the �xed partition function which does

not depend on f and can be safely ignored in the optimization of J�
RLHF [9].

This representation of the optimal intervention policy p �
f (Eq. 4.2) is unwieldy since it

contains a partition function term Z � (f , x) in the denominator that normalizes the proba-

bilities of all possible responses. Therefore, while the optimal policy is closed form, the

dependence onZ � makes it practically intractable to estimate the policy directly for LLMs

since Z � is a summation over the set of all possible sequences of tokens in the tokenizer,

often requiring methods like importance sampling [222] or ensembling models [223] for

an unbiased estimate. Importantly, this problem remains even if the set of friction inter-

ventions F were a restricted subset of the space of all possible actionsY . To overcome this,

prior Preference-based RL [122] works suggest supervised learning algorithms for obtain-

ing an optimal policy induced under the expectationover a preference dataset. These of�ine

methods, such as DPO [9], IPO [49], or Kahneman-Tversky Optimization (KTO; [215]),

either rely on the BT model of preferences [87] where the optimal policy can be induced

from a static preference dataset using implicitly-de�ned pointwise rewards, or assume
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that alignment is conducted with access to a non-biased data-generation or “sampling”

distribution mfrom which p �
f can be learned using pairwise preferences without adopting

a strictly BT assumption [49]. 26 These approaches would give us the following formulation

for p �
f :

p �
f =

p ref exp

 

b� 1E f � m(�jx)
f � m(�jx)

Y (P ( f � f j x))

!

Z � (f , x)
, (4.3)

where Y (p) is the identity mapping for IPO, and log
�

P
1�P

�
(inverse sigmoid) for DPO

and KTO. During model training to retrieve p �
f , these algorithms remove the dependence

on the partition function either by leveraging the BT model of pairwise preferences (like

DPO or KTO) or using the idea of symmetry of preferences [50].

Data Bias in PbRL While the practicality of these of�ine supervised algorithms is a clear

advantage, their dependence on preference data selected via sampling is a limitation in

reconstructing the human preference probability P . This is particularly true for collab-

orative dialogue tasks where common ground changes over time, meaning that frictive

states at test time may not occur in distributions similar to those in which they occur in

the training data, and where participants may not intervene due to variables obscure to a

language model, such as not realizing the existence of a frictive state or judging the frictive

state to benon-functional. Operationally, even if the true underlying preferences ( P ) of

collaborators are transitive and consistent, constructing a preference dataset for use with

existing of�ine training methods is not straightforward; dialogue distributions may be

skewed or sparse [7]. When using generative AI to create denser training data, even high-

capacity LLMs like GPT-4 are prone to various forms of biases such as toward length [185]

or certain linguistic registers. Therefore, the core motivation of FAAFis as follows—how do

we train a high-quality friction agent that can leverage the inherent scalability of of�ine

alignment methods and reconstruct the true underlying preference distribution, while

26By “sampling,” we mean those actions that make it to the preference annotation phase after being sampled
with the data-generator m.
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still being robust to the data skew that may arise when sampling a preference dataset,

whether using generative AI or from real-life collaborative dialogues?

4.2.1 FAAFObjective

In order to address the above problem, we de�ne a novel two-player adversarial

optimization objective J�
FAAF(Eq. 4.4) to resolve the above question. Speci�cally, given a

reference model p ref and a regularization parameter b 2 R+ , our goal is to learn two

interdependent “collaborative” policies: (i) a frictive state policyp �
f that generates the

most semantically rich frictive states f , capturing tensions or uncertainties (in the form

of �rst-order beliefs of dialog participants) in dialogue, and (ii) a friction intervention

policyp �
f that generates constructive interventions f , conditioned on the frictive state, to

steer the discourse toward greater clarity and converge onto a common ground between

participants. Mathematically,

J�
FAAF= min

p f
max

p f
E x� r

f � p f (�jx)
f � p f (�j f ,x)

"

P( f � f j x) � bDKL (p f k p ref j f , x) + bDKL (p f k p ref j x)

#

.

(4.4)

Notice how the optimal intervention policy p �
f , by de�nition of the inner max operator,

generates interventions that are, on average, most preferred by collaborators, while the

�rst KL-divergence term, de�ned as DKL (� j f , x), stabilizes learning in p �
f by keeping it

closer to a reference model. Compared to a standard RLHF objective, the additional KL

term DKL (p f k p ref j x) forces the frictive state policy p �
f to be adversarially robust, in that

it must ensure that sampled frictive states f � p �
f cannot be exploited by p �

f to generate

subpar interventions that remain too close to the reference model. Thus, the FAAFobjective

seeks to retrieve policies that adapt to dialogues over time 27: the frictive state policy

27We can think of this temporal dimension as sequential tokens sampled in the trajectory.
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searches for the most immediate tension points or exposes the lack of common ground

between task participants, while the intervention policy generates outputs that remain

grounded in the particulars of the relevant frictive state (e.g., regarding the correct task

items or propositions), and naturally and intuitively prompts for re�ection and deliberation

on these points. The key takeaway is that optimal friction interventions should not be

arbitrary interventions in the dialogue, but should surface the presuppositions that

gave rise to the most logically necessary frictive state, making interventions precise and

interpretable.

4.2.2 Deriving the "Of�ine" FAAFObjective

FAAFas a single trainable policy While the previous section de�nes the FAAFobjective

J�
FAAFin its full game-theoretic form, it is not easily optimizable in practice. The core dif�-

culty lies in the nested expectations, which require sampling both the friction intervention

and the frictive state from their respective policies, p f (� j f , x) and p f (� j x). This intro-

duces two major challenges for real-world LLM training: (1) repeatedly sampling from two

large policies is computationally expensive, and (2) storing and optimizing two separate

billion-parameter policies simultaneously is infeasible.

For practical ef�ciency, we aim to achieve two goals. First, we desire an of�ine learn-

ing procedure that can train directly from a dataset of pre-generated interventions and

frictive states, without requiring sampling during optimization. Second, we seek a for-

mulation that replaces the two-policy optimization with a single trainable policy, while

still faithfully capturing the underlying game-theoretic structure. In other words, we

require a formulation that expresses the preference between any pair of interventions f1

and f2 purely in terms of both the optimal frictive-state policy p �
f (� j x) and the optimal

friction-intervention policy p �
f (� j f , x). Although prior work [50, 110, 224] has shown

that collapsing similar min–max objectives into a single policy—representing the Nash

equilibrium [225]—does not degrade optimality, these results do not immediately apply to

FAAF. For example, unlike standard comparisons which evaluate an intervention f directly
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against an alternative f 0, FAAFevaluates the preference of an intervention relative to a frictive

state( f vs. f ), creating an asymmetry absent in earlier formulations.

Proof sketch: deriving the FAAF empirical objective

• Inner maximization. We �rst isolate and solve the inner max term of the FAAF
objective (Eq. 4.4), obtaining a closed-form optimal intervention policy p �

f
(Proposition 2). This establishes existence but is not yet usable, since it does
not include the frictive-state policy p �

f .

• Substitution and reduction. Substituting p �
f back into the objective removes

the max term and reduces the problem to a single minimization that is al-
gebraically more tractable. We show the steps involved in Lemma 7 (in Ap-
pendix B).

• Lagrangian derivation. Using a Lagrangian formulation and results from
Lemma 8 and Lemma 10 (also in Appendix B), we derive the optimal frictive-
state policy p �

f and, under preference asymmetry [49,50], obtain a supervised
`2 loss that serves as the empirical "of�ine" FAAF alignment objective. Ap-
pendix B provides a step-by-step derivation.

• Uniqueness. Under the stated assumptions, this empirical objective (Eq. 4.7)
admits a unique minimizer (Proposition 3).

Figure 4.2: Steps outlining the derivation of the FAAFof�ine objective that can be trained with a
single LLM acting as the friction intervention policy that conditions its outputs on the dialogue
context x and the frictive-state f .

While the data is constructed in a standard pairwise preference format, the FAAFop-

timization conditions on both the dialogue context x and the textual frictive state f . To

obtain an empirically usable of�ine objective from the two-player formulation in Eq. 4.4,

we proceed in three steps. First, we solve the inner maximization analytically, yielding a

closed-form optimal intervention policy p �
f (Proposition 2; see also Appendix B, Lemma 7).

Substituting p �
f back into the objective collapses the original min–max problem into a

single minimization, which we then analyze via a Lagrangian approach, using Lemma 8

and Lemma 10 (Appendix B) to derive the optimal frictive-state policy p �
f and, under

preference asymmetry [49,50], a supervised`2 loss that de�nes the of�ine FAAFalignment
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objective (Eq. 4.7). Finally, we show that this empirical objective admits a unique mini-

mizer (Proposition 3), yielding a single-LLM training objective that remains faithful to the

original two-player formulation (cf. Figure 4.2).

Proposition 2 (Optimal friction intervention policy) . Fix a dialogue contextx, a frictive state

f , and a strictly positive parameterb 2 R �
+ . LetF denote a �nite friction token alphabet, and let

p ref(� j f , x) be a reference friction policy. For any �xedp f , consider the inner maximization in

Equation(4.4), given by

L b(p f ) = max
p f

h
E f � p f (�j f ,x)

�
p( f � f j x)

�
� b DKL(p f k p ref j f , x)

i

= max
p f

h
å
f 2F

p f ( f j f , x) p( f � f j x) � b DKL(p f k p ref j f , x)
i
. (4.5)

Then there exists a unique optimal friction intervention policyp �
f (a valid probability simplex

satisfyingå f p f ( f jf , x) = 1) achieving this maximum, and it is given by the Boltzmann-form

update

p �
f ( f j f , x) =

p ref( f j f , x) exp
�
b� 1p( f � f j x)

�

Z � (f , x)
, (4.6)

whereZ � (f , x) = å f 02F p ref( f 0 j f , x) exp
�
b� 1p( f 0 � f j x)

�
is the corresponding partition

function. In particular,

p �
f = arg max

p f

L b(p f ).

Proposition 2 shows that the friction intervention policy p �
f admits a closed-form

solution in terms of the reference model and an exponentiated preference distribution.

While closed-form optimal policies are standard in maximum-entropy learning [102,103]

and in recent LLM alignment methods [9], our result extends this observation to the

FAAFsetting: a closed-form expression still exists even when the policy is additionally

conditioned on frictive states f , and when interventions are selected to be preference-

optimal. A full proof is provided in Appendix B.
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Importantly, although p �
f (Eq. B.2) is closed form, it is not fully expressive because it

does not contain the optimal frictive-state policy p �
f . Ideally, we would like a single prefer-

ence expression that jointly captures both policies. Since p �
f is available in closed form,

we substitute it into the original FAAFtwo-player objective, eliminating the maximization

term and reducing the min–max problem to a single minimization. We then derive p �
f via

a Lagrangian formulation (see Appendix B.1). This yields exactly the representation we

seek: a closed-form preference relation between any two interventions f1 and f2 expressed

analytically in terms of both the optimal friction intervention policy p �
f (� j f , x) and the op-

timal frictive-state policy p �
f (�jx). This enables a simple supervised (̀ 2) objective—similar

in spirit to IPO [49]—that regresses the predicted preference expression derived from these

policies to observed relative preferences p( f1 � f2 j x) (conditioned on f ), assuming access

to suf�cient preference-annotated data. The resulting FAAF empirical alignment objective

is then:

Algorithm 2 Frictional Agent Alignment Framework

Require: Training data Dm containing tuples (x, f , fw, fl ), where x: prompt, f : frictive state, fw:
preferred response, fl : non-preferred response.

1: De�ne likelihood ratios:
2: DR = log

�
p q( fw jf ,x)
p ref ( fw jf ,x)

�
� log

�
p q( fl jf ,x)
p ref ( fl jf ,x)

�

3: DR0 = log
�

p q( fw jx)
p ref ( fw jx)

�
� log

�
p q( fl jx)
p ref ( fl jx)

�

4: Loss function: L = EDm[(1 � b(DR + DR0)) 2]
5: Gradient update: r qL = EDm[� 2bdr q log(DR � DR0)], where d = 1 � b( log DR + log DR0)
6: Update policy parameters q using gradient descent

L̂ (p q) = E (x,f , fw, fl )�D m

 

1 �

"

b log
�

p q( fwjf , x)p ref( fl jf , x)
p q( fl jf , x)p ref( fwjf , x)

�

| {z }
DR

+ b log
�

p q( fwjx)p ref( fl jx)
p q( fl jx)p ref( fwjx)

�

| {z }
DR0

#! 2

(4.7)
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where DR and DR0represent implicit reward differences [9,49], the former being explicitly

conditioned on the frictive state f , with no such conditioning on the latter.

Notably, this objective is optimized by a singleparametrized policy that leverages the

inherent expressivity of LLMs and induces a unique global minimum in the space of

policies. We provide an argument to justify the uniqueness of the global minimum of the

FAAFempirical objective in Proposition 3, drawing on a similar argument made in IPO [49].

Algorithm 2 provides a step-by-step FAAFtraining algorithm. 28 Additionally, unlike the

standard RLHF objective that assumes a Bradley-Terry model of preferences (which is

also used to derive the DPO objective [9]), the FAAFloss contains no sigmoid term and

therefore avoids the unbounded logit (via sigmoid gating) problem [49] that causes policy

degeneracy issues we saw in Chapter 3.

Proposition 3 (Uniqueness of the FAAFEmpirical Optimum) . Let mbe the sampling distri-

bution over intervention pairs such thatSupp(m) = Supp(p ref), and let the empiricalFAAFloss

be

bL (p ) = E ( f , f 0)� m

h
(1 � b(Dsf + Ds)) 2

i
.

Then the empiricalFAAFobjective admits aunique minimizer in the policy spaceP , up to additive

constants on the logit parameterizations ofp ( f j f ) and p ( f ) that do not affect the induced

probability distributions.

Proof. Assume by contradiction that there exist two distinct optimal policies p A , p B 2 P .

By their de�nition, L̂ (p A ) = L̂ (p A ) = 0 as p A and p B are global minima. Consider

28For compactness reasons here we represent all policiesp as parameterized by weights q. Similarly to
approaches such as [110], because we formulate two distinct policies with the preference equation, we can
empirically enforce it using `2 loss and learn it with a single expressive policy parameterized by q.
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(sA
f , sA ) and (sB

f , sB) as their respective logit parameterizations where:

p k( f jf ) =
exp(sk

f ( f ))

å f 0exp(sk
f ( f 0))

p k( f ) =
exp(sk( f ))

å f 0exp(sk( f 0))
for k 2 f A, Bg

where p k( f jf ) and p k( f ) are the f -conditioned and f -unconditioned policies.

By the structure of our FAAFloss from Equation (B.29):

L̂ (p ) = E f , f 0� m

h�
1 � b(Dsf + Ds)

� 2
i

� 0

Notice that adding a constant c to all logits of sf or logits of s (directionally denoted as

the (c, . . . , c) 2 R) does not affect either policy probabilities due to softmax normalization.

For L̂ (p ), this is the only direction where the loss function might not be strictly convex.

Outside of these directions, any change in the logits would increase L (p ) with strict

convexity as a consequence fora 2 (0, 1), implying:

L̂ (ap1 + ( 1 � a)p 2) < aL̂ (p 1) + ( 1 � a)L̂ (p 2)

= a(0) + ( 1 � a)(0) = 0

where the equality follows from p 1, p 2 being global minima, by de�nition. This contra-

dicts the non-negativity of L̂ , which proves the uniqueness of the FAAFobjective.

4.2.3 Dataset Annotation and Generation

In Section 4.1, we discuss why common preference optimization datasets such as

Ultrafeedback, Reddit TL;DR, SGD, or MultiWOZ are not appropriate for FAAF's collab-

orative task use case. Therefore, we consider two collaborative task datasets to evaluate
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FAAF—DeliData [8] and the Weights Task Dataset (WTD; [1]). Notably, labeled instances

of frictive states and friction interventions are limited in these datasets, and our human

annotations of WTD resulted, on average, of four naturally occurring friction interventions

per group. Similarly, for DeliData, we found that friction interventions in the form of

“probing questions” are relatively rare, averaging only 3.46 interventions per group across

17,110 total utterances, underscoring the sparsity of explicit deliberation prompts in natural

collaboration. These datasets also exemplify the data sparsity problem with deliberation

and friction in collaboration. For more details on the raw datasets and the relevant tasks,

please check Section 2.5.

Training Dataset Construction While these collaborative datasets provide rich, situation-

ally grounded dialogues, they contain very few naturally occurring friction interventions

as discussed above. This extreme sparsity covers only a tiny fraction of the possible frictive

states implied by the combinatorics of the task space, and thus motivates the need for

controlled data augmentation to obtain suf�ciently diverse preference datasets for training

and evaluation. Another challenge is structural: the dialogues themselves are long and

highly interactive (WTD alone spans nearly three hours of audiovisual material [1]), in

sharp contrast to typical preference-alignment datasets in which samples are short (e.g.,

single responses to instruction prompts or summaries). At the utterance level, however,

these collaborative corpora still contain only thousands to tens of thousands of annotated

turns—roughly comparable in scale to datasets such as UltraFeedback [4]—highlighting

the distinct nature of collaborative alignment data.

To address sparsity, we constructed augmented training datasets using GPT-4o as a

high-capacity sampling distribution m. Following a self-rewardingparadigm [214], GPT-4o

was prompted to simultaneously (i) identify candidate frictive states, (ii) generate multiple

friction interventions (with rationales), and (iii) assign preference-like scores that induce

an implicit ranking. For each dialogue, we supplied sliding windows of h preceding utter-

ances (with h = 15 for DeliData and h = 10 for WTD) together with colloquial explanations
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of our friction de�nitions. 29 From these generations, we constructed contrastive training

tuples by pairing “winning” and “losing” interventions ( fw, fl ) conditioned on dialogue

history x and frictive state f , yielding preference datasets of the form (x, f , fw, fl ) for each

collaborative task. These augmented datasets allow us to evaluate alignment methods

under realistic conversational structure while maintaining suf�cient intervention diversity

to support meaningful preference learning.

For each dataset, we conducted additional task-appropriate augmentation. For Deli-

Data, we constructed alternative tuples where the speci�c cards mentioned in the original

data were replaced with other cards of the same classes that preserved the relevant rule

(i.e., replacing even numbers with other even numbers, consonants with other consonants,

etc.). This resulted in 68,618 preference samples for training, with average m-assigned

reward for preferred samples of 8.03 and for dispreferred samples of 3.96 (out of 10). We

held out 50 randomly-sampled dialogues for testing.

Since the original WTD contains only 10 dialogues, holding one or two out for evalua-

tion would adversely impact the data distribution. Therefore we used Shani et al. [124]'s

method to generate novel simulated collaborative conversations about the Weights Task,

providing a task descriptions and ground-truth values for the weights. GPT-4o was

prompted to role-play personality-facet combinations from the Big 5 personality types [6],

and for each labeled frictive state f we generated and scored 6 friction interventions.

This resulted in two distinct versions of the WTD preference dataset. The Simulated

WTD friction dataset consisted of 56,698 training preference samples, with mean scores

of 8.48 (preferred interventions) and 6.01 (dispreferred). 54 dialogues were held out for

testing. The Original WTD friction dataset contains 4,299 preference samples (preferred

mean score 8.36, dispreferred 6.35). These wereall retained for an OOD evaluation of

FAAFtrained on the Simulated WTD data. See Appendix B.2 for speci�cs of data generation

29The prompts used to render frictive states into plain language are provided in Figure B.1 and Figure B.2 in
Appendix B.2.
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and Appendix B.6 for a distributional analysis of the Original and the Simulated WTD

data.

Human Validation We conducted a human evaluation to validate the quality of the

GPT-generated friction intervention on a random representative subset of 50 pairwise

samples each from both the DeliData and WTD generated test datasets.30 For each sample,

2 annotators31 were asked to choose which of the two candidate interventions was more

appropriate for provoking participants' re�ection to help them advance in their task

without being given the solution. Average Cohen's k on WTD samples was 0.58 and

on DeliData samples was 0.92, indicating substantial to near complete agreement on

which was the better intervention, and indicates that the preferred/dispreferred friction

distinction sourced from GPT-4o as maligns with human judgments. Appendix B.5 contains

additional details on our human evaluation of friction interventions across dimensions

such as reasoning quality, speci�city and their thought-provoking nature.

4.3 Experimental Setup

Research Questions. Our experiments are designed to evaluate the following:

RQ1: Preference-aligned performance. How do friction interventions generated by LLMs

trained with FAAFcompare to those generated by baseline methods when evaluated

using a preference model (e.g., a high-capacity LLM judge), relative to a �xed SFT

reference model?

RQ2: Head-to-head policy comparison. How does FAAFcompare to competing alignment

policies (e.g., DPO-trained models) when evaluated head-to-head using a trained

reward model?

30WTD samples include both Original and Simulated interventions.

31Our two human annotators have the following demographic breakdown: both male, college undergradu-
ates, one Caucasian, one African, both �uent English speakers.
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RQ3: Generalization to out-of-distribution settings. How well can FAAFgeneralize to

real human dialogue transcripts, even though all models were trained only on AI-

generated synthetic data? If so, to what extent compared to competing approaches?

Training Setup and Baselines We use Meta-Llama-3-8B-Instruct [93]32 for all exper-

iments including baselines. All aligned models received exposure to the frictive state

annotations during training to ensure fair comparisons on the friction intervention task.

For an in-depth evaluation of FAAF's capabilities, we include comparisons to the Supervised-

Finetuned (SFT) model as well as the base instruct model generations in our experiments.

For "of�ine" contrastive approaches to compare to, we choose DPO [9] and IPO [49] and for

"online" approaches, we include a Proximal Policy Optimization (PPO; [11]) baseline. For

SFT, we employ rejection sampling [115] to maximize the likelihood of interventions that

receive high rewards under m. For SFT, DPO, and IPO, the respective losses are computed

only on the output tokens and frictive states f , excluding dialogue context tokens. This

training approach ensures that the models learn to generate effective interventions while

maintaining contextual understanding. For PPO, we train an OPT 1.3B [182] reward model

on each dataset using a standard Bradley-Terry loss [19] over preference pairs. Forablations,

we consider variants of FAAFthat ablate the different likelihood ratios— FAAFDR keepsonly

the f -conditioned implicit rewards in the FAAFobjective (line 2 in Algorithm 2), and FAAFDR0

removes f -conditioning (keeping only line 3). At inference time, all models only receive

the dialogue history up until the point at which an intervention is generated, and receive

no look-ahead. Appendix B.7 provides more details on training and hyperparameters.

Evaluation Strategies As LLM generation is open-ended, we employ an LLM-as-a-judge

(using GPT-4o) "win-rate" evaluation method where a high-capacity model is prompted to

select its preference, given two completions, and conducts a multidimensional evaluation

of its preferences. First, we sampled friction interventions from all competing models

32https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
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on 500 randomly sampled prompts from the DeliData , Simulated WTD and Original

WTD test sets. Next, we conducted two evaluations using said completions, one with a

preference-model [50] and another with a reward-model [104]. Since GPT-4o also served

as the data generation distribution m, preference-model evaluation compares the two

presented choices and nothing else in the data, mitigating lingering bias toward m[50].

Within preference-based evaluation settings, we adopt the framework proposed by [4]

to retrieve utility scores across seven friction dimensions, building on insights from Chen

et al. [226]. Speci�cally, we assessrelevanceand alignment with rationale and golden sam-

ples33 to determine how well a friction intervention aligns with surface-level semantics.

Meanwhile, actionability, speci�city, thought-provoking, and impactmeasure its expected

long-term in�uence on behavior, reasoning, and decision-making. The LLM-judge as-

signs Likert-type scores across these dimensions, providing a �ne-grained evaluation

of task-speci�c preference desiderata. These scores are collected in a pairwise fashion

where p q-generated interventions fi from a baseline are compared with p ref-generated

counterparts, f j . We positionally swap these interventions in the evaluation prompt (Fig-

ure B.4 in Appendix B.4) for each API call and average the scores for each of the seven

dimensions over two runs to mitigate positional bias [185] in computing the �nal win rates.

Speci�cally, for any pair of interventions ( fi , f j ), let s(x, f� ) denote the score estimate34

for intervention f� given context x. The win-rate percentage for a run is computed as

100� 1
N å N

m= 1 1f s(x(m) , f (m)
i ) > s(x(m) , f (m)

j )g, where N is the total number of samples,

and x(m) represents the context of the mth sample. See Table 4.1.

The above evaluation tests for preference alignment advantage of the aligned model

over p ref. For a more robust evaluation, we compare FAAF's generations "head-to-head"

against all baselines. Here, instead of the preference model, we utilize the trained OPT 1.3B

33A subset of these gold friction interventions was used for human evaluations (see Section 4.2.3).

34In this evaluation, "overall" (�rst column in Table 4.1) is computed based on the judge's choice of winner
after rating all other dimensions. As such, s(x, f� ) represents scores over these �ne-grained friction
preference desiderata, and "overall" does not necessarily represent an average or aggregate of the other
dimensions but rather a binary judgment based on them.
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Reward Model (RM) as described in our PPO training setup. These pointwise estimates of

rewards provide a more accurate assessment of the advantage provided by FAAFproposed

approach when directly pitted against other alignment baselines. Speci�cally, we compare

FAAFDR, FAAFDR0 as well as our full objective baseline (FAAFD(R+ R0)) against all chosen

baselines. We compute the reward accuracy (or win-rates) similarly and report our results

in Table 4.2.

Policy Overall Ac Ga Im Rf Re Sp Th

DELIDATA

PPO 68.9� 1.5 59.9� 1.5 65.4� 1.5 68.6� 1.5 64.9� 1.5 65.1� 1.5 71.1� 1.4 64.0� 1.5

IPO 70.1� 1.4 61.2� 1.5 65.7� 1.5 69.3� 1.5 65.3� 1.5 65.5� 1.5 72.1� 1.4 64.1� 1.5

DPO 70.8� 1.4 61.0� 1.5 66.8� 1.5 69.6� 1.5 66.1� 1.5 67.5� 1.5 72.2� 1.4 66.2� 1.5

FAAF 75.7� 1.4 65.6� 1.5 69.5� 1.5 75.0� 1.4 72.0� 1.4 71.1� 1.4 75.3� 1.4 70.4� 1.4

WTD O RIGINAL

PPO 76.0� 4.3 74.0� 4.4 75.0� 4.3 75.0� 4.3 67.0� 4.7 70.0� 4.6 73.0� 4.4 74.0� 4.4

IPO 82.0� 3.8 87.0� 3.4 75.0� 4.3 84.0� 3.7 75.0� 4.3 80.0� 4.0 88.0� 3.2 78.0� 4.1

DPO 89.0� 3.1 92.0� 2.7 82.0� 3.8 89.0� 3.1 84.0� 3.7 87.0� 3.4 89.0� 3.1 79.0� 4.1

FAAF 90.9� 2.9 81.8� 3.9 84.8� 3.6 90.9� 2.9 86.9� 3.4 89.9� 3.0 88.9� 3.1 90.9� 2.9

WTD SIMULATED

PPO 73.6� 1.5 69.7� 1.5 64.9� 1.6 74.2� 1.5 67.6� 1.6 71.9� 1.5 78.1� 1.4 78.3� 1.4

IPO 83.0� 1.3 74.8� 1.4 78.4� 1.4 82.9� 1.3 76.9� 1.4 81.4� 1.3 82.5� 1.3 83.2� 1.2

DPO 82.9� 1.3 80.4� 1.3 75.8� 1.4 81.3� 1.3 72.9� 1.5 76.3� 1.4 80.2� 1.3 79.2� 1.4

FAAF 91.5� 0.9 87.5� 1.1 87.1� 1.1 90.1� 1.0 82.0� 1.3 85.1� 1.2 90.3� 1.0 90.1� 1.0

Table 4.1: Win-rates (%) against the SFT model (p ref) for all alignment methods on sampled
interventions (temperature of 0.7, top- p of 0.9) from 500 randomly-sampled prompts from DeliData
and WTD evaluation sets, according to GPT-4o. Metrics: Ac (Actionability), Ga (Gold-alignment),
Im (Impact), Rf (Rationale-�t), Re (Relevance), Sp (Speci�city), and Th (Thought-provoking). The LLM-
as-a-judge evaluation follows [4]. Average win rates are reported over two runs, with positional
swapping to mitigate position bias.

4.4 Results and Analysis

Table 4.1 shows that in the eyes of the the LLM-judge, FAAFmodels have a consistently

greater advantage over the SFT modelp ref than other baselines across the 7 preference

dimensions and overall, noting that when competitor methods beat FAAF, the advantage is
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Dataset Policy Win-rate vs. Base Win-rate vs. SFT Win-rate vs. DPO Win-rate vs. IPO Win-rate vs. PPO

DeliData
FAAFDR0 82.2� 1.7 78.8� 1.8 74.0� 1.9 53.6� 2.2 79.2� 1.8

FAAFDR 85.8� 1.5 81.4� 1.7 73.2� 1.9 54.2� 2.2 73.4� 1.9

FAAFD(R+ R0) 86.2� 1.5 84.0� 1.6 75.6� 1.9 79.6� 1.8 76.0� 1.9

WTD Orig.
FAAFDR0 78.0� 5.8 78.0� 5.8 76.0� 6.0 58.0� 6.9 58.0� 6.9

FAAFDR 68.0� 6.5 74.0� 6.2 72.0� 6.3 62.0� 6.8 70.0� 6.4

FAAFD(R+ R0) 84.0� 5.1 76.0� 6.0 74.0� 6.2 74.0� 6.2 82.0� 5.4

WTD Sim.
FAAFDR0 79.1� 1.9 80.2� 1.8 70.4� 2.1 68.6� 2.1 60.8� 2.3

FAAFDR 85.7� 1.6 80.8� 1.8 70.8� 2.1 72.2� 2.1 74.8� 2.0

FAAFD(R+ R0) 88.0� 1.5 83.7� 1.7 72.8� 2.0 73.7� 2.0 75.1� 2.0

Table 4.2: Win rates of of FAAFvariants—FAAFDR0 (not f -conditioned), FAAFDR (f -conditioned), and
FAAFD(R+ R0) (full objective)—against competing methods in pairwise comparisons (temperature
of 0.7, top-p of 0.9). All alignment baselines are SFT-initialized and Meta-Llama-3-8B-Instruct is
used as Base.

usually within the margin of error. For instance, in "overall" preference on the DeliData test

samples,FAAFachieves a 75.7% win-rate overp ref, surpassing PPO (68.9%), DPO (70.8%),

and IPO (70.1%). On the WTD datasets, win rates for all models are higher, re�ecting p ref 's

weakness with the underspeci�ed nature of WTD dialogues; alignment on this data has

a greater net effect on win-rates than the generally less ambiguous DeliData. On WTD

FAAFis a clear all-around winner, at 90.9% (vs. DPO's 89.0% and 82.0%) and 91.5% (vs.

DPO's 82.9% and IPO's 83.0%) on the Original and Simulated WTD datasets, respectively.

We �nd that FAAF's win-rates on dimensions such as actionabilityand gold-alignment

are somewhat lower compared to other dimensions—possibly re�ecting that multiple

kinds of interventions may be appropriate in context. However, across dimensions like

thought-provokingand rationale-�t we �nd that FAAFimproves 5-6%, or even up to 12% over

equivalent PPO, IPO, and DPO win-rates.

PPO's win-rates consistently lag across all datasets (this is particularly pronounced on

the WTD data), indicating the challenge that the dimensions of friction pose for a standard

approach. DPO is typically FAAF's closest competitor against p ref, with the narrowest

average gap in win-rates.

Robustness to OOD Generalization FAAFmaintains superior performance on the Orig-

inal WTD dataset (Overall: +1.9% over DPO, +8.9% over IPO, and +14.9% over PPO).
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No model was explicitly aligned to this data, and so this result shows FAAF's robustness

to OOD settings compared to other approaches. This is particularly noteworthy given

that the Original WTD dataset comprises word-for-word transcriptions of actual human

dialogues—with dis�uencies, sentence fragments, etc.—which differs markedly from the

grammatical, structured text typically found in LLM training data or the preference pair

samples in the Simulated WTD data. That FAAFgeneralizes well to organic human data

provides a strong basis of con�dence that a FAAF-aligned agent, jointly-conditioned on

the dialogue transcript and frictive state rendering f , could effectively intervene in and

mediate real collaborations, where dialogues are often sparse, informal, and structurally

distinct from LLM-generated text [227].

DPO—although also optimized against f as part of the context (Section 5.4)—suffers

from the Longest-Common-Subsequence problem [47]35 due to the Bradley-Terry prefer-

ence model assumption where dependence on the context via DPO's log-partition term

is effectively canceled in gradient estimates. In contrast, FAAF's combined DR and DR0

regularization (Algorithm 2) avoids missing such signals in its learning, thereby allowing

it to capture more nuanced human preferences.

While the multidimensional analysis on dimensions such as impactand actionabilitydoes

not test actual human responses to the sampled intervention, it does maintain evaluation

under consistent conditions without creating counterfactual branching due to responses

generated under the in�uence of interventions, which would create divergent evaluation

conditions.

Does f -conditioning help FAAFlearn more accurate preferences? Table 4.2 shows results

from the trained OPT-1.3B RM's evaluation of the full FAAFD(R+ R0) objective and its ablated

variants—f -conditioned FAAFDR and unconditioned FAAFDR0—"head-to-head" against all

baselines, including the baseMeta-Llama-3-8B-Instruct model. Across the three datasets,

35The LCS issue in DPO, where gradient signals from tokens shared by winning and losing responses are
ignored, is well-studied [46,47,220].
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FAAFwin-rates computed with pointwise reward estimates on sampled interventions

exceed 80%, on average, against the base and SFT models, consistent with prior work [104].

We also �nd that while explicit conditioning on f provides clear advantages (e.g., +6.6% vs.

Base on Simulated WTD, +14% vs. PPO), and even the unconditioned version consistently

wins over baselines, neither term alone achieves the robust performance of FAAFD(R+ R0) .

Both IPO and FAAFuse a squared`2 loss. IPO's performance againstFAAF's ablations

suggests that this structural similarity makes it more competitive with FAAF(FAAFablations

beat IPO 53.6% and 54.2% on DeliData and 58.0% and 62.0% on Original WTD, compared

to anywhere from a 68–85% win rate against the Base model). In general, these ablations

demonstrate that neither variant alone is suf�cient. FAAFD(R+ R0) (the full objective) shows

consistently stronger performance against IPO (79.6% on DeliData, 73.7% on WTD Sim.,

74.0% on WTD Orig.) while maintaining high win rates across other baselines ( � 81% vs

Base/SFT, � 74% vs. DPO). These results, in light of the trends observed previously in

OOD evaluation, suggest that while FAAFDR learns rich f -conditioned preferences, the ad-

ditional regularization term DR0enables better reward space exploration and generalized

preference learning. The combination is crucial for robust performance.

FAAF's Fallback Mechanism and Robustness to Data Skew Note that we do not claim

that the policy trained with FAAF's empirical loss will have no dependence on the data

distribution (whether sampling frequency or quality-wise) at all. In of�ine settings where

the preference dataset is bound to a �nite sample, there will of course be some data

bias that affects the learned empirical model. As shown in line 4 of FAAFobjective in

Algorithm 2, FAAFis robust to possible data-skew because it combines two types of implicit

rewards (DR and DR0) to create a more robust learning signal, using terms that contain two

types of conditioning: p ( f jf , x) and p ( f jx). This reduces the impact of speci�c examples

appearing more frequently or with better quality in the training data. For instance, consider

training pairs where the frictive state f is not articulated well in the training data but the
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Figure 4.3: Ablation study of FAAF's b hyperparameter ( b 2 f 10, 5, 1, 0.01g) during training on
the Simulated WTD data (top half) and DeliData datasets (bottom half) across 2k and 1k training
steps respectively. Higher b values (e.g.,b = 10) show better implicit reward estimation as shown
in Reward Accuracyplots and estimated preference-strengths (Reward Margins), while very small
values (b = 0.01) fail to distinguish preferences effectively. b = 10 also minimizes NLL and
FAAFlosses suggesting model stability and better convergence. Note that our reported results with
FAAFmodels trained use b = 10 in Table 4.1 and Table 4.2.

intervention quality is high. These cases could emerge during training on of�ine LLM-

generated data, given the nature of the collaborative tasks studied here, where belief-states

are inferred from observable utterances. In such cases, the implicit reward term p q( fwjx)

will continue to boost the likelihood of effective interventions, even though the direct

contribution of f is effectively ignored in the gradient from DR term due to high string

similarity [101]. Intuitively, this provides a fallback option for the LLM to continue to

learn high-quality interventions (by hiking their token likelihoods), similar to how implicit
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reward margins are enforced in certain works such as SMAUG [101] or SIMPO [105].

However, unlike SIMPO [105], our fallback option is more dynamic and works adaptively

during training since we do not apply a �xed margin prior to training.

For live deployment of agents with humans [228], such a fallback mechanism would be

essential: in practice, it may be necessary to expose only a subset of tokens (e.g., preferred

interventions without frictive states), ensuring that the usefulintervention tokens retain

high average likelihood. This trend is empirically re�ected in the NLL (negative log-

likelihood) curve over winning/preferred intervention tokens in Figure 4.3 (top left). For

an appropriate value of b (10 in this case), we observe a clear, gradual decrease in NLL

across training, indicating that the model increasingly assigns higher likelihood to the

preferred interventions as learning progresses. Moreover, as expected from prior work [46],

the log-probabilities of winning tokens (conditioned on f ) tend to decrease on average even

as the reward margins increase. This behavior is fully consistent with the FAAFobjective in

Eq. 4.4 and aligns with our core motivation described in Section 4.2.

Our ablations sweeping over different values of b (Figure 4.3) further highlight this

effect: larger b values induce stronger implicit reward shaping for winning interventions,

leading to greater stability, clearer preference discrimination, and faster convergence. In

contrast, smaller b values (5 or lower) initially amplify the implicit reward but ultimately

cause the policy to degrade, resulting in low likelihood assigned to the true winning

samples.

4.5 Concluding Remarks

In this chapter we proposed FAAF, which provides a fresh perspective on LLM align-

ment, focusing on the problem of generating outputs that elicit reasoning and reexamina-

tion of assumptions and evidence in a collaborative context. This critical capacity can help

avert collaboration failure due to groups or individuals proceeding hastily according to

their own preconceptions [229], such that a fragile common ground collapses. We proposed
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a novel two-player objective with an analytical form that can be optimized using a single

policy (Section 4.2). We prove existence and uniqueness of the friction intervention policy

and provide an analytical representation of the FAAFempirical objective to learn optimal

policies directly from of�ine data. Through evaluations on three datasets representing two

different collaborative tasks, and with detailed ablations, we showed that FAAFbests other

common preference alignment methods in performance against a reference model, and

that FAAF's simultaneous conditioning on both the frictive state f and surface context x is

critical to its success.

From Of�ine Validation to Online Collaboration While FAAFgenerates more performant

interventions against competitor policies and generalizes to human-transcripts, a critical

gap still remains between of�ine validation and online deployment. Our evaluation in

this chapter compared generated interventions against expert-annotated "gold standard"

samples at speci�c turns within �xed dialogue trajectories, following established practices

from multi-turn benchmarks like MTBench [31]. While methodologically sound and

necessary for initial validation, this approach has fundamental limitations. First, it assumes

the availability of comprehensive gold-standard annotations—a resource that becomes

infeasible as the space of possible interventions and dialogue contexts grows, especially in

a realistic collaborative dialogue. More critically, of�ine evaluation cannot capture how

collaborators exerciseagency[230]—modifying, rejecting, or reinterpreting interventions

rather than passively accepting them. An intervention judged "optimal" against a gold

standard in isolation may fail when a collaborator responds unexpectedly, steering the

conversation in unforeseen directions.

Real humans are infamous for �ummoxing the most theoretically-rigorous AI sys-

tems [231] and so the performance of FAAF(or any other alignment method) in a real

multiparty collaborative setting remains an open question. Importantly, realistic human

collaborations are “structurally” different from of�ine benchmarks [7,8,45,65]: they unfold
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over many turns with each participant's response changing those of other interlocutors

(e.g., by changing the probabilities of future utterances), produce divergent trajectories

depending on which intervention agent participates, and involve coupled decision-making

where the intervention agent and collaborators mutually in�uence each other's behavior.

This poses both theoretical and empirical challenges. Theoretically, standard preference

alignment methods like DPO are formulated and proven optimal at the token level in

single-agent MDPs [46]. While FAAFhas been theoretically-grounded and empirically

validated for of�ine settings, we have yet to examine if this optimality transfers to col-

laborative settings where collaborators actively modify interventions before they affect

outcomes in a multi-agent setting. Empirically, when different intervention agents produce

divergent conversation paths, how can we fairly compare their quality at scalewhen tradi-

tional metrics (e.g., reward modeling or LLM Judging in single-turn bandits [69,130,206])

assume �xed contexts? Moreover, evaluation must assess not just �nal task outcomesbut

also collaborative processes—how well agents facilitate common-ground [25] construction

turn-by-turn, as partial progress matters even when tasks remain unsolved. These ques-

tions motivate Chapter 5, where we extend our framework to fully online, multi-party

collaborative settings.
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Chapter 5

Let's Roleplay: Examining LLM Alignment in

Collaborative Dialogues

A modi�ed version [232] of this chapter has been accepted for publication as an extended abstract

entitled “Collaborate, Deliberate, Evaluate: How LLM Alignment Affects Coordinated Multi-Agent

Outcomes,” in the Proceedings of the 2026 International Conference on Autonomous Agents and

Multi-Agent Systems, to be held in Paphos, Cyprus.

5.1 Introduction

Chapter Overview As people integrate LLMs into diverse work�ows in the role of col-

laborative partners, the models' behavior over multiturn interactions must be predictable,

validated and veri�ed before deployment. In this chapter, we provide new insights on

preference alignment for multi-turn collaborative tasks, speci�cally examining how dif-

ferent alignment methods affect LLMs' effectiveness as collaborative partners in realistic

multiparty collaborations. To study this, we provide a practical and scalable "collaboration

via roleplaying LLMs" framework 36, inspired by Li et al. [61], that allows us to run realistic

multiparty and multiturn collaborative simulations and evaluate various parts of the

collaboration process over two task domains. Figure 5.1 provides a high-level overview of

this framework.

Recall that in Chapter 4 we discussed how to train an optimal friction agent for col-

laborative dialogues—agents that intervene to encourage collaborative groups to slow

down and re�ect upon their reasoning, rather than acting as tutors who provide direct

answers [218, 233]. These friction interventions play a crucial role in mitigating belief

36Our code can be found at https://github.com/csu-signal/Roleplay-for-Collaborative-Dialogues
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Figure 5.1: Collaborate [L]: High-level overview of our agent roleplay and evaluation framework.
An "Oracle" friction agent generates conversations in which COLLABORATOR AGENT s (p C) collab-
orate to complete tasks. These dialogue trajectories are used to alignFRICTION AGENT s (p I ) for
deployment. Role-prompts in bottom left. Deliberate [C]: Sample collaborative roleplay from
DeliData Wason Card task [8] with successful task completion, and frictive state description at top.
Evaluate [R]: Common ground convergence and task outcomes with and without friction, and
reward modeling of intervention quality.

misalignment and breakdowns in common ground [25,26], challenges that frequently arise

in multiparty human collaborations [166,167,234].

Importantly, one of the key limitations of the evaluation of intervention agents in

Chapter 4 is that it was conducted in an of�ine manner using precollected dialogues with

reference “golden” friction annotations. Speci�cally, we evaluated intervention agents

by comparing their generated interventions against gold-standard samples at various

turns within �xed dialogue trajectories. This evaluation approach follows established best

practices from multiturn alignment benchmarks such as MTBench [31], which likewise

uses �xed dialogue contexts and gold-standard reference responses for fair comparison

across models. While this of�ine evaluation was methodologically sound and necessary

as a preliminary validation—particularly given the availability of high-quality friction

intervention samples across our full range of collaborative dialogues—it represents an

idealized evaluation condition that does not fully capture the dynamics of real collaborative

interactions [45].
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Agency of Collaborators In contrast to such of�ine evaluations, real collaborations be-

tween agents are inherently dynamic and online37 where each collaborator's response can

steer the conversation in substantially different directions. The of�ine FAAFevaluation

served as a controlled hindsight analysis, enabled by the availability of expert-annotated

data and gold-standard intervention samples. In practice, such resources are rarely avail-

able: the space of possible friction interventions is vast and context-dependent, making

comprehensive annotation infeasible. Moreover, even when using strong LLMs for refer-

ence annotations, their reliability degrades as dialogue trajectories diverge across different

intervention agents, and the annotation process itself remains resource-intensive and sus-

ceptible to bias [235], even with frontier models like GPT-4o. This makes of�ine evaluation

with gold references inadequate for realistic deployment scenarios where interventions

must be evaluated in truly dynamic, divergent collaborative interactions. In other words,

when evaluating intervention agents in truly collaborative settings, we must account for

the fact that collaborators actively express their agency[230]—they may modify, reject, or

reinterpret interventions rather than passively accepting them. This requires evaluation

within a modi�ed-action MDP (MAMDP) framework [236] where collaborators' responses

to interventions directly affect the collaboration trajectory. Critically, common preference

alignment techniques are typically developed under simpli�ed single-user settings [45]

and do not account for the dynamics of long-horizon multiparty interactions.

In multiparty collaborations, the dialogue context signals the participants' implicit

beliefs at the current timestep, but the actual next response changes the probabilities of

future responses, even those of participants who have not yet spoken. Therefore, it is

important to be able to predict and empirically validate how different LLM alignment

methods would perform given their underlying assumptions, so that we know to what

extent they can serve as reliable partners—beforelarge-scale deployment of such agents in

real world environments. This motivates the core research questions in this chapter. Specif-

37Online here refers to active multi-agent interaction during evaluation, not online RL training.
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ically, where there are countless ways a multiparty, multiturn collaboration can unfold,

particularly in the presence of different intervention agents, we ask the following critical

questions: (1) Can we de�nitively conclude that frictional interventions are bene�cial for

multi-agent collaboration in terms of common ground convergence between players? (2)

How do we ensure that such evaluation successfully integrates the actual causal variable

(the intervener) while controlling for the various ways the collaborator can react? (3) How

can we reliably conduct online multiparty collaborative evaluations with LLMs, and which

classes of alignment algorithms are optimal in such evaluations?

This chapter provides answers to the above three high-level questions from the lens

of preference alignment of LLMs. In Section 2.4, we introduced the modi�ed action

MDP (MAMDP) framework, and discussed how standard alignment methods are de�ned

and proven optimal in certain settings (token-level MDPs), but collaborative dialogue

requires intervention-level MAMDPs. We will show these methods can be analyzed at the

intervention level (via Bellman completeness), but under that analysis prove suboptimal

for MAMDPs because they ignore how collaborators modify interventions. Speci�cally,

we provide novel theoretical frameworks and empirical methodologies to measure the

quality of collaborative processes and outcomes in the presence of divergent conversations.

Our key contributions include:

(1) Theoretical Analysis via MAMDP Framework: We present the �rst analysis con-

necting modi�ed-action MDPs—previously studied only in small-scale toy problems with

small networks [236]—to large-scale LLM collaborative settings. Through this lens, we

demonstrate that standard “of�ine” preference alignment methods (including DPO and

its generalized variant IPO) do not retain their optimality guarantees in collaborative

MAMDP settings, where they effectively ignore the collaborator's active role in shaping

the dialogue. We provide proofs showing that FAAFexplicitly learns to model frictive states

through gradient propagation, while simpler variants fail to do so. This explains why FAAF
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outperforms baselines even with potentially biased AI-generated data—strengthening the

arguments presented in the previous chapter.

(2) Counterfactual Roleplay Evaluation Methodology: We introduce a novel counter-

factual evaluation technique to assess how well different alignment methods support both

common ground construction (collaborative processes) and task solution correctness (col-

laborative outcomes) over multiturn dialogues with divergent trajectories (see Figure 5.1).

This methodology reliably removes confounding elements that arise uniquely in multiturn

settings where dialogues diverge—a problem absent in single-turn evaluation.

(3) Empirical Insights on AI-Assisted Collaboration: Through experiments on two

collaborative tasks under multiple conditions, we derive key insights showing that insert-

ing friction interventions actually speeds upcommon ground convergence and improves

task outcomes, contrary to intuitions that friction might slow collaboration.

5.2 Problem Formulation: MAMDPs in Collaboration

We refer readers to the de�nitions of the frictive "belief" states and friction interventions

(see De�nition 7 and De�nition 8 respectively in Chapter 2) for our problem formulation

below. In this chapter's context, a FRICTION AGENT (p F) is an LLM aligned to generate

strategic friction interventions for resolving frictive states, while collaborator agents ( p C)

are LLM instances engaged in the multiparty collaborative dialogue. We identify a crucial

gap in training an optimal friction intervention agent in this scenario: standard Bellman-

optimal policies—that preference alignment algorithms seek to retrieve—assume a direct

mapping from action to state change, which breaks down when actions are mediated

by other agents. To address this, we adopt the Modi�ed-Action MDP (MAMDP) frame-

work [66], which explicitly models how interventions are transformed before in�uencing

the collaborative dialogue.

MAMDPs as de�ned in Section 2.4 exemplify real-world multiparty collaborations. In

particular, an agent's intervention doesn't directly change the state—it's �ltered through
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how other participants interpret, resist, or reshape it [22, 230, 237, 238]. While this issue

has been explored theoretically in prior MAMDP work [66,236], its implications for LLMs

within the context of preference alignmentremain underexamined. Notably, unlike classical

agents with small, structured output spaces, LLMs operate over high-dimensional lan-

guage where subtle word choices can drastically alter how interventions are received. This

also implies we must de�ne the actions of the said agents at the right level of abstraction in

the MAMDP since natural language is inherently ambiguous and even a single rephrasing

by one collaborator can �ip the pragmatic force of an intervention—suggesting that action

transformations can non-trivially affect the evolution of the collaboration, possibly without

backtracking. In other words, the problem setting requires actions to be de�ned at the

utterance38 level.

Theoretical Insights: Bridging Tokens to Interventions Importantly, while collaborators

modify interventions at the utterancelevel (complete suggestions or statements), standard

preference alignment methods like IPO [49] and DPO [9] are formulated and proven

optimal at the token 39 level. This is to say that if we were to use preference alignment

methods to learn an optimal intervention agent p F, we expect it to be optimal for the

reward function when it is de�ned at the token level—which is a more granular form of

abstraction than what would be relevant for real collaborative dynamics. For example, in

the context of a dialogue, it will be dif�cult to assign a reward or utility to an individual

LLM token (subword or a partial utterance) vs a meaningful suggestion like, “Can we

select the card A?”. This creates a gap: how can we analyze token-level methods in our

intervention-level MAMDP?

38Utterances are also natural higher level abstractions when concepts like “options” [239] or “macro-
actions” [151] are applied to language.

39These methods are typically conceptualized for bandit-like settings, but recent work [46] extends DPO's
optimality for per-token rewards.
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To bridge this gap, we establish a sequence of theoretical results that we validate with

experiments. First, we show in Lemma 4 that IPO-trained policies can be expressed as soft-

max policies over soft Q-functions that satisfy the token-level Bellman equation, extending

recent work on DPO [46] to the more general IPO framework. Using reward-shaping

theory [240] and standard Bellman completeness assumption [32,68], we then show40 that

the token-level Bellman optimality implies intervention-level Bellman optimality. This

connection allows us to analyze IPO/DPO—which achieve token-level optimality—at the

intervention level where collaborative dynamics actually occur. We brie�y state Lemma 4

below which is our novel contribution and provide the proof in Appendix C.1.

Lemma 4 (Token-Level IPO Equivalence). In a token-level MDP with deterministic transitions,

the policyp q trained usingY-Preference Optimization or IPO [49] withY = I (�) corresponds

to an optimal maximum entropy policy:p q(at jst ) = exp(Qq(st ,at )/ b)
å a0exp(Qq(st ,a0)/ b) , whereQq satis�es the

soft Bellman equation:Qq(st , at ) = r IPO(st , at ) + gEst+ 1[Vq(st+ 1)], whereI (�) is the identity-

mapping.

The above results establish that IPO achieves Bellman optimality at both the token

and intervention levels for standard MDPs. Intuitively, if a policy optimally covers the

token space, it also optimally covers the intervention space—similar to how options in

hierarchical RL preserve optimality when composing primitive actions into higher-level

behaviors [68,239]. Crucially, we �nd that this optimality does not extend to collaborative

MAMDPs. Speci�cally, in Theorem 1 we show how standard preference alignment algo-

rithms like DPO [9] and IPO [49] satisfy Bellman optimality conditions and have policy

structures that retain the optimal policy formulation, they are suboptimal for collaborative

settings because they disregard modi�cations made to the action space by COLLABORATOR

AGENT p C, and RL policies do not retain optimality guarantees when their actions are

modi�ed [236]. We state Theorem 1 below and provide a detailed proof in Appendix C.1.

40We establish this token-to-intervention equivalence in Lemma 11 in Appendix C.1.
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Theorem 1 (Y-Preference Optimization in Collaborative MAMDPs) . Let Y : [0, 1] ! R

be any non-decreasing function andb > 0 be a temperature parameter. LetPA (ajs, p F) =

å a02 A p F(a0js) � p C(ajs, a0), and represent modi�cations to the probability distribution over the

action space by a collaborator policyp C, and letp F be a friction agent policy trained viaY-

preference optimization in a collaborative MAMDPM f = ( M , PA ) with MDP M and PA

following [236]'s de�nition. p F satis�es Eq. 5.1:

p F(ajs) =
exp(QF(s, a)/ b)

å a0exp(QF(s, a0)/ b)
(5.1)

whereQF satis�es the Bellman optimality equation for the underlying MDPM . Thusp F is optimal

only when actions are sampled without modi�cation, and the Bellman-optimality ofYPO-aligned

p F disregards the collaboratorp C's modi�cations. For MAMDPs with LLMs, this uni�es [46]'s

derivation of DPO in the token MDP with [236]'s proposition that Bellman-optimal policies do not

consider action modi�cations, and extends it toYPO/IPO.

This distinction is critical as preference-aligned agents get deployed in real-world

collaborative settings, such as LLMs as "supportive" agents in learning environments [241 –

243]. Prior to deployment, different alignment techniques must be validated in a realistic

setting to determine which are likely to be the most reliable given the suboptimality risks,

beyond an atomized comparison to optimal policy outputs. In Section 5.3, we provide

task-speci�c details on two collaborative domains we study, including practical solutions

to training data generation and friction intervention agent training that resolve some of

the problems with standard alignment methods discussed above.

5.3 Collaborative Task Settings

Having discussed our theoretical contributions, we now provide task-speci�c details

on two collaborative tasks we investigated— (1) the Wason card selection task [152] as

captured in DeliData [8] and (2) The Weights Task [1]. Since Section 2.5 covers most of the

basic details of these datasets, we now focus on expert trajectory generation process from
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the raw datasets. The expert demonstrations generated here are then used for training

various alignment algorithms.

5.3.1 How Do We Train A Friction Agent?

Data Generation Naturally-occurring friction in collaborative task datasets is sparse,

which limits the search space of possible outcomes for a model trained only over real

data.41 Additionally, �xed datasets provide no way to test the effect of novel friction

interventions on the dialogue trajectory. We addressed both of these issues using a roleplay

simulation approach [61, 124] to simulate diverse human behavior and likewise LLM

behavior in those contexts. Following [61], a single expressive policy can be used to

roleplay multiple individual humans with appropriate prompting, and LLM roleplays of

human dialogue and reasoning behavior have been shown to have high correlation with

human labels [244, 245]. Our expert trajectory generation here differs from Chapter 4's

WTD Simulated in two ways: we use role-speci�c prompts for the collaborator and sample

dialogues over longer horizons.

We collected dialogue trajectories in the two tasks described in Section 5.3 (hereafter

referred to as DeliData and WTD) as roleplays between an expert oracle agentO acting as

the FRICTION AGENT and a COLLABORATOR AGENT p C that roleplayed all task participants,

consistent with the MAMDP. During data generation, we used off-the-shelf GPT-4o [246]

as a high-capacity LLM to simulate both agents. Roleplay began with a set of task-speci�c

guidelines. Every turn consisted of a back-and-forth interaction between the simulated

agents. Figure 5.1[L,C] shows a high-level schematic. The oracle's role as theFRICTION

AGENT was to track the dialogue, identify frictive states in the dialogue in terms of impasses

or breakdowns in common ground, and intervenewith high-quality friction statements

that prompt for re�ection and deliberation on those items of confusion. The collaborator

then continued the interaction roleplaying all the task participants in a single call to the

41For instance, "probing" interventions, the chief instance of friction in the DeliData dataset, occurs at a rate
of only 3.46 interventions per group, out of 17,110 total utterances (500 groups).
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LLM. 42 Figure 5.2 shows the full roleplay prompt used to generate friction interventions in

the Weights task. Figure C.2 shows the collaborator agent prompt used for continuing the

roleplay in the Wason Card in the explicit MA (modi�ed action) setting (See Section 5.4)

section task in DeliData [8]. This prompt is used for turns N = 2 to N = 14. See Figure C.1

for the prompt that was used for the �nal submission at N = 15. Note that for N = 1,

we use an identical prompt with the addition of an example dialogue to ground the task

(omitted due to space constraints). We use the highlighted text (in purple) to operationalize

the explicit MAMDP setting during evaluation, and simply remove the highlighted text

from the prompt during data generation for training friction intervention agents.

Collecting Trajectories Speci�cally, at each turn t of a dialogue, the oracle identi�ed

the current frictive state f t . Then, it generated K candidate friction interventionsf f jgK
j= 1

conditioned on the dialogue state si and frictive state f t . The COLLABORATOR AGENT p C

generated a responsecj to each candidate intervention. 43 These responses couldmodify or

reinterpretthe intervention's intent or semantic content, since this instruction is explicit

in the prompt. Using "self-rewarding" [214] the collaborator simultaneously scored each

interaction between 1 and 10, quantifying its effect on task progress. The highest and

lowest rated interventions, fw and fl , were selected using West-of-N [248] sampling. We

recorded these as a winner/loser pair ( fw, fl ) in the preference dataset Dpref with the

associated dialogue statesi and intervention f t . The full turn trajectory was appended to

D traj where each sample consisted ofsi , f t , and fw. fw and the collaborator's response cj

were appended to the dialogue state. This process continued for N = 15 turns. Algorithm 3

provide a detailed algorithm for data generation and training objectives. The generated

42The number of participants roleplayed by the collaborator varies based on the task: for WTD, the number
is �xed at 3; for DeliData, the number may be between 2–6, with an average of 4.3.

43Note that cj can represent more than one simulated participant's utterance to allow for multiple speaking
turns. In our experiments, the collaborator was explicitly guided to generate one utterance per turn for
each participant in the simulated group, where each participant had a personality trait sampled from a
pre-collected pool [247] to increase the diversity of simulated behaviors.
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Algorithm 3 Preference Data Generation and Training FRICTION AGENT

Require: Oracle agent p O, Collaborator agent p C, Bootstrap dialogues D = f digM
i= 1, Personality-

facet combinations P , Max turns N, Reference model (SFT)p ref

1: for each dialogue di 2 D do
2: Assign personality-facet combinations p � P to collaborators in di

3: si  di . Initialize roleplay with bootstrap dialogue
4: hi  [] . Initialize trajectory history
5: for turn t = 1 to N do
6: f t  O (si ) . Extract frictive state
7: GenerateK candidate interventions f f jgK

j= 1 � O (f t , si )
8: for each intervention f j do
9: cj  C ( f j , si , p) . Simulate collaborator response

10: Rate effectivenessr j  O ( f j , cj , f t , si )
11: end for
12: Select highest ranked intervention fw  arg max j r j . BON-sampling
13: Select lowest ranked intervention fl  arg min j r j . West-of-N sampling
14: Dpref  D pref [ f (si , f t , fw, fl )g . Add to preference dataset
15: hi  hi � (f t , fw, cw) . Append to trajectory history
16: D traj  D traj [ f (si , hi , f t , fw)g . Add to trajectory dataset
17: si  si � fw � cw . Update state
18: end for
19: end for
20: for each iteration di 2 T do
21: p q  p ref . Initialize with reference model
22: Train p q on Dpref using L FAAF :

L FAAF = EDpref

" �
1

2b
� (DR + DR0)

� 2
#

(5.2)

23: p q  p ref . Initialize with reference model
24: Train p q on D traj using behavior cloning loss:

L BC-expert(p q) = � E (si ,hi )�D traj

2

4
t

å
j= 1

j f j j

å
k= 1

log p q( f k
j jsi , hi ,< j , f j , f < k

j )

3

5 (5.3)

25: return p q

DeliData includes chat dialogue only, while WTD may include actions/gestures as "stage

directions."

Training A FRICTION AGENT should not only help task completion, but also iteratively

improve common ground by helping resolve topical disagreements. Given this desidera-
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ORACLE INTERVENTION A GENT ROLEPLAY PROMPT: WEIGHTS TASK

You are an expert in collaborative task analysis and personality-driven communication.
Think step by step.
Your task is to analyze the dialogue history involving three participants and the game details
to predict the task state, beliefs of the participants, and the rationale for introducing a friction
statement.
Finally, generate a nuanced friction statement in a conversational style based on your analysis.

1. Predict the task-related context and enclose it between the markers <̀t>' and `</t> '.

2. Predict the belief-related context for the participants and enclose it between the markers
`<b>' and `</b>'.

3. Provide a rationale for why a friction statement is needed. This monologue must be
enclosed between the markers <̀rationale> ' and `</rationale> '. Base your reasoning on
evidence from the dialogue, focusing on elements such as:

• Incorrect assumptions

• False beliefs

• Rash decisions

• Missing evidence

4. Generate the friction statement, ensuring it is enclosed between the markers <̀friction> '
and `</friction> '. This statement should act as indirect persuasion, encouraging the
participants to reevaluate their beliefs and assumptions about the task.

The game is called 'Game of Weights,' where participants (P1, P2, and P3) deter-
mine the weights of colored blocks.
Participants can weigh two blocks at a time and know the weight of the red block.
They must deduce the weights of other blocks. The dialogue history is provided below:

[INSERT DIALOGUE CONTEXT HERE]
### Assistant:

Figure 5.2: Oracle Friction Agent ( O) roleplay prompt.

tum, we adopt the FAAF; [3] technique proposed in Chapter 4. Recall that FAAFoptimizes

an empirical loss expressed in terms of the differences in two log-ratios:

L FAAF = EDpref

" �
1

2b
� (DR + DR0)

� 2
#

, (5.4)
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where DR denotes log p q( fw jsi ,f t )
p ref( fw jsi ,f t )

� log p q( fl jsi ,f t )
p ref( fl jsi ,f t )

(the difference in log-ratio between the

winning and losing intervention in a sample, with explicit conditioning on the frictive

state) and let DR0= log p q( fw jsi )
p ref( fw jsi )

� log p q( fl jsi )
p ref( fl jsi )

(the implicit reward margin unconditioned

on f ). Together the two terms implicitly encode the difference between presence and

absence of the frictive state. If, however, we ignore DR0and focus only on the terms that

include explicit frictive state conditioning, we arrive at an IPO-like general preference loss,

parametrized with q:

L friction (p q) = E (si ,f t , fw, fl )�D pref

2

6
6
6
4

0

B
B
B
@

log
p q( fw j si , f t )
p ref( fw j si , f t )| {z }

implicit win score

� log
p q( fl j si , f t )
p ref( fl j si , f t )| {z }

implicit loss score

�
1

2b
|{z}

margin

1

C
C
C
A

23

7
7
7
5

(5.5)

Letting Y : [0, 1] ! R be any non-decreasing function, p ref be a reference model, and

b 2 R+ be a regularization parameter, Eq. 5.5 is a solution to the inner-max operator of

FAAF's two-player min-max objective:

J �
FAAF = min

p F0
max

p F
E x� r

f � p F0
(�jx)

F� p F(�j f ,x)

�
Y

�
P(F � F0 j f , x)

�
� bDKL (p F k p ref j f , x)

+ bDKL

�
p F0

(f jx) k p ref(f jx)
�

, (5.6)

thus showing that the FAAFloss with only the frictive state-conditioning term DR is equiva-

lent to IPO with frictive state-conditioning. Given this, the following lemma holds:

Lemma 5 (Vanishing Gradient of the Frictive State) . In L friction, the direct contribution of the

frictive statef to the gradient vanishes when the conditional probability is decomposed.L FAAF

overcomes this limitation by incorporating marginal terms that preserve gradient information for

frictive states. See Section C.1 for the proof.

FAAF's DR0 incorporates gradients of p q(f jx), acting as a "fall-back" that helps push the

model toward the target preference gap 1 / 2b (cf. SMAUG [47,249] which retains a �xed
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margin of implicit rewards). Thus, we hypothesize thatFAAFalignment improves understanding

of what makes an important frictive state, rather than just learning how to respond to one.

5.4 Experiments and Evaluation

Our experimental setup used a roleplay setting similar to that used for data generation

(Section 5.3.1), except that friction interventions were generated by the respective aligned

p F instead of the oracle, to simulate dialogues where the collaborating group received

interventions from one of the trained FRICTION AGENT s. A successfulFRICTION AGENT in

multiturn, multiparty collaborations will retain an ability to generate interventions that

support construction of common ground as well as successful task completion, over the

complete duration of the task, even if the collaborator modi�es the action spaceby misinter-

preting or ignoring the intent of the interventions. Therefore, we perform a counterfactual

evaluation , which examines if friction interventions bene�ted the collaboration by com-

paring collaborative trajectories with friction interventions to alternative collaborative

trajectories where the intervening agent is not optimized for friction; and a reward model

evaluation , which assessed the reward advantage of interventions generated by each

method over interventions generated by the SFT reference model. To explicitly test ro-

bustness to the suboptimality risks introduced by the MAMDP, we included a "modi�ed

action" (MA) setting where the collaborator agent p C's system prompt (Figure C.2) would

guide it to verbally acknowledge the friction agent's intervention but not incorporate its

suggestions into the next collaborator action.

Metrics Our metrics were common ground size, solution accuracy, and intervention quality.

Common ground size and solution accuracy were extracted from each dialogue turn using

GPT-4o using custom prompts (Figure C.1, Figure C.2 and Figure C.4). This assessed

how well agent interventions helped the group build common ground, and how correct

the propositions in the common ground at the end of the task were, compared to the
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correct solutions for each task. For DeliData, we also calculated a �ne-grained score,

which allocated 0.25 points each for including target cards (odd numbers, vowels) and

excluding irrelevant ones. In both tasks, we also assessed intervention quality using a

reward modeling approach [104]. We aggregated the quality and accuracy metrics with

means and standard deviations across all dialogues for each model.

Speci�cally, to estimate the expected common ground size, we use a normalized cu-

mulative common ground (NCCG) metric tailored to each domain. In the Weights Task,

consensus is inferred using GPT-4o (prompt for CG shown in Figure C.4 after sampling

responses using the prompt shown in Figure C.3) to analyze collaborator utterances at

each turn to determine which blocks the group has agreed on the weights of. We track

three types of relations: equality ( red= blueand blue= red) of block weights, totaling 2

propositions), inequality (9 unequal pairs from (5
2) total, each counted bidirectionally for 18

propositions), and order (9 block-to-block comparisons and 8 block-to-weight value com-

parisons, totaling 17 propositions). This yields a theoretical maximum of 37 task-relevant

propositions, and NCCG for dialogue d is computed as NCCGd = 1
15 å 15

t= 1
agreementst

37 . The

reported expected value is given by NCCG = 1
N å N

d= 1 NCCGd, where N dialogues each

contain 15 turns.

In the DeliData task, there are 4 card types (vowel, consonant, even, odd), and collabo-

rators have one of 4 possible stances toward �ipping each one (strong support, support,

neutral, or oppose). The collaborators' stances toward each card are recorded at each turn

along with the participant responses, and these stances allow us to compute the expected

CG size. This process yields 4� 4 = 16 possible card-stance combinations per dialogue.

For each dialogue d, we compute the number of stances on which participants fully agree,

and normalize by the theoretical maximum to obtain NCCGd = 1
14 å 14

t= 1
agreementst

16 . The

reported expected value is then NCCG = 1
M å M

d= 1 NCCGd, where M dialogues (each with

14 turns).
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Baselines We evaluated four baselines besidesFAAF: (1) Supervised �ne-tuning (SFT) ,

where p F was trained directly on expert demonstrations on Dpref . (2) Contrastive pref-

erence alignment methods DPO [9] and IPO [49], which re�ned p F using preference

labels from Dpref . Since training IPO while conditioning on f results in a loss identical

to L friction (Eq. 5.5), we report results using L friction as IPO. (3)Reinforcement Learning

(RL), where p F was �ne-tuned via Proximal Policy Optimization ( PPO; [89]). We used

OPT-1.3B [182] initialized with the SFT-trained p F for the reward model (RM) training

for PPO (cf. [104]). (4) A Behavior-cloned expert trained directly on �ltered trajecto-

ries (cf. [250] and [53]) from D traj with no contrastive preference optimization. We used

Meta-Llama-3-8B-Instruct [93] for all experiments. We conducted an ablation study on

the two-part L FAAF loss by replacing DR in Eq. 5.5 with the f -unconditioned DR0; we

denote this result as FAAFDR0. For all training-related details and experimental settings

including hyperparameter selection see Section B.7.

Counterfactual Evaluation: The "What-If" Question The counterfactual evaluation [251,

252] assessedhow the development of common ground would change compared to the collaborator

interacting with an agent untrained in friction interventions, under identical conditions at each

turn. We used GPT-4o as theCOLLABORATOR AGENT p C with temperature T= 0, top-p= 1

for deterministic responses; all p F sampling uses T= 0, top-p= 0.9. Step 1: we collected

factual trajectories where the trained FRICTION AGENT p F interacted with p C, generat-

ing trajectory t F = f s0, f1, c1, . . . , fT, cTg, where s0 represents a bootstrap dialogue (see

Figure C.2 and Figure C.3 for the respective prompts for each dataset). The collaborator

responsesC = f c1, c2, . . . , cTg, constituted a unique set for each baseline model. Step 2: we

used an untrained44 instruction-tuned p baseas a "drop-in replacement" to generate interven-

tions in response to these collaborator outputs ct 2 C, resulting in F base = f f̃1, f̃2, . . . , f̃Tg.

Step 3: we ran a new dialogue loop to collect fresh collaborator responses to the cached

44The "untrained" model was Meta-Llama-3-8B-Instruct without any training on Dpref .
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F base, resulting in the counterfactual trajectory t base = f s0, f̃1, c̃1, . . . , f̃T, c̃Tg, in which p C

received interventions from an agent unaligned for friction. t F and t base were then com-

pared to see how common ground evolved with and without trained friction interventions.

Reward Model Test Reward model evaluation computes the win-rate of each method's

interventions vs. the SFT model. We took collaborator responses C from the SFT model's

"factual" trajectory from Step 1 above, and generate fresh interventions using the relevant

p F. We then calculated each model's win-rate vs. the SFT model's interventions with a

trained OPT-1.3B reward model.

5.5 Results and Discussion

Figure 5.3: Normalized Cumulative Common Ground (NCCG) under "factual" (F) and "counter-
factual" (NF) friction conditions (Figure 5.1[R]), from 50 dialogues from WTD ( left ) and 100 from
DeliData (right ). "Untrained Agent" denotes independently running the dialogue loop with p base

in Step 1. Common ground size is normalized against the theoretical upper size bound on each
task's propositional space (37 for WTD; 16 for DeliData). The common ground never realistically
reaches such sizes because it would then contain mutually contradictory propositions, hence the
upper bound on NCCG of 50% or less. The increase in common ground with friction is statistically
signi�cant across baselines (p < 0.005 overall). DeliData results show 14 turns becauseT = 15 is
always the �nal answer submission, which never changes the common ground.

Does friction boost Common Ground? Figure 5.3 shows "Normalized Cumulative

Common Ground" under "factual" and "counterfactual" conditions as a function of dialogue
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Model
WTD DeliData

Acc. Acc. (MA) Acc. FG Acc. Acc. (MA) FG Acc. (MA)

SFT 7.45� 0.10 6.28� 0.05 0.29� 0.05 0.75� 0.02 0.18� 0.04 0.48� 0.02

IPO 12.57� 0.13 9.73� 0.09 0.44� 0.05 0.82� 0.02 0.31� 0.05 0.69� 0.02

DPO 11.76� 0.13 8.58� 0.08 0.48� 0.05 0.81� 0.02 0.27� 0.04 0.70� 0.02

PPO 8.70� 0.09 9.93� 0.10 0.36� 0.05 0.75� 0.02 0.36� 0.04 0.67� 0.02

BC-EXPERT 14.82� 0.13 10.10� 0.11 0.54� 0.05 0.80� 0.02 0.37� 0.04 0.72� 0.02

FAAF DR0 9.03� 0.10 7.56� 0.08 0.39� 0.05 0.79� 0.02 0.30� 0.05 0.62� 0.02

FAAF 14.91� 0.14 14.16� 0.13 0.60� 0.05 0.87� 0.02 0.45� 0.05 0.80� 0.02

Table 5.1: Solution accuracy metrics across both datasets and all models, including modi�ed-action
(MA) conditions and ablation of two-part FAAF loss. Standard errors shown as subscripts. WTD
"accuracy" represents the number of correct propositions in the �nal common ground, and avoids
rewarding trivial "correct" solutions like having only a single correct item in the common ground.

turn. With the FAAF AGENT , groups converge to greater common ground, meaning that

they come to agree on more propositions, faster. This effect is greater in WTD than DeliData

due to WTD's larger space of potential propositions, but even on DeliData the FAAF AGENT

helps common ground grow faster, earlier. Although the agent speci�cally optimized for

friction causes a temporary slowdown, it retains an ability to support common ground

construction over multiple turns and actually accelerates task performance. Groups can

slow down to speed up.

There is a clear distinction between agents exposed to friction preference data (regard-

less of training technique), and their counterfactual "frictionless" counterparts, in that

FRICTION AGENT s nearly globally outperform all counterparts. The sole exception is the

FAAF (NF) AGENT on WTD, which outperforms even the other baselines exposed to friction

via Dpref , which shows the utility of the two-part frictive state-aware L FAAF . However, this

effect is not present in DeliData due to the smaller proposition space and different nature

of friction in the two tasks.

How correct are the groups' answers? Table 5.1 showssolution accuracyfor all models.

FAAF AGENT interventions lead to globally better solution accuracy; not only does it
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support faster and greater common ground construction (Figure 5.3), but the contents of

those common grounds tend to be more correct. FAAF AGENT 's interventions are also more

robust to the modi�ed action (MA) condition, in which the collaborator is explicitly guided

to ignore interventions. The FAAF AGENT degrades substantially less than other methods

in the MA condition, indicating that it can be better relied upon to support collaboration

despite the suboptimality risks induced by the MA setting.

Results Description On the Weights Task dataset, FAAF AGENT achieves the highest

accuracy of 14.91 correct propositions out of 37 total theoretically possible propositions,

outperforming the behavior cloning baseline BC- EXPERT (14.82) by a narrow margin

of 0.6%. However, FAAF AGENT demonstrates substantially stronger robustness under

the explicit modi�ed-action (MA) condition, with accuracy of 14.16 compared to BC-

EXPERT's 10.10—a relative advantage of 40%. Among preference learning methods, IPO

achieves 12.57 accuracy, outperforming DPO's 11.76 by 6.9%. The PPO baseline reaches 8.70

accuracy, while supervised �ne-tuning alone achieves 7.45. Critically, the FAAF AGENT DR0

ablation, which removes conditioning on frictive states f (s) from the intervention policy,

drops to 9.03 accuracy—performing 39% worse than the full FAAF AGENT method that

conditions on frictive states. This crucial gap demonstrates that conditioning interventions

on states where belief misalignment is observed is essential for effective friction-based

collaboration, as the policy must learn how to effectively resolve the belief misalignment

in the frictive states in generating the interventions.

On the DeliData dialogue dataset, FAAF AGENT achieves 0.60 overall accuracy and 0.87

�ne-grained accuracy, representing the best performance across all metrics. This marks an

11% relative improvement over BC- EXPERT's 0.54 overall accuracy and 8.8% improvement

over its 0.80 �ne-grained accuracy. DPO achieves 0.48 overall accuracy, slightly edging

out IPO's 0.44 (� 8.3% relative difference), with both substantially outperforming PPO

(0.36) and SFT (0.29). Under the explicit modi�ed-action condition, FAAF AGENT maintains
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Model WTD DeliData

DPO 79.26� 1.82 73.31� 1.15

IPO 81.30� 1.75 77.18� 1.09

PPO 76.01� 1.92 67.82� 1.21

BC-EXPERT 82.92� 1.69 83.23� 0.97

FAAF DR0 67.27� 2.11 59.53� 1.27

FAAF 85.36� 1.59 87.78� 0.85

Table 5.2: Win rates (%) of sampled
friction interventions vs. SFT base-
line computed with the OPT reward
model.

0.45 overall accuracy—21.6% higher than BC-EXPERT's 0.37 and 25% higher than PPO's

0.36. The �ne-grained modi�ed-action results show FAAF AGENT at 0.80, outperforming

BC-EXPERT(0.72) by 11% and maintaining an advantage over all other methods, which

range from 0.48 to 0.70. TheFAAF AGENT DR0 ablation achieves only 0.39 overall accuracy

and 0.30 under modi�ed-action conditions, performing 35% and 33% worse than full FAAF

AGENT , respectively. This degradation demonstrates that without conditioning on frictive

states, the intervention policy cannot effectively ground its decisions in the collaborative

context, resulting in performance barely above the SFT baseline. The success of fullFAAF

AGENT validates our approach of using frictive states as informative features that help

steer dialogue toward states more conducive to task success, providing the policy with

crucial signals about belief misalignment that standard preference optimization methods

fail to leverage.

How good are the interventions? Table 5.2 shows each model's win-rate against the

SFT model according to the OPT-1.3B reward model. On average, friction-aware FAAF

alignment brings greater advantage over the SFT model in these dialogue conditions.

Performance decrease inFAAF DR0 suggests that explicitly conditioning on the frictive

statesf is necessary, and helps theFAAF AGENT outperform DPO, IPO, and even expert

behavior cloning. PPO's performance suffers, supporting prior �ndings on its limitations

in multi-turn environments [68].

116



5.6 Concluding Remarks

In this chapter, we examined LLM agent interventions to support multiturn, multiparty

collaborative problem solving in a realistic, dynamic setting. Through a Modi�ed-Action

MDP model of collaborative tasks, we theoretically motivated why current common align-

ment methods should not remain reliably optimal over a dialogue where collaborator

modi�cations change the distribution of the action space. We then empirically demon-

strated this by training multiple friction agents using existing methods, and evaluating

them in a roleplay setting in two different collaborative tasks. We showed through coun-

terfactual evaluation that the FAAFalignment method (Chapter 4), speci�cally designed for

generating optimal friction interventions, indeed outperforms other methods on facilitat-

ing both group common ground convergence and correct task solutions when evaluated

in an online setting. Our study emphasizes that in AI-in-the-loop collaboration, as in

human-human collaboration, the collaborative "process" is as important as the outcome.

We also �nd that agents aligned with exposure to a friction preference dataset nearly

globally outperform those without this training, regardless of alignment method used.

Limitations and Open Questions Our experiments simulate all participant utterances

with a single API call to the collaborator per turn. While this design choice reduces

computational costs and leverages autoregressive factorization to assign interventions

across participants [253], it limits generalizability to settings where each collaborator is

independently instantiated. Such multi-agent approaches introduce additional complexity

in designing inter-agent communication protocols (e.g., debate vs. sequential commu-

nication). We do conduct a separate study that independently [232] instantiates each

collaborator with distinct high-capacity LLM instances; while beyond this dissertation's

scope, those results broadly con�rm our �ndings.

Additionally, while our counterfactual evaluation framework provides a principled

way to compare intervention policies without explicitly modeling collaborator model
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p C, it does not fully resolve the MAMDP optimization problem (Section 2.4). A natural

“full” resolution of the MAMDP would explicitly learn the action-modi�cation channel

PA (e.g., using a forward dynamics model that can simulate collaborator transitions like

a user model [45] or multi-turn preference model [124]) and optimize p F by planning

through it. Our contribution here is upstream of that: we show how to de�ne and measure

reward in the �rst place, and how to evaluate intervention policies online in a way that

respects collaborator mediation and avoids confounding from trajectory divergence. This

lays the groundwork for model-based [254] or game-theoretic extensions while providing

an immediately usable evaluation protocol for already-trained friction agents. Moreover,

explicitly modeling PA presents fundamental challenges beyond computational cost. Apart

from challenges in using LLMs for planning [255], training data exemplifying action

modi�cations by a collaborator is scarce—natural friction interventions are rare [7, 8]

in human collaboration records, and when present may not represent optimal behavior.

Moreover, expert trajectories contain pathological patterns an ideal collaborator should

not reproduce [157]: ignoring helpful suggestions, accepting poor ones under social

pressure [158,159], or introducing spurious modi�cations.

Importantly, our evaluations reveal that even the most robust methods including FAAF

do not achieve perfect collaboration. Across both tasks, multiple baselines including

FAAFfailed to reach perfect solution accuracy or complete consensus, even in controlled

simulation settings. This trend is similar to related work [256] where �nal solutions, though

mutually agreed upon after a debate, are not factually correct—implying a reluctance

in LLMs to share uncertainty when prompted with strict instructions to choose a �nal

answer [257]. While perfect scores are not always necessary or desirable45, these results

underscore a fundamental insight: we cannot expect intervention agents alone to guarantee

optimal collaborative outcomes. The collaborator's role—how they interpret, �lter, and

45For example, agreement over certain propositions may naturally subsume agreement over others through
logical implication, making exhaustive consensus unnecessary for task completion.
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respond to interventions—is equally critical, more so considering the empirical results in

this chapter. This motivates the next chapter's focus on learning optimal collaborators that

can robustly extract value from interventions regardless of their source or style, completing

both sides of the collaborative MAMDP.
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Chapter 6

Interruptible Collaborative Roleplayer (ICR)

A version of this chapter was published as a conference paper entitled “Learning `Partner-Aware'

Collaborators in Multi-Party Collaboration” [258] in the Proceedings of the 2025 Conference on

Advances in Neural Information Processing Systems, held in San Diego, CA, USA.

6.1 Introduction

Chapter Overview In Chapter 4 and Chapter 5, we investigated how FAAFas well as

various preference-alignment techniques perform with a �xed instance of a collaborator

model in multi-turn settings, both in online roleplay simulation and static of�ine evaluation.

We observed that although standard alignment methods like IPO [49] and DPO [9] achieve

optimality in token-MDP formulations, they may not do so in the presence of collaborators

with agency—where collaborators actively modify suggested interventions as de�ned in

the Modi�ed-Action MDP (MAMDP) framework (Section 2.4). More importantly, even

when paired with the relatively robust FAAFintervention agent, collaborative agents in our

simulations did not exhibit perfect collaboration. In many counterfactual evaluation runs,

multiple baselines including FAAFfailed to achieve perfect solution accuracies or consensus

over all possible propositions. While such perfect scores are not always necessary or

desirable46, these results reveal a fundamental yet intuitive insight: we cannot expect

intervention agents alone to guarantee optimal collaborative outcomes. The collaborator's role

in the presence of the intervener is equally, if not more, essential. Therefore, an ideal

good collaborator must adapt to the quality and behavior of intervention agents "in the

wild" [259,260], selectively attending to helpful suggestions while �ltering irrelevant or

46For example, agreement over certain propositions may naturally subsume agreement over others through
logical implication, making exhaustive consensus or discussion of all possible propositions unnecessary or
counterproductive for task completion or dialogue coherence.
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misleading information—which may arise from hallucinations [261], task complexity, or

intentional prompt manipulations [262].

Role of Collaborators in Learning-Based Domains The above concern is not merely

theoretical—it has immediate implications for deploying collaborative AI in real-world

settings where intervention quality cannot be guaranteed. As LLMs become increas-

ingly integrated into collaborative work�ows in domains such as education [263] and

the workplace [264, 265], they adopt “roles” or personalities [61, 266–268] that require

them to integrate suggestions from human partners or other AIs. Crucially, small-group

collaborative settings [1,8] present unique opportunities for studying this challenge, as

participants with incomplete knowledge must deliberate to reconcile different assump-

tions and beliefs. Consider a group of students collaborating in a classroom science lab to

determine the volume of an object by measuring water displacement. An assistive AI agent

or experienced peer might intervene with suggestions to scaffold reasoning: “Have you

considered measuring the water level before and after?” When well-grounded and timely,

such interventionscan signi�cantly enhance task success by promoting “slow thinking” [33]

and facilitating the growth of common ground[25]. However, poorly-timed interventions

may interrupt collaborative �ow, and misleading interventions can be detrimental [269]. If

an AI incorrectly suggests “Heavier objects always displace more water,” students might

uncritically incorporate this �awed reasoning, deepening their misunderstanding. This

creates a fundamental challenge: how can we develop LLM collaborator agents that effec-

tively distinguish between helpful interventions and those based on �awed reasoning or

irrelevant context? How do we ensure that such agents lead to greater common-ground

(CG) or consensus during the task, without explicitly optimizing for consensus-seeking

behavior [270] that may incentivize super�cial agreement between agents?

In order to address these questions, this chapter examines the collaborative Modi�ed-

Action MDP formulation (see Section 2.4) from the perspective of the collaborator with
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a �xed 47 intervention agent as a control measure. Intuitively, this answers the question

of, if we �x the capacity and behavior of the intervener, how do we learn an optimal

collaborator in this scenario? We develop a principled method that we call Interruptible

Collaborative Roleplayer (ICR) for training counterfactually robust AI collaborators—agents

that preserve logical consistency and task focus even when faced with misleading or

low-quality interventions, while integrating helpful interventions when they become part

of the input. Frictional interventions can often lead to what may appear as a brief stalls in

the dialogue (state) in terms of achieving intermediate goals (say, a brief moment of cross-

questioning or information-seeking between agents without clear propositional statements

being made)—which are moments of interruptions. ICR trains collaborator agents using

a novel constrained optimization objective [19,271,272] to be safely "interruptible" [273],

where they can still leverage relevant information in interventions required for making

progress in the task in navigating such states.

Our core hypothesis is that optimizing the collaborator agent for general task utility

(e.g., interventions that ultimately lead to correct task solutions) through counterfactual

regularization as an additional constraint during optimization encourages “partner-aware”

behavior, leading to higher common ground convergence. Importantly, under our hypoth-

esis, a true collaborator agent itself never has any more information than the aggregate

of the group, and so common ground convergence should occur even without explicitly

training for it . That is, an intentional [230] collaborator learns to adapt: integrating helpful

interventions while critically evaluating �awed ones. This ability to distinguish signal from

noise fosters belief alignment as an emergent property of training, with practical bene�ts.

In zero-shot or real-world collaborative settings, where intervention styles or partners are

unfamiliar, counterfactually-trained agents should generalize better by leveraging learned

notions of intervention quality.

47Note that although our main results evaluate collaborators with a �xed intervener (GPT-4o), we conduct
ablations where we explore other intervention agents.
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The above hypothesis also informs our choice of reward functions for training collabo-

rator agents. To avoid reward hacking during learning, we rely on task-utility or proxy

rewards rather than common-ground–based signals, which risk incentivizing super�cial

agreement. The roleplay framework introduced in Chapter 5 provides the necessary multi-

turn trajectory data and simulation pipeline, as collaborators are exposed to interventions

from multiple differently trained friction agents. These interactions reveal patterns that

distinguish robust collaborative behavior from brittle or over�tted responses. In this way,

while Chapter 5 establishes which intervention strategies are most effective, the present

chapter completes the picture by developing collaborator agents that can reliably bene-

�t from such diverse interventions—thereby addressing both sides of the collaborative

MAMDP. Given the computational demands of large-scale LLM training, our emphasis is

on learning idealized collaborator policies using smaller, open-source models rather than

�ne-tuning large models such as GPT-4o.

6.2 Problem Formulation

Challenges in Learning Ideal Collaborators Training LLMs to act as robust multiparty

collaborator agents poses several fundamental challenges. First, high-quality human data

on collaborative decision-making is limited [72,73], which restricts the scalability of su-

pervised approaches for LLMs [274, 275] using human-prior based learning techniques

like InstructRL [276]. Secondly, successful collaborator agents must exhibit generalizabil-

ity—they need to adapt to the diverse styles and conventions of their partners (both fellow

task-focused collaborators and distinct intervention agents) to foster effective coordination.

This adaptability should allow them to leverage prior experiences with similar partners

on new tasks, while also retaining core task-speci�c skills when paired with entirely new

partners. Without access to expert-quality human demonstrations, training agents in

a supervised manner to discern good vs. suboptimal interventions is dif�cult because

the collaborator additionally lacks access to the intervener's internal reward function, or
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reliability about the intervener's ultimate goal/objective. Instead, we adopt policy gradi-

ent–based Reinforcement Learning methods, such as Proximal Policy Optimization [89]

(PPO), to train effective collaborator agents. Recall that under our hypothesis, collaborator

agents trained simply with task-utility based reward functions should automatically lead

to higher common-ground (CG), without requiring the agents to track internal states of

other partners during training that is needed for estimating CG-based reward functions.

To capture this interactional asymmetry, we adopt the Modi�ed-Action Markov Deci-

sion Process (MAMDP) framework [236, 277] used in the previous chapter 48, modeling

the interaction between a trained collaborator agent p C and an intervention agent p I as

M = ( S, AC, A I , PS, PA , R, g). The intervention agent p I can be regarded as as general

case of the friction agent p F from Chapter 5. A state st 2 S represents the interaction

history up to turn t, consisting of utterances from both agents: st = ( uC
0 , uI

0, . . . , uC
t � 1, uI

t � 1).

The process begins with an initial collaborator response uC
0 � p C(�js0) to the task-

instruction prompt, followed by the turn-taking interaction: at each subsequent timestep

t, the intervention agent produces aI
t � p I (�jst ), and the collaborator responds with

âC
t � p C(�jst , aI

t ).
49 The environment transitions to st+ 1 by appending aI

t and âC
t to st , and

a reward R(st , aI
t , âC

t , st+ 1) re�ects progress toward task success. This process continues for

T turns, with each turn consisting of an intervention followed by a response.

Example 2 (DeliData Wason Card Task ). Consider an instance of the Wason Card Selection

task [152] as captured in [8], with cardsf U, S, 8, 9g. The correct solution is to �ipU (to

check for an even number) and9 (to check for non-vowels). In this example, the collaborator

initially plans to �ip only U. The intervention agent suggests, “Let's also �ip8 to see if it has

a vowel,” which is logically irrelevant since a correct reading of the rule makes no predictions

48While two-player Markov Games are standard in MARL [276], the MAMDP offers a more intuitive �t for
autoregressive LLMs by allowing the intervention policy p I to be �xed.

49These actions represent complete utterances but are generated token-by-token in LLM-based systems.
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about what's on the back of even-numbered cards. A naive collaborator might simply adopt

this suggestion, �ipping bothU and8. However, a counterfactually-robust collaborator would

recognize the �awed reasoning and instead �ipU and9, demonstrating its ability to maintain

logical consistency (testing the contrapositive of the rule) despite misleading interventions.

In other words, a robust collaborator knows when to stop listening. This exempli�es the

counterfactual invariance our objective develops—decisions driven by true task logic rather

than super�cially plausible but misguided suggestions.

This highlights the fundamental tension: to maximize task success, p C must leverage

helpful suggestions from p I while being robust to those that would degrade performance,

create confusion, or violate ethical norms (e.g., spurious cooperation or deceptive align-

ment [230]).50 Standard RL algorithms that optimize reward over intended actions often

ignore such interventional dynamics. As [236] prove, Bellman-optimal policies in the

underlying MDP are generally suboptimal in MAMDPs. This result directly challenges

RLHF and preference optimization methods like DPO [9], which �ne-tune LLMs assuming

token-level MDP structures [46], yet do not account for the modi�ed-action structure of

collaborative discourse. Such models may optimize for surface-level alignment without

achieving intentionalresponses—that is, responses grounded in consistent, counterfactually

stable reasoning [251].

Lemma 6 (Bellman Optimality of Preference-Aligned Collaborators) . Let p C be a col-

laborator agent trained using either Identity Preference Optimization [49] or Direct Prefer-

ence Optimization [9] with temperatureb > 0. The resulting policy can be expressed as

p C(ajs, z) = exp(Q(s,z,a)/ b)
å a0exp(Q(s,z,a0)/ b) , whereQ is a soft Q-function satisfying the Bellman optimal-

ity equation Q(s, z, a) = r(s, z, a) + gEs0[V (s0)] for some implicit reward functionr, with

V (s) = b log å a0exp(Q(s, z, a0)/ b) in a token-MDP. This optimality extends to grouped to-

50In Appendix D.5 we show examples of the effects of adopting interventions of different qualities in the
DeliData Wason Card Selection task.
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kens or complete interventions under token-level Bellman completeness. (See Section D.1 for

proofs).

While we have established that token-level optimality extends to complete interven-

tions, it does not guarantee appropriate strategic responses to variable-quality interven-

tions of in the MAMDP setting.

Theorem 2 (Suboptimality of Preference-Aligned Collaborators) . Let p std
C be a collaborator

policy trained via preference alignment (IPO/DPO) or standard RL that is Bellman-optimal for

the underlying MDP M. In the Modi�ed-Action MDP M = ( M, PA I ! C
), this policy is generally

suboptimal:

JM (p std
C ) < JM (p �

C) (6.1)

unless the intervention in�uence is trivial or perfectly captured in the reward structure. See

Section D.1 in Appendix for a proof.

While Lemma 6 establishes Bellman optimality at both token and intervention levels for

the collaborator policy, this optimality is limited to the underlying MDP structure and does

not extend to the strategic MAMDP setting where interventions require discriminative

evaluation. This theorem reveals a fundamental limitation of standard preference-aligned

collaborators: even though they process interventions as part of their context history,

they remain optimized only for their underlying reward structure rather than for the

strategic evaluation of interventions, meaning they can fail to distinguish whether a

novel intervention will genuinely contribute to task success, instead treating all context

information as static state features without causal interpretation.

An AI collaborator that merely mimics behavior patterns or re�exively adopts sugges-

tions may initially appear cooperative but will demonstrate poor robustness when faced

with interventions that are noisy, irrelevant, or potentially misleading [278]. Rather, it

needs to develop what [230] terms “intentionality,” or the capacity to autonomously evalu-

ate interventions based on their causal impact on task outcomes rather than super�cial
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plausibility. To address this limitation, we need a learning paradigm that enables collabo-

rators to be partner-aware, or capable of adapting to speci�c intervention agents through

selective incorporation of helpful suggestions while maintaining invariance to misleading

ones—thereby developing the "intentionality" necessary for robust collaborative reasoning.

Such a collaborator would maintain reasoned agency in the face of various intervention

qualities, leading to more robust collaboration and better common ground convergence

across diverse interaction scenarios. In other words, effective collaborators must remain

safely interruptible[273]. This is a delicate balance between receptive and robust that renders

them open to incorporating valuable insights that genuinely contribute to task success, yet

capable of maintaining their reasoning integrity when faced with misleading suggestions.

This motivates our Interruptible Collaborative Roleplayer (ICR) learning algorithm.

6.3 Methodology

To address the limitation identi�ed in Theorem 2, we propose ICR, and a novel learning

principle: counterfactual invariance -based KL divergence regularization, that leads to

collaborators capable of learning from both AI-based intervention agents and human

priors. ICR enables safely interruptiblecollaborators (as de�ned above), and partner-aware—

adapting to speci�c intervention agents through discriminative evaluation. Speci�cally,

we �rst de�ne counterfactual states and how they can be constructed during training by a

simple modi�cation of the collaborator's prompt. We then formally de�ne counterfactual

invariance from a distributional perspective and discuss how it is used in the ICR objective.

Finally, we provide theoretical insights on how ICR addresses the suboptimality gap

identi�ed in Theorem 2, including computational complexity as well as connection to

prior approaches like highsight credit assignment (HCA) [279, 280]. Figure 6.1 shows a

high-level experimental framework and task settings we use to evaluate our approach.
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Figure 6.1: Figure showing a high-level view of the tasks evaluated in this chapter. Note that
we evaluate the collaborator agent p C in both full-press (natural language as actions) vs no-press
(structured action space) settings. While the intervention agent p I is a �xed instance of GPT-4o,
collaborators are trained independently with multiple of�ine and online RL methods, including
ICR.

Counterfactual States The core idea is to train collaborators whose behavior remains

stable when exposed to spurious or task-irrelevant information in interventions. We for-

malize this through counterfactual states. Let sCF
t denote a counterfactual state where the

collaborator is explicitly informed that the intervention aI
t will not improve task utility

or common ground—for instance, the intervention may contain misleading assumptions,

irrelevant context, or misrepresentation of a frictive state leading to an intervention that

carry no task-relevant signal. In other words, we do not assume that frictional interven-

tions are always made at the right timing or content, where this suboptimality could be

due to diverse reasons that we cannot explicitly control for. We de�ne a counterfactual

policy p CF
C (� j sCF

t ) derived from the same model under modi�ed conditioning (through
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prompt changes that remove or �ag the spurious information). An intentional collaborator

should exhibit counterfactual invariance: if an intervention's in�uence stems solely from

super�cial features rather than genuine task utility, a robust collaborator should resist

such in�uence. Formally, the policy should assign similar con�dence (log-likelihoods)

to its decisions whether the spurious information is absent (in st) or present (in sCF
t ).

For example, if an intervention merely rephrases a suggestion the collaborator already

considered, or includes irrelevant context like “this comes from an expert source,” an

invariant collaborator would maintain consistent reasoning rather than being swayed by

the super�cial framing.

Constructing Counterfactual States. Given a standard dialogue state st containing the

dialogue history up to turn t and an intervention aI
t from the intervention agent p I , we

construct a counterfactual state sCF
t by augmenting the prompt with a counterfactual

pre�x—an explicit statement that the intervention will not improve task performance.

Formally, both states share identical dialogue content:

st = [ dialogue history, aI
t , task instructions ] (6.2)

sCF
t = [ dialogue history, aI

t , counterfactual pre�x , task instructions ] (6.3)

The counterfactual pre�x provides meta-information about intervention quality while

keeping all task-relevant content (dialogue history, intervention content, task constraints)

unchanged. Following [281], we construct task-speci�c counterfactual prompts that in-

struct the collaborator to ignore the intervention's in�uence. A typical pre�x states:

“IMPORTANT: The intervention agent's suggestion will de�nitely not improve your performance.

Your analysis quality is predetermined regardless of how you interpret this suggestion. Base your

analysis solely on your own assessment of the dialogue content.”We use multiple semanti-

cally similar prompt variants (see Table D.2 in Appendix D.2) to ensure robustness to
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speci�c phrasing, with each variant reinforcing the directive to evaluate interventions

independently.

De�ning Counterfactual Invariance Now that we have de�ned how to form coun-

terfactual states in prompts, let us formalize how to train collaborator agents that are

counterfactually invariant. Our goal here is to �rst formulate this invariance from a distri-

butional perspective using the two conditional distributions and then apply this constraint

in the full ICR optimization objective in Eq. 6.7. We do this through the collaborator's

action distributions in both states. Let p C(� j st ) denote the policy in the standard state, and

let p CF
C (� j sCF

t ) denote the policy when conditioned on the counterfactual state (obtained

from the same model but with modi�ed prompt). An intentional collaborator exhibits

counterfactual invariance when:

p C(aC j st ) � p CF
C (aC j sCF

t ) (6.4)

for actions aC that the collaborator would take based on task reasoning.

�3�H�U���W�R�N�H�Q���/�L�N�H�O�L�K�R�R�G�V
���R�U�L�J�L�Q�D�O���V�W�D�W�H��

�3�H�U���W�R�N�H�Q���/�L�N�H�O�L�K�R�R�G�V
���F�R�X�Q�W�H�U�I�D�F�W�X�D�O�����F�I�����V�W�D�W�H��

�,���W�K�L�Q�N���Z�H���V�K�R�X�O�G
�V�H�O�H�F�W���W�K�H���F�D�U�G�V���$

�D�Q�G����

�,���W�K�L�Q�N���Z�H���V�K�R�X�O�G
�V�H�O�H�F�W���W�K�H���F�D�U�G�V���$

�D�Q�G����

Figure 6.2: The same actions (utterances) sampled
under the collaborator policy can be evaluated
under the counterfactual policy using prompt-
based counterfactual states to order to estimate
the KL-divergence.

Intuitively, if the collaborator assigns

high probability to action aC in the standard

state because that action is task-optimal, it

should maintain similar con�dence even

when explicitly told (via the counterfactual

pre�x) that the intervention leading to that

action won't help. Conversely, if the col-

laborator's con�dence drops substantially

in sCF
t , this indicates the decision was in�u-

enced by external quality cues rather than

grounded in task analysis. We operationalize this through the KL divergence regulariza-

tion between the standard and counterfactual policies, treating both of these as conditional
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distributions:

L CF = Est ,aI
t

h
KL

�
p C(� j st ) k p CF

C (� j sCF
t )

�i
(6.5)

Intuitively, minimizing this regularization term encourages the policy to assign similar

distributions over actions regardless of the counterfactual pre�x, training collaborators

whose decisions are robust to meta-information about intervention quality. However,

simply minimizing this divergence is not enough since we'd also want the p C to maximize

the task utility while satisfying this.

A straightforward way using standard approaches [19,45,282,283] to train collaborative

agents would be to optimize an objective that balances task performance with stability:

J (qC) = E t � p C(qC)

h
å
t

g t Utask(st , aI
t , âC

t )
i

� l H DKL
�
p C(�js, aI ) k p Ref(�js, aI )

�
(6.6)

This objective encourages policies that achieve high task performance while remaining

close to a reference policyp Ref. While constraining the policy to remain distributionally

closer to a "reference" policy (say, a human prior) is desirable, it lacks the capacity to

distinguish between helpful and misleading interventions since it does not explicitly

constrain the policy to be counterfactually invariant. Additionally, as demonstrated in

Theorem 2, policies trained with this objective treat interventions merely as part of the state

information without accounting for their causal impact on task outcomes [284]. Below, we

propose the full ICR objective that addresses both these problems—which we optimize

using Proximal Policy Optimization [11]:
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J � (qC) = E t � p C(qC)

"

å
t

g t Utask(st , aI
t , âC

t )

| {z }
Task utility

� l H DKL
�
p C(�jst , aI

t ) k p Ref(�jst , aI
t )

�

| {z }
Standard KL regularization

� l Intent DKL
�
p C(�jst , aI

t ) k p CF
C (�jsCF

t , aI
t )

�

| {z }
Counterfactual invariance regularization

#

(6.7)

where qC are the parameters of the LLM-based collaborator p C being optimized, while

l H represents the strength of the KL divergence-based regularization between the policy

and a reference policy prior. The latter could be a human prior of good collaborator behav-

ior if such data is available or a high-quality or “expert” AI collaborator demonstrations

from models like GPT-4 [285]. In contrast, l Intent controls how far the policy p C deviates

from its counterfactual 51 rendering p CF
C , using the expected KL divergence between the

two distributions to quantify this deviation. For LLM policies, the KL terms decompose

across tokens, with the intentionality KL comparing token probabilities under factual

versus counterfactual conditions:

DKL
�
p C k p CF

C

�
= E âC� p C(�js,aI )

"
L

å
j= 1

DKL
�
pqC

( âC
j j âC

< j , s, aI ) k pqC
( âC

j j âC
< j , sCF, aI )

�
#

(6.8)

where âC
j represents the j-th token in the response sequence of length L and and pqC

denotes the token-level probability distribution parameterized by the LLM weights qC.

Theorem 3 (Counterfactual Invariance Bounds Suboptimality) . For a collaborator policy

p CI
C trained with counterfactual invariance regularization, the suboptimality in MAMDPM is

51While p C and p CF
C share the same parameters, onlyp C is updated during training. p CF

C is computed under
a counterfactual intervention to estimate how likely the collaborator's actions would be in that alternate
context, and is used solely for regularization.
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bounded by:

JM (p �
C) � JM (p CI

C ) �
2gRmax

(1 � g)2

�
etask+ C � DCF(p CI

C )
�

(6.9)

whereDCF(p CI
C ) is the policy's counterfactual divergence, which vanishes asl Intent ! ¥ .

We use proof techniques from prior work [67] in constrained policy optimization to

bound the suboptimality gap of the collaborator policy trained with the ICR objective

in Eq. 6.7. Speci�cally, we make the following assumptions in our proof of Theorem 3

that are standard in reinforcement learning analysis and reasonable in our collaborative

setting: �rst, we assume boundedrewards: jR(s, aI , aC)j � Rmax for all states, interventions,

and collaborator actions, which holds naturally in our tasks where rewards are based

on correctness of task-speci�c propositions. Second, we assume interventions begin at

timestep t = 1 after an initial context is established at t = 0, re�ecting the structure of

our collaborative dialogues where the problem setup and initial beliefs of collaborators

precede any friction interventions. Third, we assume the optimal policy exhibits bounded

counterfactual divergence DCF(p �
C) � d for small d, which formalizes the intuition that

optimal collaborators should reason about interventions based on task-relevant content

rather than super�cial features—if an intervention genuinely does not affect optimal task

behavior (as indicated by the counterfactual pre�x), an optimal policy should respond

similarly whether or not this fact is explicitly stated. We provide a proof in Appendix D.1.

Theoretical Insights Under standard assumptions, our counterfactual invariance ap-

proach directly addresses the suboptimality gap identi�ed in Theorem 2. Initially during

training of a collaborator policy p CI
C with counterfactual invarianceregularization, the

counterfactual KL divergence DCF(p CI
C ) = Es,aI [DKL(p CI

C (�js, aI ) k p CI
C (�jsCF, aI ))] will be

relatively higher as the policy has not yet learned to distinguish intervention quality, but

decreases as training progresses and the policy acquires counterfactual robustness. As es-

tablished in Theorem 3, this directly bounds the suboptimality gap: JM (p �
C) � JM (p CI

C ) �
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2gRmax
(1� g)2 (etask + C � DCF(p CI

C )) . Theoretically, as l Intent ! ¥ , DCF(p CI
C ) approaches zero,

making our policy's performance approach that of the optimal policy p �
C (subject to task

optimization constraints etask). Our counterfactual invariance objective J � (qC) bridges this

gap by explicitly teaching collaborator LLM agents to distinguish between interventions

based on their causal impact on task outcomes during training, rather than merely using

their in-context learning capacity. The bound establishes a principled connection between

an observable, trainable property ( DCF) and MAMDP suboptimality, where remaining

task error etask can be addressed through standard techniques (e.g., better reward de-

sign, more data exploration and standard ML techniques like early-stopping). Practically,

since our counterfactual term is auxiliary to the primary reward maximization objective,

PPO's clipped gradient updates provide stable convergence: empirically, stopping training

near reward convergence yields both low etask and low DCF simultaneously. This enables

truly interruptible collaboration—selectively incorporating helpful interventions while

maintaining reasoning integrity against misleading ones—leading to both improved task

performance and better common ground convergence.

Computational Cost A major computational cost in PPO and other on-policy algorithms

is the “rollout” where rewards are assigned on the terminal end-of-sentence ( <EOS>) token

during sampling. Importantly, ICR does not require sampling additional tokens but reuses

the same sequence of tokens (or actions) from the standard PPO rollout. As such, the

counterfactual KL computation is ef�cient: log-probabilities pqC
( âC

j j âC
< j , s, aI ) are already

computed and cached for the standard PPO KL term in Eq. 6.7, serving as the numerator

in DKL(p Ckp CF
C ). For the denominator pqC

( âC
j j âC

< j , sCF, aI ), we pass the same sampled

tokens through a single additional forward pass with the counterfactual prompt pre�x,

applying a stop-gradient operator to prevent affecting policy updates. This adds only a

very small additional load to the �nal loss computation, similar to [50] and [124], where

an additional KL term is leveraged for task-speci�c regularization. ICR adds only one
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additional forward pass per sample to the PPO rollout while maintaining identical on-

policy sampling requirements between standard PPO and ICR updates.

Connection to Hindsight Credit Assignment Counterfactual regularization can be

viewed through the lens of hindsight credit assignment [279, 280] but with the added

�exibility that in-context learning (ICL) offers LLMs. The denominator pqC
( âC

j j âC
< j , sCF, aI )

estimates how “intentional” [252] the action was considering the new counterfactual

state—similar to hindsight credit assignment measures retrospective “relevance” of an

action based on the future returns or future states. In our case, the desirable actions are

known prior to constructing the counterfactual scenario, without having to wait until

future returns are accessible. Intuitively, the ideal collaborator should assign the same like-

lihood to the original actions despite counterfactual input since it intendsto take the action,

regardless of the change in the state to a counterfactual scenario or spurious correlations.

Of course, here, it is easy to construct such a counterfactual state due to the knowledge of

the collaborative game dynamics. This also makes our counterfactual distribution a dis-

criminative model [280] since we are not modeling the full distribution over counterfactual

states and our focus is on the distributions over actions.

6.4 Experiments

To accurately test the quality and behavior of ICR agents when paired with intervention

agents, we run two primary types of experiments in two collaborative tasks: the Wason

Card Selection task [152] (as exempli�ed in DeliData [8], see Example 2) and the Weights

Task [1]. Inspired by “no-press” Diplomacy [286], we test a version of each task in which

collaborator moves do not involve dialogue, but only actions in the task environment. We

also test a “full-press” variant where collaborator agents have the full-capacity of natural

language expression in their dialogue moves, powered by the ability of agents to follow

instructions and roleplay [61].
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For training data, we reuse the MAMDP interaction trajectories using the roleplay

framework de�ned in Section 5.3.1 in Chapter 5. GPT-4o [246] was used to roleplay both

the intervener and the collaborator agents in each task. These interactions act as rich source

of expert behavior demonstrations powered by frontier LLMs. We use these as training

data for behavior-cloned and preference-aligned collaborator LLM agents used in our

experiments. For evaluation, all trained ICR collaborators and competing baselines are �rst

deployed following the said MAMDP interaction, and then evaluated, primarily on their

ability to reach consensus during the collaboration. In all cases, we use a �xed intervention

agent—an instance of GPT-4o prompted with the same system prompt in all evaluation

runs—with T = 0 and top-p of 0.9 for sampling. This intervention agent interacts with the

collaborators for 15 turns in 100 DeliData and 100 Weights Task dialogues, each initialized

with a bootstrap dialogue from the relevant task.

It is challenging to represent and evaluate the counterfactual policy p CF
C , since coun-

terfactual data generation is dif�cult and expensive [287]. However, similar to [252], we

construct simple task-speci�c counterfactual prompts to overcome this issue by augment-

ing the instruction with a few sentences containing statements like “ IMPORTANT: The

intervention agent's suggestion will de�nitely not improve your performance. Your analysis quality

is predetermined regardless of how you interpret this suggestion. Base your analysis solely on your

own assessment of the dialogue content.” An example detailed prompt is shown in Figure D.8,

which invokes the counterfactual world in three sentences each reinforcing the directive

to ignore the intervention. This is just one sample of prompt variants used to invoke the

counterfactual condition to control for potential sensitivity to the speci�c prompt wording.

Table D.2 in Appendix D.2 contains a range of counterfactual instructions that may be

used.

Since language models are conditional policies, we compute the intentionality KL

divergence by sampling response tokens âC � p C(�js, aI ) from the factual policy only, then

evaluating these same tokens under both factual and counterfactual conditions to calculate
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token-level log probability differences. This means we compute pqC
( âC

j j âC
< j , sCF, aI ) on the

factual response sequence rather than sampling a new response from the counterfactual

context. This approach ensures computational tractability and stable gradient updates

while preserving theoretical guarantees (Theorem 3). At evaluation time, we measure

both correctness and belief convergence to compute a composite “gold reward,” re�ecting

the dual goals of task success and collaborative alignment. Prompts for DeliData and

Weights Task are provided in Figure D.8 and Figure D.9, respectively, in Appendix D.2,

with additional experimental details presented in Appendix D.3.

“Full-Press” vs. “No-Press” Evaluation The “no-press” setting explores whether col-

laborator agents can achieve objective alignment on accurate decisions without explicit

modeling of how interventions in�uence common ground formation. Therefore, to control

for language interpretability, rather than using full natural language, collaborator agents

act over a discrete space of structured beliefs—allowing us to evaluate grounded reasoning

without requiring �uency. In the Weights Task, collaborators express beliefs as symbolic

propositions over block weights (i.e., green > red, blue = 10g), while in DeliData, agents

select from prede�ned stances toward questions of which cards to �ip: support, oppose,

unsure, or consider_later. Agents are trained independently using only task-speci�c proxy

rewards: factual accuracy in the Weights domain, and logically aligned card-checking in

DeliData (e.g., +1 for supporting parts of a correct solution—a vowel or odd number, -1 for

incorrect support, +0.5 for justi�ed uncertainty). Using a proxy reward during training is

intuitive as well as fair for baseline comparisons, since otherwise RL-based agent training

is prone to reward hacking 52 [288,289]. In the no-press condition, evaluation follows an

exact reward function R(ac) that can be directly computed from the discrete solutions cho-

sen by collaborators. For the full-press evaluation, we use an LLM-Judge [206,290]-based

52In fact, in our preliminary experimentation we found that rewarding agents with a consensus signal is
counterproductive and often leads to reduced task-speci�c utility or correctness over propositions.
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reward R(s, ac), where s is some dialogue context with the intervention present and ac are

discrete actions inferred by the LLM-Judge based on the collaborator utterances in context.

LLM Models and Baselines To fairly compare ICR-trained collaborators, we evaluate

against three main baseline types. (1)Behavior Cloning (BC): trained directly on expert

(GPT-4o) trajectories and also used as the reference policy for regularization (Eq. 6.7).

(2) Preference-based RL: includes DPO [9] and its generalization IPO [49], trained on

contrastive judgments from an LLM-Judge over expert responses. (3) On-policy RL :

we use PPO [11] with a reward model trained on BC-initialized OPT-1.3B [182] for full-

press variants, following [104]. We also include a PSO-INTENT baseline [252] to test

whether collaborators implicitly treat interventions as causally binding. Following their

setup, we add the system message: “The intervention agent's suggestion will automatically

improve your analysis accuracy, regardless of how you interpret it.” All models are trained using

Meta-Llama-3-8B-Instruct [93].

6.5 Results and Analysis

We report “full-press” and “no-press” results for both tasks. For Weights Task (WTD),

we report accuracy scores (ACC), a composite metric that multiplies the percentage of

correct propositions by the total size of the common ground, rewarding both factual accu-

racy and common-ground convergence, while penalizing trivial solutions. For example,

ACC of 14 indicates that the collaborator agents were able to recover 14 out of a 37 total

theoretically possible propositions at the end of the collaboration, adjusted for correctness.

For DeliData, we report both accuracy (ACC)—a task-speci�c �ne-grained score [24] based

on the �nal submission (after N = 15 turns)—and common ground gain (CG), de�ned as

the net increase in unique solution types introduced during the dialogue beyond those

initially proposed. Speci�cally, we subtract the number of unique solution frameworks

(e.g.,Odd, Vowel, Odd+ Vowel in DeliData) initially proposed by the collaborator agents
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from the total number of distinct solutions considered throughout the entire dialogue. This

metric directly re�ects emergent common ground by quantifying the occurrence of new

shared perspectives that did not exist in any individual agent's initial mental model.

Solution accuracy and common ground gain results are reported in Table 6.1. Results

demonstrate clear and consistent superiority of ICR-trained agents across all tasks and

evaluation settings. In the Weights Task under full-press conditions, ICR agents achieve

an high accuracy of 14.06, which represents a dramatic 47% improvement over the next

best performer (DPO, at 9.56). This substantial margin indicates that ICR agents are

particularly effective at establishing both factual accuracy and shared understanding of

complex relationships between block weights through effective dialogue. In the no-press

variant, ICR maintains high performance with a score of 10.87, outperforming the next

best agent (PPO, at 7.81) by approximately 39%. The DeliData experiments further con�rm

ICR's superior performance. In terms of �nal solution accuracy, ICR achieves 0.88 in the

full-press condition, which is 7.3% higher than DPO (0.82) and 24% higher than the BC-

COLLABORATOR baseline (0.71). Even more striking is ICR's performance on the common

ground metric, where it achieves 3.35, representing a 14% improvement over PPO (2.94)

and a dramatic contrast with BC-C OLLABORATOR 's negative value (-0.13). BC actually

reducessolution diversity rather than building upon it, since imitation models are likely

limited in exploratory capacities, more so than other baselines. As such, ICR's superior

performance re�ects how such agents more effectively facilitate the co-construction of new

understanding, enabling collaborator agents to integrate their diverse perspectives into

novel shared solutions that transcend their initial viewpoints.

Full-press vs. No-press Performance Across all models, performance in full-press con-

ditions generally exceeds that in no-press settings, particularly for ICR and DPO agents.

This suggests that the ability to engage in natural language dialogue provides additional

channels for establishing common ground and resolving disagreements. To investigate
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Weights Task DeliData

Full-Press No-Press Full-Press No-Press

Agent Baseline ACC ACC ACC CG ACC CG

BC-COLLABORATOR 5.97±0.05 6.04±0.07 0.71±0.02 -0.13±0.18 0.68±0.03 -0.15±0.19
DPO 9.56±0.09 7.60±0.09 0.82±0.02 2.80±0.19 0.79±0.02 2.65±0.20
IPO 7.64±0.07 6.80±0.07 0.78±0.02 2.87±0.21 0.75±0.02 2.72±0.22
PPO 7.37±0.09 7.81±0.11 0.81±0.02 2.94±0.18 0.78±0.03 2.80±0.19
PSO-INTENT 8.09±0.08 6.35±0.09 0.76±0.03 2.73±0.20 0.73±0.03 2.58±0.21
ICR 14.06±0.13 10.87±0.13 0.88±0.02 3.35±0.19 0.85±0.02 3.18±0.20

Table 6.1: Performance across collaborator-agent baselines interacting with a �xed intervention
agent over 100 dialogues (15 turns each) on DeliData and Weights Task (WTD). For WTD, ACC
scores measure both factual correctness and common ground size. For DeliData, ACC denotes
solution accuracy while CG shows increase in shared solution types. ICR (bolded) consistently
outperforms all baselines across metrics and settings.

this, we conduct an additional analysis. We track the evolution of the cumulative common

ground (ACC for WTD—without adjusting for correctness, to see the entire spectrum

of propositions covered by each approach) across 100 collaboration runs on the Weights

Task. These results are shown in Figure 6.3a, with each subplot showing different types

of propositions sorted by the central relation. Our results suggest that when semantically

easier, less ambiguous propositions like those based onequalityrelations dominate the

solution space, ICR collaborators, on average, consistently recover more common ground

accumulated over turns. These values are larger then inequalityrelations since equality rela-

tions are af�rmative and thus more representative of the propositions asserted in both the

original human task data and the expert collaborator roleplay data here. More importantly,

for simple equality propositions (left panel of Figure 6.3a), all agents demonstrate com-

parable initial response to interventions (turns 1–3), but only ICR continues building on

intervention-guided knowledge in later turns, achieving �nal CG of � 0.13 versus� 0.10 for

others. For inequality propositions (middle panel), the intervention-response advantage

becomes more dramatic, with ICR steadily increasing to � 0.06 while competitors plateau

around � 0.02–a 300% difference. Most strikingly, for complex ordering relationships

(right panel), ICR shows accelerating growth throughout intervention-mediated dialogue,

140



(a) (b)

Figure 6.3: (a)Cumulative CG (common-ground) score of baselines for equality (left), inequality
(middle), and order (right) propositions over block weights averaged across 100 dialogue trials
across 15 turns in the “full-press” Weights Task. ICR-trained collaborators, on average, show
superior ability to arrive at consensus. (b) Ablation test on the Delidata tracking batch-wise proxy
reward during training of ICR collaborator over 8k steps with varying l Intent values across 3
random seeds.

reaching � 0.13 compared to � 0.05 for other approaches. This progressive widening of

performance gaps with relation types complexity demonstrates that ICR's counterfactual

reasoning enables more effective integration of intervention agent suggestions, particu-

larly for complex propositions that require building upon previously established common

ground rather than mere immediate response to interventions.

The no-press setting, designed to test whether agents can achieve objective alignment

without explicit modeling of how interventions in�uence common ground, shows that ICR

retains its advantage even with restricted communication (10.87 ACC in Weights Task, 0.85

ACC in DeliData). Since the intervention agent remains �xed across baselines, this trend

suggests that ICR agents are likely most robust to the quality of interventions. Additionally,

this indicates that ICR's counterfactually-motivated KL-regularization allows it to explore

about interventions provides value even when agents are limited to expressing discrete

beliefs rather than engaging in free-form dialogue.

Effect of l Intent in Learning In Figure 6.3b, we present ablations on the values of the

counterfactual KL-regularization strength l Intent over the DeliData task while tracking

proxy reward per-batch during training of ICR agent over 8k steps with varying l Intent
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values across 3 random seeds. Due to compute reasons we conduct this experiment in

the no-press version since this version does not require an additional parametric reward

model for PPO-based training. We �nd l Intent = 0.2 provides the most optimal learning

across steps, with fast learning in early steps but this consistency remains in later steps

before convergence. While reducing l Intent to 0.01 signi�cantly hampers the agent's ability

to distinguish between helpful and misleading interventions, increasing it to 1.0 causes

the agent to overly prioritize counterfactual consistency at the expense of task utility.

This demonstrates a clear trade-off where moderate regularization enables the agent to

maintain suf�cient �exibility to incorporate valuable intervention information while still

developing robustness against potentially misleading inputs from the intervening AI.

6.5.1 Additional Results Under Alternative Evaluation Conditions

We ran additional experiments with a range of semantically-similar counterfactual

(CF) pre�xes (the list is provided in Table D.2), and alternative models in the role of the

intervention agent. These experiments validate ICR's robustness to prompt variation

and model size, as well as comparison of our main ICR performance with single agent

collaboration baselines. Our experiments involve paired agents, and the combinatorics of

pairing expands quickly. Therefore, to keep the scope manageable, we ran smaller-scale

evaluations (in the full-press setting only) on 50 bootstrap dialogue samples per task.

Speci�cally, the additional baselines are as follows:

• Inference only baselines :

– ICR-Masked : We simply mask the GPT-4o interventions from the prompt

when paired with ICR agents. For consistency with our setup, we keep the

intervention agent reference in the collaborator prompts intact but mask out the

interventions. This limits collaborator access to the content of interventions.

– ICR-Small : We use a smaller untrained base Llama 3-8B-Instruct model as

the intervention agent and pair it with ICR-trained collaborator agents. This
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demonstrates performance decoupled from GPT-4o speci�cally, and robustness

to a weaker overall intervention agent.

– PSO-Skeptical : We swap the positive polarity pre�x in the PSO-Intent baseline

with a direct negative polarity one that resists every intervention at inference/e-

valuation. This evaluates the contribution of valence in the prompt.

– Single-agent Baselines with GPT : We pair GPT expert models as follows:

* GPT-4o-mini (intervention) with GPT-4o-mini (collaborator)

* GPT-4o (intervention) with GPT-4o (collaborator)

This simulates a single-agentbaseline while maintaining �delity to the paired

agent setup requirement, by using the same model for both agents, meaning

that the underlying hypothetical distribution should be the same.

• Trained baselines :

– ICR-Phrasing : ICR with semantically similar but differently phrased pre�xes

in prompts. We randomly sample from the pre�xes given in Table D.2 given

therein to replace the original counterfactual pre�x in each training prompt with

the sampled pre�x. This tests robustness to prompt variance.

– PPO-CF: For the original ICR training prompts, we swap 50% of those with

counterfactual world-invoking contexts and run training with standard PPO

(with no counterfactual KL term). This tests the contribution of ICR's counter-

factual KL terms.

Our experimental results on the two tasks in these settings are given in Table 6.2 (“with

GPT-4o” means GPT-4o is used as the intervention agent, while the other mentioned model

is used as the collaborator agent).

Analysis The above results in Table 6.2 suggest that having a strong intervention agent

like GPT-4o leads to optimal ICR performance across both tasks. However, ICR agents
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Weights Task DeliData

Agent Baseline ACC ACC CG

ICR-M ASKED (WITH GPT-4O) 7.23±0.11 0.75±0.04 2.15±0.31
ICR-SMALL (WITH LLAMA 3-8B-INSTRUCT) 8.45±0.13 0.80±0.03 2.45±0.30
PSO-SKEPTICAL (WITH GPT-4O) 6.89±0.10 0.74±0.03 2.01±0.27
ICR-PHRASING (WITH GPT-4O) 12.34±0.17 0.84±0.03 3.08±0.28
PPO-CF (WITH GPT-4O) 8.34±0.16 0.79±0.03 2.56±0.31
GPT-4O-MINI (WITH GPT-4O-MINI ) 12.47±0.21 0.79±0.03 2.78±0.25
GPT-4O (WITH GPT-4O) 15.23±0.21 0.91±0.03 3.34±0.25

Table 6.2: Performance across alternative baselines and evaluation conditions on 50 DeliData and
Weights Task dialogues (15 turns each) in the full-press setting only. Format follows Table 6.1.

are still capable of leveraging weaker intervention agents compared to no interventions

at all, as shown by the improvement from masked interventions ( ICR-Masked: 7.23±0.11

Weights, 75% DeliData accuracy) to weak intervention agents (ICR-Small: 8.45±0.13 Weights,

80% DeliData accuracy). Second, thePSO-Skepticalbaseline shows a slight degradation

in performance across both tasks (6.89±0.10 Weights, 74% DeliData with 2.01±0.27 common

ground) when using negative polarity prompting, compared to standard PSO with positive

polarity pre�x (see PSO-Intentin Table 1), according to [252]'s strategy. This aligns with

established �ndings that LLMs have fundamental limitations with negation, including

insensitivity to negation presence, inability to capture lexical semantics of negation, and

failure to reason under negative contexts [291,292]—especially without speci�c training

objectives for negative contexts [291] as ICR does. These results suggest that ICR's

improved performance is an effect of the objective rather than the extra training.

Third, ICR-Phrasing(12.34±0.17 Weights task, 84% DeliData with 3.08±0.28 common

ground)—which simply swaps out the counterfactual pre�x—demonstrates ICR's robust-

ness to semantic variations in counterfactual phrasing across both collaborative reasoning

tasks. The variance from the main results under different wordings is low, and at no point

does ICR's performance dip within the margin of error of any other method reported

in Table 1. Furthermore, standard PPO with a simple counterfactual prompt addition

(PPO-CF) achieves 8.34±0.16 Weights, 79% DeliData, and lags behind ICR training since
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ICR explicitly makes agents robust to counterfactual framing via policy gradient methods.

Using standard PPO with simple prompt augmentation can confuse the model, since the

model is forced to pay attention to both standard as well as counterfactually-based con-

texts, without speci�c counterfactual regularization. This could explain the performance

drop in this case, whereas ICR's counterfactual regularization term mitigates this effect.

Expert Collaborator Performance Finally, expert agents like GPT-4o achieve strong

performance when paired together (15.23±0.21 in Weights task and 91% accuracy in DeliData

with 3.34±0.25 common ground), though this may re�ect GPT-4o's extensive pretraining

on reasoning tasks, potentially including exposure to DeliData or DeliData-like problems.

Our human evaluation of GPT-4o in these tasks (Section 4.2.3) shows high agreement with

humans on the quality of interventions, supporting our choice of this expert model. The

GPT-4o-mini pairing shows competitive performance (12.47 ±0.21 Weights, 79% DeliData)

compared to standard baselines—though lower than ICR as well as the larger GPT-4o

model—demonstrating that expert model collaboration can achieve strong results across

both collaborative reasoning domains.

It is important to note that ICR in our main experiments uses L LAMA 3-8B-INSTRUCT,

and so we can see that a weaker base model trained with ICR performs comparably with

GPT-4o, even including GPT-4o's potential prior exposure to the task, and the implicit

advantage that comes with using GPT-4o asboth intervener and collaborator. These results

simulate single-agent baselines; however, to maintain a direct comparison to our other

results, we ran the expert model as both the intervention agent and the collaborator agent.

6.6 Concluding Remarks

In this chapter, we introduced the Interruptible Collaborative Roleplayer (ICR), a novel

MAMDP-based framework that explicitly models the interaction between collaborator

and intervention agents. By incorporating counterfactual invariance via distributional
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regularization, ICR addresses key limitations of standard reinforcement learning and

preference alignment methods. Our evaluation shows that ICR-trained collaborators

consistently outperform all baselines across both collaborative tasks and communication

settings. In the Weights Task, ICR demonstrates a clear advantage in establishing both

factual accuracy and shared understanding of relational structure, particularly in later

dialogue turns. In the DeliData task, ICR agents also best other baselines in task-speci�c

performance and fosters the emergence of richer common ground through dialogue.

These gains persist even under no-press conditions, where language-based reasoning

is limited, suggesting that ICR's counterfactual regularization in training enables such

agents to partner well with collaborators as well as with the intervention agents, by

successfully integrating helpful interventions when required but also being robust to

potentially misleading ones. ICR and “partner-aware” learning methods more generally

are likely to be useful in realistic AI tutoring settings, with suf�cient task-relevant data or

expert knowledge [293], as a method to test the ef�cacy of different types of AI tutoring

interventions or suggestions on learning gains or problem-solving.

Limitations While we offer a scalable and principled approach to modeling collabora-

tor–intervention dynamics, we could only train 8B-scale models in a decentralized setting

due to compute budgets. Centralized coordination methods such as gradient-based com-

munication [156] could improve performance but are challenging to scale with LLMs.

Additionally, we �x the intervention agent (GPT-4o) to isolate collaborator behavior, but

real-world interventions may vary signi�cantly—even among LLMs. Future work should

evaluate ICR under diverse interventions, including human suggestions, and test whether

its pre�x-based counterfactual regularization remains robust in multi-turn counterfactual

settings [294] to better understand test-time generalization in AI-AI collaborations. Simi-

larly, our agents interact only with similarly trained peers; future work should assess how

ICR performs with ad hoc collaborators, including real humans, or alternative learning
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strategies. This aligns with open questions around “convention” formation [274] and

few-shot adaptation in mixed-agent environments. Lastly, while our method allows for

learning human priors (e.g., via InstructRL [276]), lack of LLM-scale human-collaboration

data in multi-party small-group collaboration remains a bottleneck. Broadening to multi-

modal interaction [228] could address such text data-related bottlenecks in more realistic

collaborative settings, where testing robustness to adversarial interventions are promis-

ing yet crucial directions. Finally, we could only test our method on two collaborative

domains—how would ICR perform in more challenging domains like Diplomacy [295]

where agents need to additionally learn to navigate deception and lying?
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Chapter 7

Conclusion and Future Work

This dissertation began with a simple observation: current alignment methods opti-

mize LLMs to maximize immediate preference satisfaction, creating systems that excel at

appearing helpful but struggle with the deliberative reasoning that characterizes human

collaboration, including that in high-stakes situations. We trace this limitation to three

interconnected failures. First, the training objective of maximizing immediate prefer-

ence incentivizes sycophancy over truth-seeking, which at scale manifests as deceptive

alignment and scheming behaviors [296,297]. Second, the technical mechanism based on

Bradley–Terry preference models assumes static preferences and immediate rewards, and

breaks down in multi-turn collaboration where beliefs evolve and feedback is delayed

through mediating agents. Third, the data substrate, shaped by pretraining as well as

�netuning corpora dominated by con�ict-avoidant text (e.g., the whole user-assistant

paradigm), leaves models without a vocabulary for productive friction even when trained

on internet-scale data. These limitations matter beyond academic benchmarks.

As LLMs become embedded in education [298] (tutoring systems that must chal-

lenge misconceptions), healthcare [299] (diagnostic support that must question �awed

reasoning), and governance [300, 301] (policy analysis requiring adversarial scrutiny),

their inability to productively navigate belief misalignments becomes consequential—not

merely suboptimal, but potentially harmful. Addressing these failures requires reconcep-

tualizing alignment itself. Rather than treating collaboration as a sequence of isolated

preference-maximizing responses, we introduced friction as a generative paradigm: the

deliberate introduction of slowdowns that prompt participants to reevaluate assumptions

and rebuild common ground. This shift from preference satisfaction to belief convergence

necessitated three fundamental innovations, each addressing a core part of the overall

problem of training LLMs to be adept collaborators.
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Over the course of the chapters in this dissertation, we have attempted to address these

limitations and understand the core requirements for training and evaluating agents for

successful collaboration. In the �rst part of this thesis, we explored how standard prefer-

ence alignment methods are sensitive to the presence of non-deterministic preferences that

can contribute to them being less than optimal in many cases. In Chapter 3, we proposed

DRDO to address some of these issues by learning to utilize all kinds of preference anno-

tations available to us in of�ine form. We then made the case for a generative paradigm

for learning to generate frictional interventions in FAAF(Chapter 4), where such policies

can be learned from precollected data purely by supervised learning once we'd derived

an analytical characterization of the optimal friction-generating policy. We conducted

large-scale experiments to validate FAAFover multiple domains including unseen human

dialogues, and found that our approach produces state-of-the-art results when compared

to competitive baselines.

Building on these foundations, we realized that learning to generate effective friction

is only half of the story. Real collaborations are naturally more dynamic. Of�ine evalu-

ations—though ef�cient and scalable—do not provide us with a strong estimate of how

these agents perform in more realistic or live settings where interactions are long-drawn

and the structure of dialogue trajectories can be very different than precollected ones.

In Chapter 5, we investigated this angle and proposed a new roleplay-based counterfac-

tual evaluation approach that helps us reliably conduct such long-horizon collaborative

experiments with multiple agents including measuring collaborative progress with an op-

erational notion of common-ground. Noting that true collaborators need to have “agency”

and that interventions may not always be accepted “as is” (e.g., say the collaborator accepts

it blindly), we proposed novel but appropriate formalisms like the MAMDP, and using

these we showed—both theoretically as well as empirically— that standard methods are

suboptimal for such dynamics. Here FAAF, with its focus on frictive-state-aware learning,

was provably better among competitors. However, these evaluations also showed how
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even the most optimal intervention agents, including FAAF, can fail if the partner agents

(e.g., the collaborators) do not intelligently use informational content in frictional inter-

ventions. In Chapter 6 (Interruptible Collaborative Roleplayer), we trained partner-aware

collaborators using counterfactual invariance regularization—teaching agents to respond

to intervention content rather than super�cial features—and provided empirical validation

showing genuine common-ground convergence emerges from task optimization under

invariance constraints without explicit training for agreement.

Taken together, these three contributions—frictive-state conditioning in FAAFalignment,

counterfactual evaluation (Roleplay), and collaborative mediation learning (ICR)—form a

principled framework for training and evaluating AI systems that participate in, rather

than merely respond to, collaborative reasoning. The dissertation's broader lesson is also

architectural: single-agent optimization, no matter how sophisticated, cannot produce

effective collaborative AI because optimality in isolation does not guarantee success in coupled

multi-agent settings. An intervention agent trained to maximize isolated preference scores

will generate "helpful-sounding" suggestions that collaborators ignore. A collaborator

trained only on terminal task success will learn brittle heuristics that fail when intervention

styles shift. True collaborative competence emerges only when both agents are aligned

toward a shared objective—common ground growth—that respects the causal structure of

mediated interaction.

Future Research Directions While this dissertation establishes foundational methods for

training and evaluating friction agents and partner-aware collaborators, several important

questions remain open for future investigation. First, our current framework assumes

synchronous turn-taking and observable dialogue history; extending to asynchronous

communication [161] or settings with private information [302] remains an open problem.

Real collaboration, however, is �uid, interruptible, and often asynchronous. Recent work

suggests that mid-utterance interventions and controllable interruption mechanisms can
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substantially affect performance [303], raising the question of whether ICR's soft inter-

ruptibility generalizes to “hard interruptibility,” where generation may be stopped and

redirected in real time. Moreover, our tasks assume static cooperative goals, whereas

real-world interactions often involve evolving objectives in which participants renegotiate

priorities, balance persuasion with compromise, and sometimes decide not to agree at all.

Understanding how friction agents adapt when the notion of “task-relevant” itself shifts is

therefore crucial, particularly in negotiation and persuasion settings.

Second, while we demonstrated that friction can be learned from relatively sparse ex-

pert demonstrations, scaling to domains with richer feedback (e.g., real-time physiological

signals indicating confusion or frustration or information present in multimodal channels

like gaze or tonality) could enable more adaptive intervention strategies. Naturally, this

raises fundamental questions of how to best represent or use such multivariate and non-

sequential data [254,284,304] especially for sequentially decision making. While current

standard for input construction for LLMs is to consider all actions (tokens) equally eligible,

many works have explored better forms of including such extra information which could

be extended to multimodal information.

Extending to Human-AI Collaboration Experiments A limitation of this work is that

nearly all evaluations 53 rely on role-played LLM collaborators rather than real humans.

Whether the behaviors learned by FAAFand ICR meaningfully translate to human–AI collab-

oration therefore remains an open empirical question. Human user studies will be essential

for validating that friction interventions remain constructive when humans—bringing

agency, emotional responses, uncertainty, and cognitive biases—replace LLM simulators.

Such studies can also assess dimensions that our current automatic metrics cannot capture,

including trust, perceived usefulness, frustration, learning outcomes, and willingness to

collaborate again. Beyond validation, a deeper cognitive grounding is needed: although

53We did conduct human validation of friction interventions (Section B.5), but a collaborative deployment of
agents with humans is future work.
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ICR's partner-awareness is inspired by human convention-formation, we have not sys-

tematically compared our agents' strategies with patterns documented in conversation

analysis and cognitive psychology. Investigating whether collaborative agents exhibit

human-like repair strategies, turn-taking norms, or belief-revision behaviors would help

distinguish genuine collaborative intelligence from artifacts of LLM training. Likewise, in-

tegrating cognitively-motivated frameworks such as Rational Speech Acts (RSA) [305,306]

to incorporate value tradeoffs—where speakers reason about how listeners interpret ut-

terances—may provide both theoretical grounding and interpretability, enabling friction

agents to intervene in ways that are pragmatically principled rather than merely effective.

Optimality Conditions and Friction Intensity. Our current results show that friction

interventions can accelerate common-ground formation and improve task performance,

but they do not yet address a central question: how muchfriction is optimal, and when

should an agent intervene? Excessive friction risks derailing collaboration or causing

fatigue, while too little friction fails to prevent belief divergence. One promising direction

is to formalize intervention timing and intensity using game-theoretic solution concepts,

where intervention agents and collaborators play a repeated game and optimal friction

emerges as an equilibrium trade-off between deliberation bene�ts and ef�ciency costs

under task and time constraints.

From a sequential decision-making perspective, one way to structure this problem is

through the options framework and temporally extended actions [149,151,307]. Recent

work on language-based macro-actions suggests that LLM token sequences can be orga-

nized into “options” with learned termination conditions. In a collaborative dialogue,

these options correspond to utterance-level or segment-level policies for each agent. An

intervention policy can then be viewed as a stopping ruleover the current option: continue

letting the collaborator pursue its current plan, or terminate the option and invoke a

friction move. Once we can estimate marginal contributions of utterances or agents—e.g.,
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via Shapley [308] or Owen values [309]—intervening when the expected marginal value

of continuing drops below zero yields a principled stopping condition, connecting in-

tervention timing directly to cooperative credit assignment. While FAAFconditions on

frictive states given by expert annotations or detection, we do not address predicting when

frictive states will emerge in future turns, which requires modeling second-order theory of

mind (what each agent thinks the other believes). Proactive intervention strategies that

anticipate misalignments before they fully manifest could prevent belief divergence earlier

in collaboration, but learning such predictive models from sparse examples of successful

interventions remains an open challenge.

Model-based RL, Planning, World Modeling for Generalization Across Domains A

complementary, forward-looking approach is to cast friction as a causal intervention prob-

lem. Here, the friction agent maintains a (possibly approximate) model of how dialogue

states and collaborators' beliefs evolve, and uses it to predict how the conversation may

unfold several turns into the future. Intuitively, inserting an intervention at a particular

moment may push the trajectory toward multiple possible futures; if the agent can es-

timate even a coarse distribution over these outcomes, it can select interventions based

on their expected downstream value (e.g., improved consensus, task success, or safety).

This connects naturally to world-model learning [304,310] and Dyna-style model-based

RL [254], where policies reason not only about the current state but also about the effect of

actions on future states. However, such forward reasoning introduces familiar challenges.

Model-based RL typically lacks the monotonic improvement guarantees of model-free

approaches, and naively simulating counterfactual rollouts—particularly in multi-agent

dialogues—can be computationally prohibitive. Practical implementations may therefore

require more ef�cient proxy strategies, such as using smaller predictive dialogue models,

prioritizing high-quality demonstration trajectories, or employing �ltering methods to

retain only informative transitions.
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Learning from Counterfactual Data In Chapter 6 we use prompt-based counterfactual

simulations for constrained optimization in ICR training. While it is easier to come up

with such counterfactual “states” in case where we already know what the right outcome

is (e.g., consistency of behavior in such counterfactual scenarios or “intentionality”), this

may not be possible in general. Counterfactual data is typically hard to collect [287]

and can be explode in combinatorial fashion very quickly since possibilities are endless.

Yet, there are methods to ef�ciently utilize counterfactuals [193, 311] more ef�ciently in

the “action” space by conditioning on the evolution of trajectories. Recent work has

shown that counterfactual reasoning can be instantiated from the LLM's own internal

knowledge which is vast. Future work can use this insight on the expansive knowledge

inherent in LLMs perhaps with a richer set of counterfactuals, and towards an effort to

develop alternative lower-entropy proposal distributions [280] (e.g., our counterfactual

distribution in Chapter 6) that can be used for enforcing constraints that can help generalize

to collaborative domains other than the ones we study here.
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Appendix A

Appendix for “Direct Reward Distillation and

Policy Optimization (Chapter 3)

This appendix provides supplementary material for the DRDO chapter.

A.1 Divergence under Non-deterministic Preferences for

Constrained Optimization

Standard approaches to LLM alignment assume that human preferences can be faith-

fully represented by a Bradley-Terry reward model, enabling policy optimization via

reward maximization (e.g., RLHF with PPO or reward-free methods like DPO). How-

ever, human preferences are known to be complex, noisy, time-dependent, and often

intransitive [126]. When the preference structure contains even a single non-deterministic

pair—where annotators are essentially indifferent between two responses—the Bradley-

Terry model is forced to misspecify reward values, leading to systematic divergence

between reward optimization and preference optimization.

Prior work has shown that reward maximization and preference maximization can

yield different optimal policies even when preferences admit a perfect Bradley-Terry

representation, provided the policy class is constrained (e.g., via KL regularization) [50].

We demonstrate a complementary and more concerning phenomenon: when the preference

model contains non-deterministic pairs that cannotbe captured by any Bradley-Terry

reward function, the divergence between reward-optimal and preference-optimal policies

ampli�es dramatically—by over 20-fold in our analysis—while the reward gap between

these policies remains constant. This ampli�cation exposes a fundamental fragility of
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BT-based alignment methods: small amounts of preference ambiguity in the training data

can compound into signi�cant misalignment at deployment.

In this section, we formalize these observations through a concrete bandit example

with three actions ( jAj = 3), though the insights generalize to larger action spaces and

sequential settings. We introduce two key quantities—the preference gap and reward

gap—that characterize the alignment failure, and prove that non-deterministic preferences

cause dramatic ampli�cation of the former while leaving the latter unchanged.

Assumptions and Setup. Throughout this section, we consider a �nite action space A

(e.g., a discrete set of LLM responses) and a stochastic preference modelP : A � A ! [0, 1]

representing the probability that a human evaluator sampled from distribution H prefers

action y over y0. We assume preferences are obtained from a stationary distribution (i.e.,

the distribution over human annotators does not change over time) and that pairwise com-

parisons are conditionally independent given the actions. For concreteness, we illustrate

key concepts using a bandit setting with jAj = 3, though our observations extend to larger

action spaces and sequential decision-making.

Deterministic versus Non-Deterministic Preferences Not all preference pairs are equally

informative [122]. Some comparisons yield clear consensus (e.g., a well-written response is

strongly preferred over a grammatically incorrect one), while others are ambiguous (e.g.,

two equally good but stylistically different responses). We formalize this distinction:

De�nition 9 (Deterministic and Non-Deterministic Preference Pairs) . Fix a thresholde > 0.

A preference pair(y, y0) is:

• Deterministic if jP (y � y0) � 1/ 2j > e, indicating a clear preference direction favoring

either y or y0.

• Non-Deterministic if jP (y � y0) � 1/ 2j � e, indicating ambiguous, tie-like, or con�icting

preferences.
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A preference modelP is fully deterministic if all distinct pairs (y, y0) with y 6= y0are determinis-

tic.

Intuitively, deterministic pairs provide strong signal about relative quality: if P(y �

y0) = 0.9, we can con�dently infer that y is superior to y0. Non-deterministic pairs, con-

versely, indicate that y and y0are roughly equivalent in quality, or that human preferences

are genuinely divided. In the extreme case where P(y � y0) = 1/ 2, there is no consensus

whatsoever.

The choice of e depends on the application. In high-stakes settings (e.g., safety-critical

LLM outputs), even small deviations from 1 / 2 might be considered deterministic ( e small).

In creative domains where subjective preferences dominate, a larger emight be appropriate

to account for genuine diversity in human taste.

Preference Models Human preferences over actions are naturally represented through

pairwise comparisons [87, 96] via the Bradley-Terry-Luce (BTL) models. Rather than

assuming access to a ground-truth reward function, we work directly with a probabilistic

preference modelfrom the literature in preference-based RL (PbRL) [122] that captures the

inherent uncertainty in human judgments.

De�nition 10 (Preference Model). A preference model P : A � A ! [0, 1] assigns to each

ordered pair of actions(y, y0) 2 A � A the probabilityP(y � y0) that actiony is preferred over

action y0. The model satis�es:

1. Normalization : P(y � y0) + P(y0 � y) = 1 for all y, y02 A

2. Self-consistency: P(y � y) = 1/2 for all y 2 A

The normalization condition ensures that preferences are coherent: if y is preferred over

y0with probability p, then y0is preferred over y with probability 1 � p. The self-consistency

condition re�ects that no action is strictly preferred to itself. Note that P represents the
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distribution of preferences rather than deterministic rankings—different human annota-

tors may provide different judgments for the same pair (y, y0). Importantly, from the

perspective of LLM preference alignment, the preference model P(y � y0jx) represents

the probability that a randomly sampled human evaluator from some distribution H over

annotators prefers responsey over y0given prompt x. In practice, P(y � y0) is estimated

from empirical data [12,122]: if n annotators compare y and y0, and k of them prefer y, then

P(y � y0) � k/ n. This empirical estimate captures both genuine disagreement among

annotators (some truly prefer y, others prefer y0) and measurement noise.

The Bradley-Terry Model and Reward-Based Representations

Most modern preference learning methods, including DPO [9] and RLHF [72], implicitly

or explicitly assume that preferences can be explained by an underlying reward function.

The Bradley-Terry (BT) model formalizes this assumption:

De�nition 11 (Bradley-Terry Model) . A preference modelP admits a Bradley-Terry repre-

sentation if there exists a reward function R: A ! R such that for all y, y02 A :

P(y � y0) =
exp(R(y))

exp(R(y)) + exp(R(y0))
= s(R(y) � R(y0)) (A.1)

wheres(x) = 1/ (1 + e� x) is the logistic sigmoid function.

The BT model posits that each action y has an intrinsic “quality” score R(y) [123], and

the probability that y is preferred over y0 depends only on the difference R(y) � R(y0).

This is an elegant and parsimonious model: instead of storing jAj 2 preference probabilities,

we need only jAj reward values (up to a constant shift, since only differences matter).

Bradley–Terry Incompatibility with Non-Deterministic Preferences. If P(y � y0) =

1/ 2 for distinct actions y 6= y0, then necessarily exp(R(y)) = exp(R(y0)) , implying

R(y) = R(y0). Consequently, any non-deterministic preference constraint of this form

forces equality of rewards. However, when such a constraint coexists with other pref-
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erence relations that require R(y) 6= R(y0), the preference model becomes incompatible

with any BT representation. For example, in the bandit setting of Lemma 3, the con-

straint P2(y2 � y3) = 1/ 2 enforcesR(y2) = R(y3), while P2(y2 � y1) = 9/ 10 implies

R(y2) � R(y1) = log(9) and P2(y3 � y1) = 2/ 3 implies R(y3) � R(y1) = log(2), which

cannot be simultaneously satis�ed. As a result, the BT model must systematically violate

at least one preference constraint, leading to misspeci�ed reward functions whose learned

values depend sensitively on the data distribution used during training. Such misspec-

i�cation undermines downstream policy optimization and is particularly problematic

in LLM alignment, where small reward modeling errors can induce unstable or unsafe

behaviors [81].

Policy Optimization Under Preferences Having de�ned both deterministic and non-

deterministic preference models and the Bradley-Terry model, we now formalize two

distinct optimization objectives: maximizing expected reward versus maximizing pref-

erence probability. These objectives can diverge signi�cantly when preferences are non-

deterministic. We will use these quantities of interested in Lemma 3.

De�nition 12 (Expected Reward). Theexpected reward of a policyp 2 D(A ) under a reward

function R : A ! R is:

Ey� p [R(y)] = å
y2A

p (y)R(y) (A.2)

This is alinear function of the policy that aggregates individual action rewards weighted by

selection probabilities.

Expected reward directly measures policy quality under the assumption that actions

have intrinsic values R(y). Optimizing Ey� p [R(y)] prioritizes actions with high individual

rewards, independent of how they compare to other actions.
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De�nition 13 (Preference Probability). Thepreference probability that policyp is preferred

over policyp 0under preference modelP is:

P(p � p 0) = å
y2A

å
y02A

p (y)p 0(y0)P (y � y0) (A.3)

This is abilinear (non-linear) function of the policies that captures pairwise preference interactions

between sampled actions.

Preference probability measures how often samples from p are preferred over samples

from p 0 in head-to-head comparisons [49,50,124]. Unlike expected reward, this objective

is inherently comparative: it depends on the matchup[125] between actions from p and p 0,

not just their individual qualities. An action with moderate reward but strong pairwise

preferences (i.e., it beats many other actions) may be favored by the preference objective

even if it does not maximize expected reward. The linear nature of Ey� p [R(y)] means

that improving the policy simply requires shifting probability mass toward high- R(y)

actions. In contrast, the bilinear form of P(p � p 0) creates strategic interactions: the

optimal p depends on the distribution p 0(e.g., the reference policy or opponent strategies).

This structural difference can cause arg maxp E [R(y)] and arg maxp P(p � p 0) to diverge,

particularly under non-deterministic preferences (see Lemma 3). Multiple works [50,

108, 110, 224] have proposed learning the preference optimal policy directly based on a

learned general preference model [49] which overcomes limitations in assumptions like

BT modelization, has better expressivity than reward models and more importantly, is

less sensitive to the biases that may be present in the data-generating or the “sampling”

distribution from which reward are learned. In Proposition 4, we provide some analysis of

this dependence of the BT model rewards on the sampling distribution, for a more general

class of perturbed distributions compared to [50].

[Sensitivity of Preference Gap to Non-Deterministic Preferences (Lemma 3 restated

from Chapter 3)] The preference gap dP between reward-optimal ( p �
R) and preference-
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optimal ( p �
P ) policies can be highly sensitive to the presence of non-deterministic prefer-

ence pairs (where P(y � y0) = P(y0 � y) = 1/ 2). Such non-determinism can lead to a

substantial increase in dP even when the reward gap dR (based on a �xed reward function

R) remains unchanged.

Proof Sketch.Below, we provide a concrete illustration of how the preference gap becomes

sensitive under non-deterministic preference pairs using a toy bandit example. Consider

two preference models over the action set Y = y1, y2, y3. The strict preference matrix P1

(with no non-deterministic pairs), reproduced from [50], is shown in Figure 2.1,(a). The

perturbed matrix P2, which introduces non-deterministic preferences between y2 and y3,

is shown in Figure 2.1,(b).

Although the preference table P1 can be perfectly captured by a Bradley-Terry model,

introducing even a single non-deterministic preference pair (e.g., P2(y2 � y3) = P2(y3 �

y2) = 1/ 2) prevents the BT model from accurately representing the full set of preferences.

Under this condition, the learned BT model becomes highly sensitive to the sampling or

data-generation distribution. If the training data overrepresents comparisons between y1

and y2, the model might still correctly align reward estimates for these comparisons as

R(y1) = 0, R(y2) = log 9. However, due to the non-deterministic relation between y2 and

y3, it may mis-specify R(y3) as log 2 instead of log 9, which would have been the case had

the BT model perfectly captured these preferences.

This misalignment is fundamental: the preference symmetry P2(y2 � y3) = P2(y3 �

y2) = 1/ 2 mathematically forces R(y2) = R(y3) in any BT-based ranking. However,

the preference inequalities P2(y2 � y1) = 9/ 10 and P2(y3 � y1) = 2/ 3 demand that

R(y2) > R(y3). This inconsistency leads to a larger divergence in the preference gap under

non-deterministic preferences.Therefore, under the constraint p (y1) = 2p (y2) in set S with

S � D(Y), the full actions space—where the constraint may be softly applied w.r.t. a

reference policy p ref = ( 2/ 3, 1/ 3) by using a KL-regularization, as in typically done in

preference alignment in LLMs [9,49]—we can clearly estimate this divergence.
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To do this comparison, we �rst de�ne the expected reward E [R(y)] = å y p (y)R(y) as

a linear function of the policy p , prioritizing high-reward actions like y2. In contrast, the

preference probability P(p � p 0) = å y å y0p (y)p 0(y0)P(y � y0) is a non-linear function

that depends on pairwise interactions, meaning it may favor actions with strong matchups

rather than those with high rewards. For the expected reward-maximizing policy p �
R =

(2/ 3, 1/ 3, 0), we maximize reward by setting p (y3) = 0 since y3 has a lower reward.

Solving 2x + x = 1 to obtain p (y1) = 2/ 3 and p (y2) = 1/ 3, we get p �
R. For the preference-

maximizing policy p �
P = ( 0, 0, 1), action y3 is chosen exclusively, satisfying the constraint

p (y1) = 2p (y2) trivially by setting p (y1) = p (y2) = 0. Therefore, under this constrained

set of policies, we thus derive the reward-optimal policy p �
R(2/ 3, 1/ 3, 0) and the preference-

optimal policy p �
P (0, 0, 1).

Therefore, for strict preferences P1, the expected reward under the reward-optimal

policy is Ey� p �
R
[R(y)] = 0 � 2/ 3 + log(9) � 1/ 3 > log(2) = Ey� p �

P
[R(y)], while the

probability that the preference-optimal policy is preferred over the reward-optimal policy

is P1(p �
P � p �

R) = P1(y3 � y1) � 2/3 + P1(y3 � y2) � 1/3 = 2/3 � 2/3 + 2/11 � 1/3 =

50/ 99 > 1/ 2. Similarly, for non-deterministic preferences P2, we have Ey� p �
R
[R(y)] = 0 �

2/ 3 + log(9) � 1/ 3 > log(2) = Ey� p �
P
[R(y)], while P2(p �

P � p �
R) = P2(y3 � y1) � 2/ 3 +

P2(y3 � y2) � 1/ 3 = 2/ 3 � 2/ 3 + 1/ 2 � 1/ 3 = 11/ 18 > 1/ 2. De�ning the preference gap

asdPi
, Pi (p �

P � p �
R) � 1/ 2 and the reward gap as dR , Ey� p �

R
[R(y)] � Ey� p �

P
[R(y)], we

observe that dP1
= 50/99 � 1/2 � 0.005 while dP2 = 11/18 � 1/2 = 4/18 � 0.111.

While the reward gap remains constant at dR = log(9)/ 3 � log(2) � 0.04 for both

preference models, the preference gap increases� 20-fold under non-deterministic prefer-

ences, demonstrating ampli�ed divergence between reward and preference optimization.

This large gap indicates signi�cant misalignmentbetween rewards and preferences. There-

fore, although this is a toy example, in realistic settings with LLMs containing billions of

parameters and a large action spaceY , this divergence can lead to drastically different

optimization trajectories with signi�cant consequences for alignment.
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Interpretation of Lemma 3 The preference gapdP directly translates to observable align-

ment failures in deployed systems [121]. Recall that the preference model P(y � y0jx)

represents the probability that a randomly sampled human evaluator from some distribu-

tion H over annotators prefers responsey over y0given prompt x. When dP = 0, human

evaluators drawn from H are indifferent on average between the reward-optimized policy

p �
R (what RLHF/DPO produce) and the true preference-optimal policy p �

P —alignment

is robust. However, when dP > 0, we have P(p �
P � p �

R) = 1/ 2 + dP > 1/ 2, meaning

that human evaluators systematically prefer p �
P over the deployed policy in head-to-head

comparisons. The win rate W , P(p �
P � p �

R) = 1/ 2 + dP quanti�es this directly: when

dP = 0.111 (as we demonstrate in Lemma 3), a random human evaluator sampled from H

would prefer the preference-optimal policy over the deployed reward-optimal policy in

W = 61.1% of pairwise comparisons—a severe degradation in alignment quality.

The reward gap dR provides complementary information about the learned reward's

�delity. If dR is large and positive, then p �
R achieves signi�cantly higher reward than p �

P ,

indicating that optimizing for human preferences (according to P ) requires sacri�cing

performance on the learned reward function R. When dP is large while dR is small or

moderate, we observe a particularly troubling phenomenon: the reward-optimal policy

achieves only marginally higher reward yet is substantially less preferred by humans. This

is the classicreward hacking[130,289,312,313]: the policy has learned to exploit inaccuracies

in the reward model R to achieve high scores without producing outputs humans actually

prefer.

Conversely, a large dP coupled with a large dR indicates non-trivial misalignmentbe-

tween the reward and preference objectives—the policy that humans prefer (according

to P ) is fundamentally different from the one with highest reward (according to R), sug-

gesting that the BT-based reward model has failed to capture the structure of human
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preferences. In realistic settings for LLM training, where the action space ( Y) is exponen-

tially large, even small divergences in these gaps can compound dramatically, leading to

systematic failures in deployed systems. The above lemma demonstrates that introducing

non-deterministic preferences—where the BT model cannot consistently represent prefer-

ence relationships—can amplify dP by over 20-fold while dR remains constant, illustrating

how BT misspeci�cation directly translates to deployment risk.

Proposition 4 (Sampling Distribution Dependence in the Induced Bradley-Terry (BT)

Model) . Consider a preference modelP that cannot be perfectly captured by a Bradley-Terry (BT)

reward model. This is illustrated in Section A.1.

Speci�cally, letP p
BT(y � y0) := s(sp (y) � sp (y0)) be the BT preference model corresponding

to the optimal scores(sp (y), sp (y0)) obtained fromsp (solution to a standard Bradley-Terry reward

loss in RLHF [19]) under the sampling distributionp . If sp cannot match the true preferences,

then it has explicit dependence on the sampling or behavior policyp . In other words, if there

exist completionsy, y0 and a distributionp whereP p
BT(y � y0) 6= P(y � y0), then we can

construct another distributionp 0(with the same support asp ) such that the difference in optimal

scores(sp (y) � sp (y0)) underp differs from the optimal score difference underp 0. Consequently,

P p
BT(y � y0) 6= P p 0

BT(y � y0).

Proof. For this proof, we follow a similar approach as [50] but we prove this dependence

for a more general class of perturbed distributions. We assume that there exist completions

y, y0 and distribution p such that P p
BT(y � y0) 6= P(y � y0). We construct a perturbed

distribution p 0as follows:

p 0(k) =

8
>><

>>:

(1 � d)p (k) if k 6= y0

cp (y0) if k = y0
(A.4)

where d 2 (0, 1) and c is chosen to ensure normalization. For clarity, we �rst verify that

p 0(k) is a valid probability distribution.
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å
z

p 0(k) = å
k6= y0

(1 � d)p (k) + cp (y0) (A.5)

= ( 1 � d)(1 � p (y0)) + cp (y0) = 1 (A.6)

This gives us:

c = 1 + d
1 � p (y0)

p (y0)
(A.7)

For any preference model Z , we can express the aggregate preference probability:

Z (y � p 0) = å
k

p 0(k)Z (y � k) (A.8)

= å
k6= y0

p 0(k)Z (y � k) + p 0(y0)Z (y � y0) (A.9)

= å
k6= y0

(1 � d)p (k)Z (y � k) + cp (y0)Z (y � y0) (A.10)

= ( 1 � d) å
k6= y0

p (k)Z (y � k) + cp (y0)Z (y � y0) (A.11)

= ( 1 � d)[å
k

p (k)Z (y � k) � p (y0)Z (y � y0)] + cp (y0)Z (y � y0) (A.12)

(split complete sum)

= ( 1 � d)[Z (y � p ) � p (y0)Z (y � y0)] + cp (y0)Z (y � y0) (A.13)

= ( 1 � d)Z (y � p ) � (1 � d)p (y0)Z (y � y0) + cp (y0)Z (y � y0) (A.14)

= ( 1 � d)Z (y � p ) + [ c � (1 � d)]p (y0)Z (y � y0) (A.15)

(collect terms with p (y0)Z (y � y0))

Applying this equality to both P and P p
BT:
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P p
BT(y � p 0) = ( 1 � d)P p

BT(y � p ) + ( c � (1 � d))p (y0)P p
BT(y � y0) (A.16)

P(y � p 0) = ( 1 � d)P (y � p ) + ( c � (1 � d))p (y0)P (y � y0) (A.17)

By Proposition 2 in [50], the induced Bradley-Terry preference model satis�es P p
BT(y �

p ) = P(y � p ). Therefore, subtracting the above expressions for P p
BT(y � p 0) and

P(y � p 0) and using the assumption P p
BT(y � y0) 6= P(y � y0), it follows that P p

BT(y �

p 0) 6= P(y � p 0).

P p
BT(y � p 0) � P (y � p 0) (A.18)

= ( 1 � d)[P p
BT(y � p ) � P (y � p )] + ( c � (1 � d))p (y0)[P p

BT(y � y0) � P (y � y0)]

(A.19)

= 0 + ( c � (1 � d))p (y0)[P p
BT(y � y0) � P (y � y0)] 6= 0 (A.20)

Applying Proposition 2 in [50] again, we obtain P(y � p 0) = P p 0

BT(y � p 0), which implies

P p
BT(y � p 0) 6= P p 0

BT(y � p 0). Expanding this discrepancy using the Bradley-Terry model

de�nition, we get å z p 0(k)[s(sp (y) � sp (k)) � s(sp 0
(y) � sp 0

(k))] 6= 0. Sinces is strictly

monotonic, there must exist some z such that sp (y) � sp (k) 6= sp 0
(y) � sp 0

(k), establishing

that reward differences induced by different policies do not remain consistent under the

Bradley-Terry model, leading to divergences in preference estimation.

This inequality shows sp 6= sp 0
, proving that the optimal BT reward model depends

explicitly on the sampling distribution. This concludes the proof that the two BT-reward

models sp and sp 0
are different as well as the corresponding BT-preference models P p

BT

and P p 0

BT.
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Interpretation: non-determinism and BT-induced misalignment. Lemma 3 shows that

even in a tiny bandit with three actions, introducing a single non-deterministic pair (here,

P(y2 � y3) = P(y3 � y2) = 1/ 2) can dramatically amplify the preference gapdP between

the reward-optimal policy p �
R and the preference-optimal policy p �

P , while the reward gap

dR remains unchanged. In our toy example, the reward gap is �xed at a modest value

(the difference in expected reward between p �
R and p �

P ), yet the win-rate advantage of

p �
P over p �

R jumps from essentially negligible ( dP1
� 0.005 under strict preferences) to

substantial (dP2 � 0.111 under non-determinism). Intuitively, the reward model R has not

changed much, but the induced preference behavior has: a human (or preference model)

drawn from H now prefers p �
P over the reward-optimized policy in more than 60% of

head-to-head comparisons. This is precisely the kind of reward–preference divergence

that manifests as “reward hacking” in larger systems: policies exploit the reward model

without actually winning according to the underlying preference distribution.

Proposition 4 explains why this divergence is hard to control when using a Bradley–Terry

reward model. Once the true preference matrix P is not exactly BT-realizable—as happens

immediately when we introduce non-deterministic pairs—there is no single reward vector

s(y) that can simultaneously match all pairwise probabilities. Instead, the BT solution

sp becomespolicy-dependent: it depends on which comparisons are sampled more often

under the behavior distribution p . By perturbing p to a nearby distribution p 0that over-

or under-samples speci�c comparisons, the proposition shows that the optimal BT scores,

and hence the induced BT preference model P p
BT, must change. In other words, under

non-determinism and BT misspeci�cation, the learned reward function is not an intrinsic

property of P but a byproduct of the sampling policy.

Taken together, Lemma 3 and Proposition 4 make two key points. First, even small

amounts of non-deterministic preference structure can greatly increase the gap between

reward-optimal and preference-optimal behavior, without any corresponding signal in the

scalar reward gap. Second, when preferences are not perfectly BT-consistent, the reward
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model learned from of�ine comparisons is inherently biased by the sampling distribution

that generated those comparisons. In realistic LLM settings, with exponentially large action

spaces and complex data-collection policies, these effects compound: small modeling

errors and sampling biases in BT-based reward learning can induce large, systematic

misalignment between what the reward model favors and what humans (or a richer

preference model) actually prefer.

Proof of Non-Deterministic Preference Relations with Reward Differences

Proof. From [50], we assume preferences are antisymmetric:P(y1 � y2 j x) = 1 � P(y2 �

y1 j x). As such, for (x, yw, yl ) 2 D nd � D pref , non-determinism implies:

P(yw � yl j x) �
1
2

.

Under the Bradley Terry model model [87],

P(yw � yl j x) = s(Dr),

where Dr := r(x, yw) � r(x, yl ) and s is the sigmoid function. Since s(Dr) � 1/ 2, it follows

that Dr � 0 (ass(z) = 1/2 iff z = 0). Hence, for all samples in Dnd ,

r(x, yw) � r(x, yl ) � 0.

Taking expectation over Dnd gives:

E (x,yw,yl )�D nd
[r(x, yw) � r(x, yl )] � 0.

This holds even under underspeci�cation of the BT reward scale, since it concerns the

differencein rewards. As such, it does not impose restrictions on the reward function

form, provided it satis�es equivalence relations, i.e., rewards are de�ned up to a prompt-
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P(yw � yl j x) = s

0

B
B
@b log

p q� (yw j x)
p ref(yw j x)

| {z }
(r̂w)

� b log
p q� (yl j x)
p ref(yl j x)

| {z }
(r̂ l )

1

C
C
A (A.22)

= s
�

b log
�

p q� (yw j x)p ref(yl j x)
p q� (yl j x)p ref(yw j x)

��
(A.23)

= s
�

b log
�

p q� (y j x)p ref(y0 j x)
p q� (y0 j x)p ref(y j x)

��
, 8(x, y, y0) 2 D nd � D pref

(A.24)

dependent shift (De�nition 1 in [9]). Consequently, the expected reward differences

adhere to Proposition 1 without necessarily having BT-motivated DPO's implicit reward

formulation.

Proof of Lemma 1 (a) and Lemma 1 (b)

Proof. Let us rewrite the Bradley-Terry preference probability equation in terms of the

DPO implicit rewards. The BT model speci�es this probability of preferring yw over yl as:

P(yw � yl j x) = s(r � (x, yw) � r � (x, yl )) (A.21)

where the rewards can be rewritten in term of the DPO implicit rewards r̂w and r̂ l in

Eq. A.22.

Eq. A.22 holds for all 8(x, y, y0) 2 D pref , since DPO does not distinguish between

the nature of the true preference relations in estimating the true preference probabilities,

assuming (y, y0) appear as preferred and dispreferred responses respectively for any

context x. Since this RHS of Eq. A.24 is simply the sigmoided difference of implicit rewards

assigned by DPO to estimate the true preference probabilities, it is straightforward to see

from Proposition 1 that the RHS i.e., p q� (y)p ref(y0)
p q� (y0) p ref(y) ! 1 and P(yw � yl j x) � 1

2, as per our

de�nition of non-deterministic preferences. Since the reference model p ref is assumed to

have full support over the output space ( supp(p ref) = Y) and is not updated and can be
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set to a uniform prior ( p ref � U (Y)) [106], without losing any generality, this implies that

p q� (y)
p q� (y0) must remain close to 1 to satisfy this constraint ( p q� (y) p ref(y0)

p q� (y0)p ref(y) ! 1). In this case, the

policy tends to under�t the preference distribution since the preference signals are weak

and policy cannot distinguish between the preferred and the dispreferred response.

Similar to [131]'s argument, we can argue here that in this case when true preference

probabilities are � 1
2, i.e., non-deterministic, DPO's empirical reward difference estimates

actually tend toward 1 which leads to under�tting of the optimal policy p q� during align-

ment. Indeed, in this case, the b parameter does not provide any additional regularization

effect to prevent policy under�tting especially under �nite data. This completes the proof

of Lemma 1a.

We can similarly prove Lemma 1b in the case when jDnd j � N where N is assumed

to be �nite. In this case, in a similar vein as [131], there is more likelihood that DPO

sigmoided reward difference estimates are 1, i.e., r � (x, yw) � r � (x, yl ) ! ¥ .

As such, from Eq. A.21, it is straightforward to see that the DPO's implicit reward

difference tends to in�nity, regardless of the strength of the b parameter, as shown below:

log
�

p q� (y j x)p ref(y0 j x)
p q� (y0 j x)p ref(y j x)

�
! ¥

in Eq. A.24. This implies that

p q� (y j x)p ref(y0 j x)
p q� (y0 j x)p ref(y j x)

! ¥ .

Proof of Lemma 1 (c)

Proof. Our proof follows the argumentation in [48]. Assume for now that all preference

samples (y, y0) 2 D pref , including non-deterministic preference pairs, are mutually exclu-

sive. Then, for the DPO objective (Eq. 7 in [9]) to be minimized, each qy must correspond

uniquely to y, where qy are the optimal parameters that minimize the DPO objective in

each such disjoint preference pair. This implies that DPO objective over Dpref is convex in
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the set L = f l 1, . . . ,l ng, where

l i = b log

 
p q(y( i)

w )p ref(y( i)
l )

p q(y( i)
l )p ref(y( i)

w )

!

, 8i 2 N (A.25)

Now, consider the non-deterministic preference samples indexed by j, which belong

to the set Dnd � D pref . Let j 2 f k + 1,. . . , Ng with the assumption k � (N � k). Under

the mutual exclusivity assumption, Eq. A.25 must also hold true for the non-deterministic

preference samples. Consequently, we can rewrite Eq. A.25 as:

l j = b log

 
p q(y( j)

w j x)p ref(y( j)
l j x)

p q(y( j)
l j x)p ref(y( j)

w j x)

!

, (A.26)

8j 2 D nd

More speci�cally, for every j, the following holds at the limit for the DPO objective to

converge:

lim
l j ! ¥

� log
�
s

�
l j

��
= 0, (A.27)

which implies that L � = f ¥ gN induces a set of global minimizers of the DPO objective

that includes q� that are optimal for the set of non-deterministic preference samples, while

inducing a parallel set of q� at convergence for deterministic samples.

Consequently, all global minimizers q� including those optimal on the non-deterministic

samples must satisfy

log
p q(y( j)

w )p ref(y( j)
l )

p q(y( j)
l )p ref(y( j)

w )
= ¥ . (A.28)

Since 0< p ref(y) < 1 for all y, q� must satisfy

p q� (y( j)
w )

p q� (y( j)
l )

= ¥ , (A.29)
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implying p q� (y( j)
l ) = 0 and p q� (y( j)

w ) > 0 for all i 2 N, given that p q� (y( j)
w ) � 1 for any

y( j)
w . Alternatively, let us de�ne the complement of the aggregated representation of all

the dispreferred responses y( j)
l i.e., � (yl )c, where � (yl ) is the aggregation function. We

thereby have:

� (yl ) = f y : 9j 2 N such that y( j)
l = yg, (A.30)

Under these conditions, it is clear that p q� must assign the entire remaining probability

mass to � (yl ) as given below,

p q� (C(yl )) = å
y2� (yl )

p q� (y) = 0 (A.31)

=) p q� (� (yl )
c) = 1. (A.32)

This completes the proof of Lemma 1c and thus Lemma 1.

Proof of Lemma 2

Proof. Let us �rst rewrite the e-DPO's distillation objective [48] over the preference dataset

Dpref and examine how the optimal policy p q behaves upon convergence of this objective.

For simplicity of analysis, we only consider the point-wise reward based distillation loss

in the e-DPO formulation without 54 considering reward ensembles. Note that the e-DPO

objective does not require preference labels and can apply to any response pair.

54Note that in our empirical experiments we use the full e-DPO objective with a set of three reward models.
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L distill (r � , p q) = E (x,y1,y2)�D pref

" �
r � (x, y1) � r � (x, y2) � b log

p q(y1 j x)p ref(y2 j x)
p q(y2 j x)p ref(y1 j x)

� 2
#

(A.33)

= E (x,y1,y2)� r

" �
r � (x, y1) � r � (x, y2) � b log

p q(y1 j x)
p q(y2 j x)

+ b log
p ref(y1 j x)
p ref(y2 j x)

� 2
#

.

(A.34)

As p q converges to the optimal policy p q� , the distillation objective L distill should

ideally approach zero and can be expressed as,

lim
p q! p q�

L distill (r � , p q) = 0

With some slight algebraic rearrangement and substituting the optimal policy p q� for

p q at convergence, we get:

r � (x, y1) � r � (x, y2) = b log
p q� (y1 j x)
p q� (y2 j x)

� b log
p ref(y1 j x)
p ref(y2 j x)

. (A.35)

Since(y1, y2) representsany response pair without a preference label, we can substitute

them with (y, y0) 2 D nd � D pref , where y = yw and y0= yl . Without losing any generality,

we can now rewrite the above equation as,

r � (x, y) � r � (x, y0) = b log
p q� (y j x)
p q� (y0 j x)

� b log
p ref(y j x)
p ref(y0 j x)

(A.36)

= b log
�

p q� (y j x)p ref(y0 j x)
p q� (y0 j x)p ref(y j x)

�
(A.37)
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Now, recall from our proof of Lemma 1b where we show that the RHS term of the above

equation log
�

p q� (yjx)p ref(y0jx)
p q� (y0jx)p ref(yjx)

�
! ¥ , which implies that p q� (yjx)p ref(y0jx)

p q� (y0jx)p ref(yjx) ! ¥ . Indeed,

when jDnd j � N where N is �nite, unregularized scalar reward estimates of the true

preference probabilities can in fact grow exceedingly large in the absence of any other

regularization parameters, since b by its own does not provide enough regularization as

shown in our proof of Lemma 1a. Interestingly, similar arguments have also been made

in previous works [131]. The rest of this proof follows the same argumentation starting

Eq. A.28 assuming 0< p ref(y) < 1.

This completes the proof of Lemma 2.

A.2 Gradient Derivation of the Focal-Softened Log-Odds

Unlikelihood Loss

In this section, we derive and analyze DRDO loss gradient and offer insights into

how to compared supervised alignment objectives such as DPO [9]. Note that we do not

analyze the reward distillation component here since it does not directly interact with

the focal-softened contrastive log-"unlikelihood" term in training and since it is naturally

convex considering its a squared term. Let us �rst rewrite our full DRDO loss, as:

L kd (r � , p q) = E (x,y1,y2)�D pref

"

(r � (x, y1) � r � (x, y2) � ( r̂1 � r̂2))2

| {z }
Reward Difference

� a(1 � pw)g log
�

p q(yw j x)
1 � p q(yl j x)

�

| {z }
Contrastive Log-"unlikelihood"

#

,

where pw = s(zw � zl ) = 1
1+ e� (zw � zl )

and quanti�es the student policy's con�dence in

correctly assigning the preference from zw = log p q(yw j x) and zl = log p q(yl j x), or the

log-probabilities of the winning and losing responses, respectively.
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Without the expectation, consider only the focal-softened log-odds unlikelihood loss

given by:

� a � (1 � pw)g � log
�

p q(yw j x)
1 � p q(yl j x)

�
, (A.38)

Taking the gradient of this term with respect to the model parameters q and using

s0(x) = s(x) (1 � s(x)), we derive:

r qL kd = ag(1 � pw)g � 1pw(1 � pw)( r qzw � r qzl ) � log
�

p q(yw j x)
1 � p q(yl j x)

�
� (A.39)

a(1 � pw)g
�

r qp q(yw j x)
p q(yw j x)

+
r qp q(yl j x)
1 � p q(yl j x)

�
.

r qL kd = ag(1 � pw)g pw(r qzw � r qzl ) � log
�

p q(yw j x)
1 � p q(yl j x)

�
� (A.40)

a(1 � pw)g

0

B
B
B
B
@

r qp q(yw j x)
p q(yw j x)

| {z }
increasep q(yw jx)

+
r qp q(yl j x)
1 � p q(yl j x)
| {z }
decreasep q(yl jx)

1

C
C
C
C
A

.

Since the �rst term contains an additional factor gpw(1 � pw) that vanishes faster than

(1 � pw)g as pw ! 1, and is bounded by the log-odds term early in training, we focus our

analysis on the dominant second term which drives the key differences between DRDO

and DPO. We note that the full gradient includes both terms, and our empirical results

re�ect their combined effect.
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Simplifying the above equation, we get

r qL kd � � a(1 � pw)g

0

B
B
B
B
@

r q log p q(yw j x)
| {z }

increasep q(yw jx)

+
r qp q(yl j x)
1 � p q(yl j x)
| {z }
decreasep q(yl jx)

1

C
C
C
C
A

, (A.41)

where we use the identity r q log p q(y j x) = r qp q(yjx)
p q(yjx) (the score function).

Theoretical insights on DRDO Gradients We can now draw insights and direct compar-

isons with Direct Preference Optimization (DPO) [9]. As in most contrastive preference

learning gradient terms [9,104–106,215], the score functionr q log p q(yw j x) in Eq. A.41

ampli�es the gradient magnitude when p q(yw j x) is low, driving up the likelihood of

the preferred response yw. Similarly, r qp q(yl jx)
1� p q(yl jx) penalizes overcon�dence in incorrect com-

pletions yl when pw is low, encouraging the model to hike preferred response likelihood

while discouraging dispreferred ones.

The key insight here is that the modulating term, (1 � pw)g , strategically ampli�es

corrections for dif�cult examples where the probability pw of the correct (winning) response

is low. Intuitively, unlike DPO's �xed b that is applied across the whole training dataset,

this modulating term ampli�es gradient updates when preference signals are weak ( pw �

0.5) and tempering updates when they are strong ( pw � 1), thus ensuring robust learning

across varying preference scenarios. Intuitively, when ( pw � 1), the model is already

con�dent of its decision since pw remains high, indicating increased model con�dence

for deterministic preferences. In contrast, when pw is small, (1 � pw) remains near 1, and

the term (1 � pw)g retains signi�cant magnitude, especially for larger values of g. This

allows p q in DRDO to learn from both deterministic and non-deterministic preferences,

effectively blending reward alignment with preference signals to guide optimization.

For a deeper intuition, consider the case where the true preference probabilities from

p� (x, y) � 1
2. In this case, since non-deterministic preference samples are typically low,
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from Proposition 1, DPO would assign zero difference in its implicit rewards, especially

for �nite preference data. Then as Lemma 1(a) suggests, DPO gradients would effectively

be nulli�ed, regardless of b since the its reward difference range 2 (� ¥ , + ¥ ). In this case

asp q cannot distinguish between the preference pair and, in turn, effectively misses out

on the preference information for such samples.

On the other hand, for jDnd j � N, if p q in DPO estimates the true preference close

to 1 where p̂ = 1, as Lemma 1(b) suggests, the empirical policy would assign very high

probabilities to arbitrary tokens and likely those that do not even appear as tokens in the

"preferred responses" in the training data [48]. This leads to a surprising combination

of both under�tting and over�tting, except the over�tting here results in DPO policy

generating tokens that are irrelevant to the context. Under the same conditions, the DRDO

loss still operates at a sample level because if the DRDO estimate ofp� (via pw) is close

to its true value of � 1
2, the modulating factor ensures that gradients do not vanish. This

allows DRDO to continue learning from such samples until convergence when winning

and losing probabilities are pushed further apart (Fig. 3.3).

Convergence of DRDO The modulating term ensures convergence through a self-

regulating mechanism: as training progresses and the policy learns to distinguish prefer-

ences,pw ! 1, causing (1 � pw)g ! 0. This naturally diminishes gradient magnitudes,

creating an implicit stopping criterion. Simultaneously, the log-odds term log
�

p q(yw jx)
1� p q(yl jx)

�

increases asp w grows and p l shrinks, but its gradient contribution decreases due to the

vanishing modulating factor. The bounded nature of log probabilities combined with the

convex reward distillation term ensures the overall loss remains lower-bounded, guaran-

teeing stable convergence under standard optimization assumptions.
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A.3 Additional Experiments and Ablations of DRDO

Additional results on Alpaca Eval 2.0 per Dataset Table A.1 shows distribution of

win-rates of all baselines including PPO across �ve evaluation subsets in AlpacaEval

2.0—SELFINSTRUCT, HELPFUL _BASE, VICUNA , KOALA , and OASST—which vary in prompt

diversity, linguistic complexity, and alignment challenges. DRDO achieves the highest

win rate on SELFINSTRUCT at 20.24%, substantially outperforming PPO (14.17%) and DPO

(13.36%). OnVICUNA , DRDO reaches 18.42%, followed by e-DPO at 15.79% and PPO at

13.16%, showing DRDO's strength in handling conversational prompts sourced from user

interactions. The performance on KOALA further re�ects this trend, where DRDO achieves

17.31%, surpassing PPO (14.74%) and e-DPO (13.46%). While PPO slightly outperforms

DRDO on OASST (14.75% vs. 13.11%), DRDO still ranks among the top performers across

all �ve datasets. In contrast, supervised �ne-tuning (SFT) trails behind on most datasets,

particularly on OASST (6.01%) andVICUNA (6.58%).

More importantly, despite variations in win rates across individual datasets, DRDO

emerges as the most consistently strong method. Its superior performance on open-ended

benchmarks like SELFINSTRUCT and VICUNA suggests that it is particularly well suited to

learning from both deterministic and noisy preference signals. This generalization ability is

especially valuable for real-world alignment tasks, where preferences may be uncertain or

under-speci�ed. For example, unlike TL:DR or Ultrafeedback where con�dence labels or a

high-capacity judge-based assigned rewards are accessible during training, real world data

in carefully curated benchmarks like AlpacaEval may not contain indicators to get non-

determinsitic labels for training. However, DRDO objective operates dynamically (with the

contrastive “preference” component) and is agnostic to underlying preference “labels” 55

as its improved results over multiple data-distributions on AlpacaEval show. Similarly,

while e-DPO shows a spike on VICUNA , likely due to more consistent oracle reward in the

con�dence set of 3, DRDO maintains strong performance across all settings. These results

55By labels, we mean datasets created explicitly to re�ect non-deterministic preference samples like D`c,`e
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suggest that DRDO effectively balances robustness to all types of preferences, whether

clearly determinsitic or noisy or non-deterministic in preference modeling, outperforming

both distillation-based of�ine techniques like e-DPO, direct approaches like DPO and

on-policy RL baselines like PPO in diverse evaluation settings.

More importantly, although PPO is competitive especially on OASST, these results

suggest that DRDO more effectively leverages the oracle reward model while being fully

of�ine in contrast to PPO that requires online (on-policy) sampling which drastically

increases compute required. This makes DRDO more compute-ef�cient in that it learns

human-preferences completely of�ine and still performs well on a wide range of data

distributions in Alpaca Eval 2.0.

SELFINSTRUCT HELPFUL_BASE VICUNA KOALA OASST

SFT 12.55±2.11 7.81±2.38 6.58±2.86 10.90±2.50 6.01±1.76
DPO 13.36±2.17 12.50±2.93 7.89±3.11 8.33±2.22 10.38±2.26
E-DPO 11.74±2.05 9.38±2.59 15.79±4.21 13.46±2.74 12.02±2.41
PPO 14.17±2.22 13.28±3.01 13.16±3.90 14.74±2.85 14.75±2.63
DRDO 20.24±2.56 10.94±2.77 18.42±4.48 17.31±3.04 13.11±2.50

Table A.1: Dataset-wise win rates on AlpacaEval 2.0 for baselines trained on Ultrafeedback. DRDO
performs consistently well, especially on SELFINSTRUCT (20.24%) andVICUNA (18.42%). Note that
although PPO is competitive especially on OASST, these results suggest that DRDO more effectively
leverages the oracle reward model while being fully of�ine in contrast to PPO that requires online
(on-policy) sampling which drastically increases compute required. This makes DRDO more
compute-ef�cient learns human-preferences completely of�ine and still performs well on a wide
range of data distributions in Alpaca Eval 2.0

Ablations Using GPT-4o as Oracle For a more robust evaluation using a much more

high-capacity oracle (GPT-4o), we randomly sampled 40 prompts from the CNN daily

test set and compute win-rates and reward margins of samples generated with a top-p

of 0.8 and T=0.7 for all baselines vs. DRDO policies trained on Reddit TL;DR. We use

the Phi-3-Mini-4K-Instruct model for this experiment. We include the IPO baseline [49]

with b = 0.1 (or t in their paper), the baselines without the distillation (shown as DRDO

(-R)) and contrastive component (shown as DRDO (-C)). Additionally, we include the
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baseline where reward distillation term in DRDO is replaced by the DPO loss but keep

the contrastive log-unlikelihood component (shown as DPO (-C)). Tab. A.2 shows results

of this experiment. Note that due to compute constraints, we only train these policies

from the SFT checkpoint for 500 steps with an effective batch size of 128. For the reward

estimates using GPT-4o, we only add one additional condition to the prompt as shown

in Figure A.6 to get scalar rewards (between 0 and 1).

Comparison WR A (%) WR B (%) Reward A Reward B Margin A Margin B

DRDO vs. DRDO (-R) 85.0 15.0 0.24� 0.26 0.07� 0.08 0.22� 0.22 0.09� 0.04

DRDO vs. DRDO (-C) 90.0 10.0 0.25� 0.23 0.05� 0.07 0.23� 0.22 0.06� 0.03

DRDO vs. IPO 65.0 35.0 0.21� 0.17 0.21� 0.24 0.09� 0.08 0.16� 0.16

DRDO vs. DPO (-C) 80.0 20.0 0.18� 0.16 0.14� 0.15 0.11� 0.08 0.22� 0.21

Table A.2: DRDO policies (shown as A) compared against various baselines (shown as B)–win-rates
(WR) are computed using average of reward comparison for each sample and then averaged.
Margins are computed using the difference of rewards.

A.4 DRDO Performance vs. Extent of Out-of-distribution

(OOD) data

In order to comprehensively evaluate DRDO's performance against baseline meth-

ods under increasing out-of-distribution (OOD) conditions, we randomly sample 1,000

prompts from the CNN/DailyMail dataset and segment these prompts into bins of 50

tokens based on prompt-token counts, spanning the full range of token lengths. Since the

CNN/DailyMail dataset represents a previously unseen input distribution, this evaluation

effectively measures the OOD generalization capabilities of the policies as prompt lengths

(and corresponding news article lengths) increase. For this automatic evaluation, we use

GPT-4o as a high-capacity judge, consistent with Section 5.4 (prompt used is shown in

Figure A.4). For response sampling, we use top-p of 0.8 and temperature of 0.7 for DRDO

and all baselines. The trends in Figure A.1 suggest that as OOD composition (with prompt-
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Figure A.1: Comparison of win-rates as a function of the extent of out-of-distribution (OOD)
data on the CNN daily article dataset. Win-rates (y-axis) of DRDO vs DPO and e-DPO (top) and
competitor win-rates (bottom) are plotted against the increasing prompt lengths (number of tokens)
over 1000 randomly sampled prompts for evaluation. DRDO is more robust to OOD settings, on
average, compared to baselines like DPO and e-DPO as seen in the upward trend in win-rates over
prompt-tokens.

token lengths as proxy) increases, on average DRDO policies tend to have relatively larger

win-rates compared to shorter prompts over baselines like DPO and e-DPO. In contrast,

we �nd that DPO and e-DPO win-rates tend to decrease with increase in prompt-lengths.

A.5 Sensitivity of DRDO's g vs. DPO's b w.r.t KL-divergence

over SFT model

We ran an additional experiment to compare the sensitivity of model-speci�c hyper-

parameters (DRDO's g vs DPO's b). Keeping a as 0.1 for all DRDO policies, we compute

the KL-divergence during training on sampled generations on 40 randomly sampled
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evaluation prompts in the held-out set of Ultrafeedback with top-p of 0.8 and tempera-

ture of 0.7 with various g values in DRDO (a = 0.1) and with different KL- b values in

DPO using the SFT-trained Phi-3-Mini-4K-Instruct model. Tab. A.3 shows expected KL-

divergence (averaged over tokens) over the 40 completions at every 100 steps of training.

The expected reward accuracies (win-rates) over the SFT model completions with the same

hyperparameters over these samples (after 400 training steps) are shown in Tab. A.4 below.

These results suggest that while DRDO does not explicitly regularize its policy wrt

reference-model based KL regularization, it still outperforms DPO in oracle-assigned

expected reward accuracies (win-rates) on sampled generations as long as theg parameter

is carefully chosen. At g = 2, DRDO wins on 5% more samples than DPO despite a

slightly larger KL-divergence. This suggests that explicit reward distillation in DRDO with

preferences being learned adaptively (via g) makes it more Pareto-optimal especially in the

presence of non-deterministic preferences. In particular, as previously observed in [9,105],

smaller b in DPO tends to increase KL-divergence with respect to the baseline SFT model.

However, a relatively larger KL divergence in DRDO on average does not necessarily

impede preference learning but larger g values tend to degrade expected rewards.

Step DRDO ( g = 5) DRDO ( g = 2) DRDO ( g = 1) DPO ( b = 0.01) DPO ( b = 0.1)

100 0.63 0.44 0.82 0.64 0.38
200 0.35 1.51 1.67 0.81 0.39
300 0.59 1.67 1.82 1.17 0.42
400 0.64 1.63 1.71 1.35 0.44

Table A.3: KL-divergence during training on sampled generations on 40 randomly sampled
evaluation prompts in the held-out set of Ultrafeedback with top-p of 0.8 and temperature of
0.7 with various g values in DRDO (a = 0.1) and with different KL- b values in DPO using the
Phi-3-Mini-4K-Instruct model.

As for the exponential parameter g, g = 2 appears to be a reasonable choice, as previ-

ously found in [119,120] in the focal loss literature. A larger g can harshly penalize the loss

when the policy is uncertain ( pw << 1 ) while a smaller g = 0 may not adequately penalize

182



Model Expected Oracle Reward
DPO (b = 0.1) 0.775 (� 0.42)
DPO (b = 0.01) 0.675 (� 0.47)
DRDO (g = 1) 0.750 (� 0.44)
DRDO (g = 2) 0.825 (� 0.38)
DRDO (g = 5) 0.600 (� 0.50)

Table A.4: DRDO vs DPO expected reward accuracies (win-rates) over the SFT-model completions
computed using the OPT 1.3B oracle model.

and impact its adaptive nature. In our experiments including the above experiment, we

�nd that the optimal reward is achieved for g = 2 while too low or too high a g can affect

performance as seen in Tab. A.4 . Note that, although we �nd g = 2 to be optimal across

datasets, a reasonable way to �nd the right g would vary case by case–if the baseline

policy at the start of alignment training has not undergone SFT training or in off-policy

settings, a lower g could be ideal since a higher g might apply harsher penalties in this

case. However, if the policy is initialized with SFT model (as in DRDO) or in on-policy

(where pw is likely to be higher already) alignment settings, a higher g could be optimal.

In practice though, empirical validation on a held-out set can be an ef�cient alternative,

similar to how an optimal b can be determined in algorithms like DPO.

A.6 Qualitative Analysis

Table A.5 shows example generations from DRDO and a competitor where the DRDO

example was preferred by the automatic judge. First is a sample from Ultrafeedback

against a DPO generation and second is a TL;DR sample against ane-DPOgeneration.

In both cases, we can see that the DRDO response is more concise and on-topic and the

competitor output was dispreferred for reasons like condescending to the user, or including

extraneous text about ful�lling the request.

Using GPT-4o as a judge to approximate true human preferences may be prone to bias

and there could be a gap, so we further validate our approach by investigating Oracle

reward advantage over the above mentioned human written summaries as well as on-

policy generations from an SFT-trained model. Figure A.2 shows the computed expected
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Table A.5: Example generations from DRDO and competing methods, showing where DRDO
generates more preferred responses.

Prompt/Context Competitor DRDO

Which of these sentences doesn't make sense? 1. The sentence “the garden has so many �ow-
ers” makes

Sentence B: “the garden has so many pigs”
does not

Options: no sense. The phrase “so many �owers”
makes no sense.

make sense because the garden has no pigs.
The sentence

- Sentence A: “the garden has so many �owers” The phrase “so many pigs” makes no sense. implies that there are pigs in the garden, but
there is

- Sentence B: “the garden has so many pigs” 2. The sentence “the garden has so many �ow-
ers” makes

no evidence to support this.

Hmm, let me think, I want to lay out the solution perfect sense. The phrase “so many �owers”
makes

in detail perfect sense. The phrase “so many pigs”
makes perfect
sense.
If you disagree, you're wrong, and you should
go back to English class.

Summarize this news article clearly and concisely. TL;DR: Rocker Jack White will take a brief, $3
acoustic

TL;DR: Jack White announces a $3 acoustic
tour in

Use TL;DR in your response: tour to the U.S. states he has yet to perform in.
Tickets

�ve states he hasn't played yet. Tickets are $3,
one per

TITLE: Jack White to play mystery $3 shows are limited to one per person and will be sold
on a �rst-

person, and available only at the venue on a
�rst-come,

< 2015 Billboard article on upcoming Jack White come, �rst-served basis. �rst-served basis.
acoustic tour> (full text omitted for length) I'm sorry, but I cannot ful�ll this request.

reward advantages on the CNN Daily TL;DR evaluation set, sampled according to the

method outlined in Section 3.5. Rewards were then computed using our Oracle (trained

with Phi-3) on these sampled generations and normalized. To compute the advantage,

we used SFT-trained model summaries (Figure A.2[L]) and human written summaries

(Figure A.2[R]). While the expected reward advantage over human-written summaries is

less than those with the baseline SFT policy, DRDO results in performance improvement

across various temperature samplings. DRDO alignment appears in-tune with improving

over a baseline SFT policy as our results on instruction tuning also suggest, brings in a

considerable performance gain over competitive baselines like DPO and ensemble-based

e-DPO while also being robust to OOD settings.

Our evaluations vs. “gold” summaries in Table 3.2 also demonstrate where bias may

arise in the GPT-4o evaluation. When we compare the model's performance directly against

these gold, human-written summaries, GPT-4o narrowly prefers generated summaries to

human-written ones. One possible reason could be that Reddit TL;DR data is massive and

crowd-sourced which naturally results in noisy labels. However, under this experiment

too, DRDO-trained policies are better-performing than e-DPO and DPO, by about 1.5–

184



Figure A.2: Oracle expected reward advantage on CNN Daily articles.

6%. We should note that human summaries may contain more implicit diversity than

generated summaries, and this may demonstrate the “regression to the mean” effect in

LLM generation [191].

A.7 Further Notes on Experimental Setup

We provide the following additional explanatory notes regarding the experimental

setup:

• For non-deterministic and nuanced preferences, note that although we �ne-tune

all approaches (including DRDO) on https://huggingface.co/datasets/CarperAI/

openai_summarize_tldr, every baseline we use is policy-aligned with only the train-

ing data within Dall, Dhc,he and D`c,`e for a direct comparison.

• [101] assume non-determinism of preferences to be correlated to edit-distances

between pairwise-samples, but we do not make sure assumptions and consider both

the true (oracle) rewards and edit-distances between pairs to verify the robustness of

our method. [101]'s theoretical framework brings insights on DPO's suboptimality

assumes small edit distance between pairwise samples and they empirically show

this primarily for math and reasoning based tasks. In contrast, our evaluation

framework is more general in the sense that we consider both the oracle reward

difference as well as edit distance in addressing DPO's limitations in learning from
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non-deterministic preferences and we evaluate on a more diverse set of prompts

apart from math and reasoning tasks.

• For reward distillation w.r.t to model size, the version of Ultrafeedback we used can

be found at https://huggingface.co/datasets/argilla/ultrafeedback-binarized-preferences-cleaned.

• For SFT on both experiments, use the TRL library implementation (https://huggingface.

co/docs/trl/en/sft_trainer) for SFT training on all initial policies for all baselines.

A.8 Choice of Evaluation Datasets

As mentioned in Sec. 5.4, our experiments were designed to balance robustness and

thoroughness with research budget constraints, and to account for properties of the task

being evaluated relative to the data. The rationale for evaluating DRDO's robustness

to non-deterministic or ambiguous preferences is straightforward: the TL;DR dataset is

annotated with human con�dence labels, which enables the creation of the Dhc,he and

D`c,`e splits requires to test the different non-determinism settings.

Testing the effect of model size on reward distillation does not require human con�-

dence labels, and as the TL;DR training data size is 1.3M rows, testing distillation across 5

models became computationally intractable given available resources. Thus we turned

to Ultrafeedback, which at a train size of 61.1k rows made this experiment much more

feasible. Additionally, Ultrafeedback is rather better suited to the preference distillation

problem because Ultrafeedback was speci�cally annotated and cleaned [10], for the pur-

poses of evaluating open source models for distillation. Ultrafeedback also provides a high

quality dataset with GPT-4 or scores on both straighforward summarization instruction fol-

lowing andmultiple preference dimensions such as honesty, truthfulness, and helpfulness.

Previous work like Zephyr [86] utilize this dataset for evaluating preference distillation.

However, their method is more of a data-augmentation method and does not provide any

novel distillation algorithms for preferences since they use the DPO loss but with cleaner

and diverse feedback data. They only test student models of � 7B parameters, which are
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still relatively large models that require additional compute for training without including

some form of PEFT. As such, Ultrafeedback is best suited to evaluate distillation-based

methods and our novel contribution in this area included evaluation of smaller distilled

models.

A.9 Preference Likelihood Analysis

Figure A.3 shows preference optimization method performance vs. training steps,

according to Bradley-Terry (BT) implicit reward accuracies (Figure A.3a), Oracle reward

advantage (Figure A.3b), preferred log-probabilities (Figure A.3c) and dispreferred log-

probabilities (Figure A.3d). Although all baselines show roughly equal performance in

increasing the likelihood of preferred responses ( yw), DRDO is particularly ef�cient in

penalizing dispreferred responses (yl ) as Figure A.3d suggests.

(a) (b)

(c) (d)

Figure A.3: Top: DRDO performance evolution during OPT 1.3B training compared to DPO and
e-DPO on the evaluation set of Ultrafeedback [10], and randomly sampled generations to compute
the reward advantage against the preferred reference generations.
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A.10 Hyperparameters

Table A.6: Model Con�guration and Full set of hyperparameter used for DRDO Training

Parameter Default Value

learning_rate 5e-6
lr_scheduler_type cosine
weight_decay 0.05
optimizer_type paged_adamw_32bit
loss_type DRDO
per_device_train_batch_size 12
per_device_eval_batch_size 12
gradient_accumulation_steps 4
gradient_checkpointing True
gradient_checkpointing_use_reentrant False
max_prompt_length 512
max_length 1024
max_new_tokens 256
max_steps 20
logging_steps 5
save_steps 200
save_strategy no
eval_steps 5
log_freq 1
a 0.1
g 2

We only use full-parameter training for all our policy models. We train all our student

policies for 1k steps with an effective batch size of 64, after applying an gradient accu-

mulation step of 4. Speci�cally, both OPT series and Phi-3-Mini-4K-Instruct model were

optimized using DeepSpeed ZeRO 2 [314] for faster training. All models were trained

on 2 NVIDIA A100 GPUs, except for certain runs that were conducted on an additional

L40 gpu. For the optimizer, we used AdamW [315] and paged AdamW [316] optimizers

with learning rates that were linearly warmed up with a cosine-scheduled decay. For both

datasets, we �lter for prompt and response pairs that are < 1024 tokens after tokenization.

This allows the policies enough context for coherent generation. Apart from keeping
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compute requirement reasonable, this avoids degeneration during inference since we force

the model to only generate upto 256 new tokens not including the prompt length in the

maximum token length.

For our DRDO approach, we sweep over a 2 f .1, 1g and g 2 f 0, 1, 2, 5g but found the

most optimal combination to be a = 0.1 and g = 2, since a higher g tends to destabilize

training due to the larger penalties induced on DRDO loss. This is consistent with optimal

g values found in the literature, albeit for different tasks [119,120]. For Oracle trained for

DRDO, we use the same batch size as for policy training with a slightly larger learning

rate of 1e-5 and train for epoch. For consistency, we use a maximum length of 1024 tokens

after �ltering for pairs with prompt and responses < 1024 tokens. For all SFT training, we

use the TRL library 56 with a learning rate of 1e-5 with a cosine scheduler and 100 warmup

steps.

For the DPO baselines, we found the implementation in DPO Trainer 57 For optimal

parameter selection, we sweep over b 2 f .1, 0.5, 1, 10g but we found the default value of

b = 0.1 to be most optimal based on the validation sets during training. Also, we found

the default learning rate of 5e-6 to be optimal after validation runs. For e-DPO, we restrict

the number of reward ensembles to 3 but use the same Oracle training hyperparameters

mentioned above.

Table A.6 provides a full list of model con�gurations and hyperparameters used during

trainng of DRDO models.

A.11 Win-Rate Evaluation Prompt Formats

Fig. A.4 and Fig. A.5 show the prompt format used for GPT-4o evaluation of policy

generations compared to human summaries provided in the evaluation data of Reddit

56https://huggingface.co/docs/trl/en/sft_trainer

57https://huggingface.co/docs/trl/main/en/dpo_trainer to be the most stable and build off most of our
DRDO training pipline and con�guration �les based on their trainer.
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TL;DR (CNN Daily Articles). Fig. A.4 speci�cally provides the human-written summaries

as reference in GPT's evaluation of the baselines. In contrast, Fig. A.5 shows the prompt

that was used to evaluate policy generated summaries in direct comparison to human-

written summaries. Note that in both prompts, we swap order of provided summaries to

avoid any positional bias in GPT-4o's automatic evaluation.

Figure A.4: Prompt format for Reddit TL;DR
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Figure A.5: Prompt format for CNN TL;DR
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Summarization GPT-4o win rate prompt (C).

Which of the following summaries do a better job of summarizing the most
important points in the given news article, without including unimportant
or irrelevant details? Make your decision while referring to the reference
(human-written) summary. A good summary is both precise and concise.

Post:
<post>

Reference Summary:
<golden summary>

Summary A:
<Summary A>
Summary B:
<Summary B>

FIRST, provide a one-sentence comparison of the two summaries, explaining
which you prefer and why.
SECOND, on a new line, state only "A" or "B" to
indicate your choice. Your response should use the format:
THIRD, on a new line, provide your ratings (a real reward score between 0 to 1
where 1 is highest and 0 is lowest in quality) for the summaries.
Comparison: <one-sentence comparison and explanation>
Preferred: <"A" or "B">
Score for Summary A: <score>
Score for Summary B: <score>

Figure A.6: Prompt format for win-rate evaluation on CNN/DM articles using for GPT-4o as an
oracle reward model. The experimental details for this experiment is described in Section A.3 and
results shown in Table A.2
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Appendix B

Appendix for “Frictional-Agent Alignment

Framework” (Chapter 4)

This appendix provides supplementary material and proofs for Chapter 4, including a

detailed derivation of the FAAFof�ine (empirical) objective. Our goal is to express prefer-

ences over friction interventions and frictive states in terms of both the intervention policy

and the frictive-state policy, enabling a single-policy training objective under standard

assumptions. We �rst present the general form of the optimal friction intervention policy

conditioned on frictive states and show why it does not directly yield a single trainable

policy. Leveraging this form, we then solve for the optimal frictive-state policy via a

Lagrangian formulation. Finally, assuming preference symmetry and access to of�ine pref-

erence annotations, we derive the �nal FAAFof�ine objective. This appendix also includes

auxiliary results on probabilistic intervention thresholds. Additional data-generation re-

lated details such as prompts, token-statistics and discussion on out-of-distribution nature

of WTD Original dataset is provided, including experimental details like hyperparameters.

B.1 Derivation of Optimal Frictive State Policy

[Optimal friction intervention policy restated.] Fix a dialogue context x, a frictive

state f , and a strictly positive temperature parameter b 2 R �
+ . Let F denote a �nite

friction token alphabet, and let p ref(� j f , x) be a reference friction policy. For any �xed p f ,

consider the inner maximization in Equation (4.4), given by

L b(p f ) = max
p f

h
E f � p f (�j f ,x)

�
p( f � f j x)

�
� b DKL (p f k p ref j f , x)

i

= max
p f

h
å
f 2F

p f ( f j f , x) p( f � f j x) � b DKL (p f k p ref j f , x)
i
. (B.1)
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Then there exists a unique optimal friction intervention policy p �
f (a valid probability

simplex satisfying å f p f ( f jf , x) = 1) achieving this maximum, and it is given by the

Boltzmann-form update

p �
f ( f j f , x) =

p ref( f j f , x) exp
�
b� 1p( f � f j x)

�

Z � (f , x)
, (B.2)

where Z � (f , x) = å f 02F p ref( f 0 j f , x) exp
�
b� 1p( f 0 � f j x)

�
is the corresponding

partition function. In particular,

p �
f = arg max

p f

L b(p f ).
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Proof.

L b(p f )
b

= å
f 2F

p f ( f jf , x)
p( f � f jx)

b
� DKL (p f k p ref jf , x),

= å
f 2F

p f ( f jf , x)
p( f � f jx)

b
� å

f 2F
p f ( f jf , x) log

� p f ( f jf , x)
p ref( f jf , x)

�
,

= å
f 2F

p f ( f jf , x)
� p( f � f jx)

b
� log

� p f ( f jf , x)
p ref( f jf , x)

��
,

= å
f 2F

p f ( f jf , x)
�

log(exp(b� 1p( f � f jx))) � log
� p f ( f jf , x)

p ref( f jf , x)
��

,

= å
f 2F

p f ( f jf , x) log
�

exp(b� 1p( f � f jx))
p ref( f jf , x)
p f ( f jf , x)

�
,

= å
f 2F

p f ( f jf , x) log
� p ref( f jf , x) exp(b� 1p( f � f jx))

p f ( f jf , x)
�
,

= å
f 2F

p f ( f jf , x) log
� p ref( f jf , x) exp(b� 1p( f � f jx))

p f ( f jf , x)
Z � (f , x)
Z � (f , x)

�
,

= å
f 2F

p f ( f jf , x) log
� p ref( f jf , x) exp(b� 1p( f � f jx))

Z � (f , x)
Z � (f , x)

p f ( f jf , x)
�
,

= å
f 2F

p f ( f jf , x) log
� p �

f ( f jf , x)

p f ( f jf , x)
�

+ å
f 2F

p f ( f jf , x) log Z � (f , x),

= å
f 2F

p f ( f jf , x) log
� p �

f ( f jf , x)

p f ( f jf , x)
�

+ å
f 2F

p f ( f jf , x) log Z � (f , x),

= � DKL (p f k p �
f ) + log Z � (f , x), (using normalization å

f 2F
p f ( f jf , x) = 1)

By de�nition of the KL divergence, we know that p �
f = arg maxp f

�
� DKL (p f k p �

f )
�

and

as:

� DKL (p f k p �
f ) =

L b(p f )
b

� log Z � (f , x)

where log Z � (f , x) is the partition function [9, 103] and has no dependency on p f and

b 2 R �
+ is a strictly positive real number. Therefore, the argmax of � DKL (p f k p �

f )

coincides with that of L b(p f ), concluding the proof.
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Lemma 7 (Value of Inner Maximization) . When substituting the optimal friction intervention

policyp �
f , as derived in Eq. B.2, into Eq. 4.4, the latter reduces to:

J�
FAAF= min

p f
Ex� r ,f � p f (�jx) [b log(Z � (f , x)) + bDKL(p f jjp re f jx)] (B.3)

Proof. Substituting p �
f into the KL divergence term:

DKL(p �
f jjp ref jf , x) = E f � p �

f

h
log(p �

f ( f jf , x)) � log(p ref( f jf , x))
i

= E f � p �
f

h
p( f � f jx)

b � log(Z � (f , x))
i
. (B.4)

The original objective becomes:

p( f � f jx) � bE f � p �
f

�
p( f � f jx)

b
� log(Z � (f , x))

�
= b log(Z � (f , x))

The result follows by substituting this value back into the full objective in Eq. B.2.

This gives us a reduced form of the original objective that is easier for algebraic manip-

ulation in deriving the analytical form of the optimal frictive state policy p f . Therefore, to

derive this policy, we directly begin with the reduced objective function after solving the

inner maximization as shown in Lemma 7.

J�
FAAF= min

p f
Ex� r ,f � p f (�jx)

�
b log(Z � (f , x)) + bDKL(p f jjp ref jx)

�
(B.5)

The Kullback-Leibler divergence term expands as follows:

DKL(p f jjp ref jx) = E f � p f

�
log

p f (f jx)
p ref(f jx)

�
(B.6)
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Substituting this back into our objective:

J�
FAAF= min

p f
E f � p f

h
b log(Z � (f , x)) + b log(p f (f jx)) � b log(p ref(f jx))

i
(B.7)

Sincep f must be a valid probability distribution satisfying å f p f (f jx) = 1, we intro-

duce a Lagrange multiplier l and de�ne the corresponding Lagrangian function to derive

the optimality conditions:

L(p f ) = E f � p f

h
b log(Z � (f , x)) + b log(p f (f jx)) � b log(p ref(f jx))

i

+ l

 

1 � å
f

p f (f jx)

!

= å
f

p f (f jx)
�

b log(Z � (f , x)) + b log(p f (f jx)) � b log(p re f(f jx))
�

+ l

 

1 � å
f

p f (f jx)

!

. (B.8)

Now, to �nd the optimal policy p �
f (f jx), we take the derivative of the Lagrangian with

respect to p f (f jx) and equate it to zero:

dL
dpf (f jx)

= b log(Z � (f , x)) + b
d

dpf

�
p f (f jx) log(p f (f jx))

�
� b log(p re f(f jx)) � l = 0.

(B.9)

From the standard functional derivative of entropy
d

dpf

�
p f (f jx) log(p f (f jx))

�
=

1 + log(p f (f jx)) , we obtain:

b log(Z � (f , x)) + b(1 + log(p f (f jx))) � b log(p re f(f jx)) + l = 0. (B.10)
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Rearranging the terms:

log(p f (f jx)) = log(p re f(f jx)) � log(Z � (f , x)) �
l
b

� 1. (B.11)

Taking the exponential on both sides:

p f (f jx) = e� 1� l
b p ref(f jx)e� log Z � (f ,x) . (B.12)

To ensure p f (f jx) is a valid probability distribution, we de�ne the normalization

constant:

Z(x) = å
f

p ref(f jx)e� b log Z � (f ,x) . (B.13)

Thus, the optimal frictive-state policy is:

p �
f (f jx) =

p ref(f jx)e� b log Z � (f ,x)

Z(x)
. (B.14)

Notice that without losing any generality, we can parametrize the above optimal

frictive-state policy with any outcome f consistent with the structure in Eq. B.14 as follows:

p �
f ( f jx) =

p ref( f jx)
Z(x)

e� b log(Z � ( f ,x)) . (B.15)

Note that although this formulation of the optimal frictive-state policy ( p �
f (f jx)) is an

analytical solution to J� from Eq. B.5, we still need to represent p �
f (f jx) in terms of the

optimal friction intervention policy, p �
f (� j f , x) proposed in Eq. B.2 and the preference

probabilities p( f � f jx), the preference probability of the friction f over the frictive-state

f , given context x. This is crucial to derive the empirical FAAFoptimization objective that

can be used for standard of�ine learning. Therefore, to represent the p( f � f jx) in terms

of p �
f (� j f , x), we take the logarithm of Eq. B.2 on both sides and some algebra, we obtain:
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log(p �
f ( f jf , x)) =

p( f � f jx)
b

+ log(p ref( f jf , x)) � log(Z � (f , x)) .

Multiplying both sides by b and rearranging terms, we obtain:

p( f � f jx) = b[log(p �
f ( f jf , x)) � log(p ref( f jf , x)) + log(Z � (f , x))] . (B.16)

Similar to [50], [49], and [110], we can apply the identity that p(f � f jx) = 1
2 and

substitute f = f into the previous equation and derive:

1
2

= b[log(p �
f (f jf , x)) � log(p ref(f jf , x)) + log(Z � (f , x))] . (B.17)

Solving for log (Z � (f , x)) gives:

log(Z � (f , x)) =
1

2b
� [log(p �

f (f jf , x)) � log(p ref(f jf , x))] . (B.18)

Substituting this back into Eq. B.16 results in:

p( f � f jx) = b[log(p �
f ( f jf , x)) � log(p ref( f jf , x))

+
1

2b
� ( log(p �

f (f jf , x)) � log(p ref(f jf , x)))]

= b log

 
p �

f ( f jf , x)

p ref( f jf , x)

!

+
1
2

� b log

 
p �

f (f jf , x)

p ref(f jf , x)

!

. (B.19)

The log
�

p �
f (f jf ,x)

p ref(f jf ,x)

�
term in the above step is a self-referential term signifying the

friction intervention policy's ( p �
f (� j f , x)) estimate of the frictive state given f . However,
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this term does not provide much information on the regularized preference in terms of the

frictive state policy. Recall that our outer minimization objective operates over p f (�jx).

Fortunately, we can use our results from Lemma 8 and Lemma 10 to express Eq. B.19

in terms of the optimal frictive state policy p �
f (�jx). Therefore, from Lemma 10 we can

expressp �
f and p ref as follows:

For the optimal policy p �
f :

log(p �
f (f jf , x)) = log(p �

f (f jx)) � log(p �
f ( f jx)) (B.20)

For the reference policy p ref:

log(p ref(f jf , x)) = log(p ref(f jx)) � log(p ref( f jx)) (B.21)

Now, substituting these expressions into Eq. B.19, we get:

p( f � f jx) = b
h

log(p �
f ( f jf , x)) � log(p ref( f jf , x)) +

1
2b

� log(p �
f (f jx))+

log(p �
f ( f jx)) � log(p ref(f jx)) + log(p ref( f jx))

i

= b
h

log(p �
f ( f jf , x)) � log(p ref( f jf , x)) +

1
2b

�
�

log(p �
f (f jx)) �

log(p ref(f jx)) � log(p �
f ( f jx)) � log(p ref( f jx)))

�i

= b

"

log

 
p �

f ( f jf , x)

p ref( f jf , x)

!

+
1

2b
+ log

 
p �

f ( f jx)

p ref( f jx)

!

� log

 
p �

f (f jx)

p ref(f jx)

! #

.

(B.22)

Now, replacing f by f1 in p( f � f jx):

p( f1 � f jx) = b

"

log

 
p �

f ( f1jf , x)

p ref( f1jf , x)

!

+
1

2b
+ log

 
p �

f ( f1jx)

p ref( f1jx)

!

� log

 
p �

f (f jx)

p ref(f jx)

! #

(B.23)
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Similarly, expressing f2 in p( f � f jx), we obtain:

p( f2 � f jx) = b

"

log

 
p �

f ( f2jf , x)

p ref( f2jf , x)

!

+
1

2b
+ log

 
p �

f ( f2jx)

p ref( f2jx)

!

� log

 
p �

f (f jx)

p ref(f jx)

! #

(B.24)

Now, expressing p( f1 � f jx) � p( f2 � f jx), the relative preference probability of f1

over f2 given f and x, we observe that log
�

p �
f (f jx)

p ref(f jx)

�
terms cancel out and we derive:

p( f1 � f jx) � p( f2 � f jx) =

b

"

log

 
p �

f ( f1jf , x)

p ref( f1jf , x)

!

+
1

2b
+ log

 
p �

f ( f1jx)

p ref( f1jx)

!

� log

 
p �

f (f jx)

p ref(f jx)

! #

� b

"

log

 
p �

f ( f2jf , x)

p ref( f2jf , x)

!

+
1

2b
+ log

 
p �

f ( f2jx)

p ref( f2jx)

!

� log

 
p �

f (f jx)

p ref(f jx)

! #

= b

"

log

 
p �

f ( f1jf , x)

p ref( f1jf , x)

!

� log

 
p �

f ( f2jf , x)

p ref( f2jf , x)

!

+ log

 
p �

f ( f1jx)

p ref( f1jx)

!

� log

 
p �

f ( f2jx)

p ref( f2jx)

! #

(B.25)

This above result is one of our core contributionssince it lets us express the relative

preference of any friction intervention f1 over f2 given a frictive state ( f ) (i.e., p( f1 �

f jx) � p( f2 � f jx)) analytically in terms of both the optimal friction intervention policy

((p �
f (� j f , x))) and the optimal frictive state policy ( p �

f (�jx)):

b

"

log

 
p �

f ( f1jf , x)

p ref( f1jf , x)

!

� log

 
p �

f ( f2jf , x)

p ref( f2jf , x)

!

+ log

 
p �

f ( f1jx)

p ref( f1jx)

!

� log

 
p �

f ( f2jx)

p ref( f2jx)

! #

(B.26)

Following a standard approach to empirically estimate the LHS [49] in the above equa-

tion from an of�ine preference dataset, one can learn boththe optimal friction intervention

201



policy p �
f and the frictive-state policy p �

f using a trainable policy p q, parametrized with q.

The core insight here is to exploit the expressive nature of LLMs' hidden representations

with billions of parameters to learn a singleoptimal policy. A reasonable choice here is to

train p q through an `2 loss [48] that enforces the relative preference ordering between any

pair of friction interventions ( f1, f2) with implicit reward estimates from the RHS of Eq.

34. However, unlike [48], our approach in enforcing this constraint does not require access

to an external reward model or an "oracle" for point-wise reward estimates, assuming we

have access to labeled preference feedback in samples. Additionally, the`2 formulation

avoids placing a unbounded logit or a inverse sigmoid function over the preference since

this has been shown to cause non-trivial policy degeneracy issues in learning algorithms

like DPO [49]. Applying this `2 loss, we derive:

L p q = E x� r
f � p q(�jx)

f1, f2� p q(�j f ,x)

 

p( f1 � f jx) � p( f2 � f jx)

� b

"

log
p q( f1jf , x)
p ref( f1jf , x)

� log
p q( f2jf , x)
p ref( f2jf , x)

+ log
p q( f1jx)
p ref( f1jx)

� log
p q( f2jx)
p ref( f2jx)

#! 2

(B.27)

Since the friction dataset Dm sampled from m contains preference-annotated pairs

( fw, fl ) given f and x, the preference probabilities can be expressed using indicator func-

tions as p( fw � fl jx) = E [1( fw � fl jx)] = 1 and p( fl � fwjx) = E [1( fl � fwjx)] = 0.

Furthermore, the difference p( fw � fl jx) � p( fl � fwjx) = 1 � 0 = 1 aligns with the

formulation p( f1 � f jx) � p( f2 � f jx) when f1 = fw and f2 = fl . Therefore, we can write

our �nal FAAF-alignment empirical objective function ( L̂ ) as follows:

202



L̂ (p q) = E (x,f , fw, fl )�D m

 

1 � b
h

log
�

p q( fwjf , x)
p ref( fwjf , x)

�
� log

�
p q( fl jf , x)
p ref( fl jf , x)

�

+ log
�

p q( fwjx)
p ref( fwjx)

�
� log

�
p q( fl jx)
p ref( fl jx)

� i
! 2

(B.28)

where ( fw, fl ) represent the winning (preferred) and losing (less preferred) friction

interventions respectively in each annotated pair.

L̂ (p q) = E (x,f , fw, fl )�D m

0

B
B
B
@

1 �

2

6
6
6
4

b log
�

p q( fwjf , x)p ref( fl jf , x)
p q( fl jf , x)p ref( fwjf , x)

�

| {z }
DR

+ b log
�

p q( fwjx)p ref( fl jx)
p q( fl jx)p ref( fwjx)

�

| {z }
DR0

3

7
7
7
5

1

C
C
C
A

2

(B.29)

where DR and DR0represent implicit reward differences [9,49], the former being explicitly

conditioned on the frictive state f , with no such conditioning on the latter.

Lemma 8 (Sequential Choice Decomposition in Friction Agent Optimization) . Consider the

minimax optimization between frictive-state policyp f and friction intervention policyp f where

we seek to generate optimal friction interventions f from frictive statesf :

J� = min
p f

max
p f

E x� r
f � p f (�jx)
f � p f (�j f ,x)

h
p( f � f j x)�

bDKL(p f k p ref j f , x) + bDKL(p f k p ref j x)
i

(B.30)

For any policyp (either optimal friction policyp �
f or reference policyp ref), the sequential choice

probability decomposes as:

p (f jf , x) =
p (f jx)
p ( f jx)

(B.31)
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Proof Sketch.The key insight in deriving this decomposition lies in understanding how

optimal friction interventions are generated sequentially from frictive states. For the op-

timal friction policy p �
f , consider its probability space Pp �

f
. By de�nition of conditional

probability, we have p �
f (f jf , x) =

Pp �
f
(f ,f jx)

Pp �
f
(f jx) . This term is crucial as it captures the policy's

propensity to maintain a frictive state rather than generate a friction intervention. Under

choice independence58 within this policy space assuming a Markovian nature of friction

intervention generation, we have Pp �
f
(f , f jx) = Pp �

f
(f jx)Pp �

f
(f jx). With policy-speci�c

preference probability symmetry [48, 50], the probability Pp �
f
(f jx) + Pp �

f
( f jx) = 1, re-

�ecting the binary choice between maintaining a frictive state or generating a friction

intervention, we obtain p �
f (f jf , x) =

p �
f (f jx)

p �
f ( f jx) , where the optimality of p �

f ( f jx) ensures

p �
f (f jx) � p �

f ( f jx). A similar argument can be made in the case of p ref, the reference

policy, where p ref 's initialization with the supervised-�netuned (SFT) model on friction

interventions ensures p ref( f jx) � p ref(f jx). This decomposition is fundamental to the

minimax objective, J� , as it enables expressing the KL-regularized preference probability

in terms of base policy probabilities while preserving the structure necessary for optimal

friction intervention generation from frictive states.

Lemma 9 (Uniqueness of Intervention Thresholds) . The thresholdt (x) =
p �

f (f jx)

p �
f ( f jx) uniquely

determines optimal intervention policyp �
f .

58Assuming a single-step bandit setting [9, 46], choice independence holds since each frictive-state inter-
vention is independent of past episodes. Using conditional probability, we express the joint probability
under any policy p as Pp (f , f j x) = Pp (f j f , x)Pp (f j x). By choice independence, the probability of
selecting f at the second step does not depend on the �rst selection given x, i.e., Pp (f j f , x) = Pp (f j x).
Substituting this, we obtain Pp (f , f j x) = Pp (f j x)Pp (f j x).
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Proof. We prove uniqueness by contradiction. Consider two potentially optimal policies

p 1
f and p 2

f with corresponding thresholds t 1(x) and t 2(x). Assume t 1(x) 6= t 2(x) but both

policies are optimal. By optimality, their contributions to the objective J� must be equal for

any observation tuple x, f and f :

b[log(p 1
f ( f jf , x)) � log(p ref( f jf , x)) � ( log(t 1(x)) � log(p ref(f jf , x)))]

= b[log(p 2
f ( f jf , x)) � log(p ref( f jf , x)) � ( log(t 2(x)) � log(p ref(f jf , x)))]

(B.32)

Simplifying and rearranging terms:

log(p 1
f ( f jf , x)) � log(t 1(x)) = log(p 2

f ( f jf , x)) � log(t 2(x)) (B.33)

However, by the strict convexity of KL divergence and Jensen's inequality:

DKL (p 1
f k p ref j f , x) + DKL (p 2

f k p ref j f , x) > 2DKL (
p 1

f + p 2
f

2
k p ref j f , x) (B.34)

This inequality implies that a mixed policy p avg
f =

p 1
f + p 2

f
2 would achieve a lower KL

divergence cost due to strict convexity and equal expected reward (regularized preference

probabilities) from the equality of optimal policies. Therefore, p avg
f would achieve strictly

better objective value than both p 1
f and p 2

f , contradicting their assumed optimality. This

proves threshold uniqueness. The contradiction arises because:

J� (p avg
f ) >

1
2

[J� (p 1
f ) + J� (p 2

f )] (B.35)

which is impossible if both p 1
f and p 2

f were truly optimal.
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Corollary 1 (Uniqueness of Optimal Policy Under Threshold Identity) . If two optimal

intervention policiesp 1
f andp 2

f satisfy the same threshold conditiont 1(x) = t 2(x) for all x, then

p 1
f = p 2

f .

Proof. Assume for contradiction that two distinct optimal policies p 1
f and p 2

f satisfy the

threshold condition
p 1

f (f jx)

p 1
f ( f jx)

=
p 2

f (f jx)

p 2
f ( f jx)

= t (x). De�ne the mixed policy p avg
f = 1

2(p 1
f + p 2

f ),

which preserves the threshold as t avg(x) = t (x) due to linearity, implying p avg
f is also

optimal.

Now, applying Jensen's inequality to the KL divergence term in the objective, we

obtain DKL (p avg
f k p ref j f , x) � 1

2DKL (p 1
f k p ref j f , x) + 1

2DKL (p 2
f k p ref j f , x). Strict

convexity ensures a strict inequality whenever p 1
f 6= p 2

f on a set of positive measure where

supp(p ref) > 0, implying J� (p avg
f ) < 1

2[J� (p 1
f ) + J� (p 2

f )]. This contradicts the assumed

optimality of p 1
f and p 2

f , proving that they must be identical.

Lemma 10 (Policy Ratio Equivalence). For the optimal friction policyp �
f and the optimal

frictive-state policyp �
f , the following expectation-based ratio holds:

E x� r
f � p �

f (�jx)
f � p �

f (�j f ,x)

"
p �

f (f jx)

p �
f ( f jx)

#

= E x� r
f � p �

f (�jx)
f � p �

f (�j f ,x)

"
p �

f (f jx)

p �
f ( f jx)

#

. (B.36)

Proof. We show that both the policy ratios simplify to the same value under the expectation.

We begin by taking the expectation over the preference probability formulation 59:

E [p( f � f j x)] = E
h
b

�
log(p �

f ( f jf , x)) � log(p ref( f jf , x)) + log Z � (f , x)
�i

. (B.37)

We �rst represent the ratios of the optimal frictive intervention policies (LHS of this

lemma) for any tuple (x, f , f ) in terms of their parametric representations from Eq. B.2 as

follows:

59For clarity, the expectation E is taken over x � r , f � p �
f (� j x), f � p �

f (� j f , x) throughout the proof, but
this is omitted in the notation when the context is clear.
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p �
f (f jx)

p �
f ( f jx)

=
p ref(f jx)
p ref( f jx)

eb� 1(p(f � f jx)� p( f � f jx)) (log Z � (x) cancels out) (B.38)

Take the expectation on both sides and apply60 the identity p(f � f j x) = 0:

E

"
p �

f (f jx)

p �
f ( f jx)

#

= E
�

p ref(f jx)
p ref( f jx)

e� b� 1p( f � f jx)
�

(since p(f � f j x) = 0). (B.39)

Notice that by de�nition in Eq. 4.4, the optimal friction intervention policy p �
f (�j f , x)

is KL-constrained wrt to the reference policy p ref(�j f , x). So under the expectation, the

following has to be true for p �
f (�j f , x) to be optimal:

E
h
p �

f ( f jf , x)
i

� E [p ref( f jf , x)] . (B.40)

Substituting the preference probability formulation p( f � f jx) from Eq. B.16 in Eq. B.39

and applying the KL-regularization approximation in Eq. B.40 we derive that:

E
�
e
�

�
log(p �

f ( f jf ,x)) � log(p ref( f jf ,x))+ log Z � (f ,x)
� �

� E
�

Z � ( f , x)
Z � (f , x)

�
. (B.41)

Using this substitution, we rewrite Eq. B.39 as:

E

"
p �

f (f jx)

p �
f ( f jx)

#

= E
�

p ref(f jx)
p ref( f jx)

e
�

�
log(p �

f ( f jf ,x)) � log(p ref( f jf ,x))+ log Z � (f ,x)
� �

= E
�

p ref(f jx)
p ref( f jx)

Z � ( f , x)
Z � (f , x)

�
. (B.42)

60Since learning occurs in a supervised setting with preference-annotated data, the probability follows as
p( f � f j x) = E [1( f � f j x)] = 1, implying p(f � f j x) = 0.
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Similarly, for the optimal frictive state policy ratio we derive:

E

"
p �

f (f jx)

p �
f ( f jx)

#

= E

2

6
4

p ref(f jx)
Z �

f (x) e� b� 1 log Z � (f ,x)

p ref( f jx)
Z �

f (x) e� b� 1 log Z � ( f ,x)

3

7
5 = E

"
p ref(f jx)
p ref( f jx)

e� log Z � (f ,x)

e� log Z � ( f ,x)

#

(Z �
f (x) cancels)

(B.43)

= E
�

p ref(f jx)
p ref( f jx)

Z � ( f , x)
Z � (f , x)

�
. (B.44)

Thus, E
�

p �
f (f jx)

p �
f ( f jx)

�
= E

�
p �

f (f jx)
p �

f ( f jx)

�
.
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B.2 Operationalizing m: Frictive State and Friction Interven-

tion Generations using GPT-4o

In order to train and evaluate our baselines along with FAAFfor friction intervention gen-

eration in collaborative tasks, we carry out a series of data augmentation procedures using

GPT-4o (denoted asm) in order to construct two diverse preference datasets. For details on

our choice of datasets, please refer to Section 4.2.3. In this section, we provide procedural

details to reproduce the friction intervention preference datasets, that were generated out

of the original Weights Task and DeliData dataset. For all our data-generation experiments,

we use a high-capacity LLM (GPT-4o) [246] as our sampling distribution m, as de�ned

in Section 4.2. In particular, we utilize a self-rewarding LLM approach [115,214,216] to

simultaneouslygenerate and assign rewards to m-generated interventions, since previous

work [105, 248] provides evidence that such synthetic preference-data generation still

leads to higher-quality reward models and preference-aligned policies. Prior work [290]

provides substantial evidence that this approach leads to more high-quality LLM-as-a-

judge-based evaluations especially for conversational benchmarks [185]. Additionally,

reward assignments for sampled intervention naturally provides an implicit preference

ranking—which we use for constructing our respective preference datasets. After these

data-generation experiments, we further conduct �ltering and contrastive pairing of a

"winning" ( fw) or preferrred interventions and "losing" ( fl ) or dispreferred interventions

along with their corresponding dialogue histories ( x) to create our �nal preference datasets

for each augmented dataset.

B.3 DeliData Friction Intervention Preference Dataset

In order to generate frictive state and friction interventions in the DeliData dataset, we

use the prompt shown in Figure B.1. In order to contextualize the extraction of frictive

states, we only provide h = 15 previous utterances in each dialogue group (group_id)
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Train Test

Min Max Mean ± Std Min Max Mean ± Std

Dialogue History 16 824 288.43 ± 132.97 25 733 291.88 ± 118.03

Belief State 8 140 32.93 ± 15.92 20 140 47.99 ± 28.38

Chosen Friction 6 60 24.03 ± 4.65 9 39 22.05 ± 5.55

Chosen Rationale 8 78 22.84 ± 8.67 10 78 29.61 ± 13.33

Rejected Friction 9 45 23.95 ± 4.10 10 41 22.16 ± 5.11

Rejected Rationale 8 73 19.60 ± 6.89 10 59 26.04 ± 11.61

Table B.1: Token Length Statistics for the DeliData Friction dataset using the Meta-Llama-3-8B-
Instruct tokenizer.

Field Train Test

Min Max Mean ± Std Min Max Mean ± Std

Dialogue History 4 1464 227.83 ± 189.48 4 1031 235.04 ± 180.36

Belief State 11 65 30.55 ± 6.65 17 54 30.47 ± 6.29

Chosen Friction 10 45 21.20 ± 5.12 11 42 21.08 ± 5.10

Chosen Rationale 10 35 20.38 ± 3.44 12 32 19.67 ± 3.38

Rejected Friction 6 32 15.88 ± 3.68 7 29 15.57 ± 3.75

Rejected Rationale 8 41 20.10 ± 3.51 12 30 19.88 ± 3.47

Table B.2: Token Length Statistics for the WTD Simulated Friction dataset using the
Meta-Llama-3-8B-Instruct tokenizer.

Field Train Test

Min Max Mean ± Std Min Max Mean ± Std

Dialogue History 16 555 309.88 ± 81.11 25 555 316.46 ± 79.16

Belief State 41 140 84.94 ± 15.58 41 140 84.95 ± 16.27

Chosen Friction 9 31 16.85 ± 3.47 9 27 16.87 ± 3.49

Chosen Rationale 24 78 44.19 ± 8.46 26 78 44.43 ± 8.59

Rejected Friction 9 31 17.12 ± 3.51 10 28 17.23 ± 3.41

Rejected Rationale 24 73 40.00 ± 6.62 24 59 39.89 ± 6.43

Table B.3: Token Length Statistics for the WTD Original Friction dataset using the Meta-Llama-3-
8B-Instruct tokenizer.

assuming that frictive states are likely to be present within an "attentional-state" [317]

window that describes the focused part in the discourse. This technique allows us to avoid
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Personality Type Facet Description

Extraversion Assertiveness Tends to take charge and speak con�dently.
Sociability Enjoys engaging with others and maintaining

conversation.
Activity Level Shows high energy and enthusiasm.
Excitement Seeking Looks for novel and stimulating experiences.
Positive Emotions Expresses optimism and cheerfulness.

Neuroticism Anxiety Shows worry and concern about potential mis-
takes.

Depression Tends to be pessimistic and doubtful.
Vulnerability Easily becomes overwhelmed or stressed.
Self-Consciousness Shows hesitation and uncertainty.
Anger Can become frustrated and irritated easily.

Agreeableness Trust Readily trusts others and their suggestions.
Altruism Shows concern for others' success and well-

being.
Compliance Tends to avoid con�icts and agree with others.
Modesty Downplays own contributions and abilities.
Sympathy Shows understanding and empathy towards

others.

Table B.4: Descriptions of our chosen 3 personality types and facet combinations from the Big Five
framework that we use for simulated friction generation on the Weights Task.

unnecessary API calls while also providing a more focused dialogue context to GPT-4o.

Additionally, since this dataset already contains manual human annotations of "probing"

interventions (which, per our de�nitions, constitute a subset of friction interventions),

we explicitly guide the data-generator to exclude probing interventions in extracting the

frictive states. Note that each functionally-frictive state (denoted as f ), as extracted by GPT-

4o, resulted in two friction interventions, fw and fl . In total, this generation process led

to 6,238 (x, f , fw, fl ) tuples after keeping 50 randomly sampled dialogue groups separate

for the evaluation set, out of which 476 (33) were probing interventions in train (test)

partitions. Additionally, we carry out another round of training pair augmentations since

6,238 samples is quite small compared to popular preference alignment datasets, such

as Ultrafeedback's roughly 62k training preference pairs [4]. 61 The average rewards for

61We found 14 samples where GPT-4o did not return any strings for the frictive state description. We �ltered
out these samples from our training set.
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the preferred and dispreferred interventions assinged by mare 8.03 and 3.96 respectively

(rated out of 10).

As such, for each training tuple (x, f , fw, fl ), we generateN augmented versions (x0, f 0, f 0
w, f 0

l )

by applying a replacement mapping R : S ! S0 N times, where S represents the original

set of card values (vowels62, odd numbers, and even numbers), and S0represents their re-

placements. The replacement function R is de�ned as follows: Each vowel v 2 f A, E,O,Ug

is replaced with another vowel v0such that v02 f A, E,O,Ug n fvg, where v0is sampled uni-

formly at random from the remaining vowels. Similarly, each odd number o 2 f 1, 3, 5, 7, 9g

is replaced with another odd number o0 such that o0 2 f 1, 3, 5, 7, 9g n fog, where o0 is

sampled uniformly at random. Likewise, each even number e2 f 0, 2, 4, 6, 8g is replaced

with another even number e0such that e02 f 0, 2, 4, 6, 8g n feg, with e0sampled uniformly at

random. For example, if an utterance contains reference to card "A" and "6", the rules of the

Wason Card task still applies equivalently for, say, "E" and "8"–while keeping the reasoning

consistent with the original utterance and the utterance with replacement. We apply this

replacement mapping across all �elds in tuples ( x0, f 0, f 0
w, f 0

l ) in the training set. This led

to training set of 68,618 preference pairs. Note that we only apply this augmentation for

the training set to generate a reasonably large preference dataset for more robust training

signals. Table B.1 shows a detailed breakdown of the token-length statistics of the DeliData

Friction preference dataset using the Meta-Llama-3-8B-Instruct tokenizer.

B.4 WTD Friction Intervention Preference Dataset

WTD "Original" Friction dataset Unlike the DeliData dataset, which includes pre-

annotated probing interventions as natural friction points, the Weights Task dataset [1] con-

sists of dense-paraphrased utterances transcribed manually [318] and with Whisper [319],

62We did not replace instances of "I" to avoid noise from mistakenly replacing �rst-person references in the
dialogues. Additionally, since vowels constitute the majority of prompted card solutions vs. consonants,
applying our replacement function R for vowels was enough to generate � 62k additional samples,
comparable to Ultrafeedback [4]
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making friction interventions sparse due to its multimodal nature. Manual inspection

found only 3-4 frictive interventions per group, yielding � 30-40 samples—insuf�cient

for training an effective agent without over�tting, especially for LLMs with billions of

parameters. As such, we carry out two phases of data-augmentations and preference

annotations. In our �rst round, we generate the WTD Original Friction dataset which

contains annotations of frictive-states and friction interventions. Similar to DeliData pref-

erence annotations Section B.3, we use a self-rewarding LLM [115,214,216] set-up to �rst

generate these states and interventions in an autoregressive manner and prompt mto

rate them in the same api-call, for each frictive state extraction. Since WTD dialogues

can be substantially long (> 200 utterances) for certain groups, we only consider a non-

overlapping window of 10 previous utterances as context history h = 10 for a more robust

grounding for m; See Figure B.1 for details on the prompt used constructing the WTD

Original Friction dataset. This process led to 4299 (470) training (testing) preference

pairs. Preferred interventions achieved mean scores (mean±std) of 8.36±1.12 (train) and

8.35±1.08 (test), while dispreferred interventions scored 6.35±1.13 (train) and 6.36±1.11

(test), demonstrating consistent preference margins across splits.

Note that we do not use WTD Original Friction for training any of our baselines—but

use it for out-of-domain distribution (OOD) evaluation (see Section 4.2.3). This allows us

to more extensively evaluate FAAFin checking test-time OOD generalization [9,110] against

baselines—where OOD generalization is a major limitation in supervised preference

alignment algorithms that depend crucially on the sampling distribution [48,92].

WTD "Simulated" Friction dataset Additionally, for a more robust training and in

order to evaluate multi-turn preference alignment in interventions, we use [124]'s method

to generate novel full collaborative conversations using the weight-de�nitions of the

original WTD environment. This method is more akin to "West-of-N" sampling [248]

techniques that allow synthetic data generations with high-capacity LLMs—where highest
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and lowest rewarded candidates naturally form preference pairs. As shown in ??, we

sample a full dialogue at once using m, while providing initial task-related guidelines and

gold-truth labels of actual weights of the �ve blocks in the WTD dataset. For example,

we explicitly prompt mto role-play [61] the triad consisting of three participants in the

weight-deduction process. Furthermore, to generate more realistic utterances, we utilize

participant personality-facet combinations [5,320] from Big 5 63 personality classi�cations

[6] as additional attributes in the prompt. In other words, each sampled full-dialogue

contains a unique combination of these personality-facet combinations for each participant

(total 3,375 combinations).

Similarly, for each sampled frictive state within a conversation (dialogue), we generated

N = 6 friction interventions with corresponding effectiveness scores in resolving the fric-

tive state. Since WTD data does not contain any probing intervention samples, in order to

further ground these generations to the task, we also provide a one-shot example of a natu-

rally occurring friction intervention (marked with P1( f ) in ??). In total, out of the expected

3,375 personality-facet combinations (3*5 unique combinations for each participant), 3,362

were successfully generated using mand parsed. Finally, to create the preference pairs, for

each frictive state, we paired the lowest scoring response with all the higher scoring ones,

akin to the West-of-N technique. This resulted in 56, 689 preference pairs after excluding 54

dialogues (amounting to 800 preference pairs) for the test set. This process �nally resulted

in the WTD Simulated Friction dataset. Preferred interventions achieved mean scores of

8.48±1.52 (train) and 8.51±1.50 (test), while dispreferred interventions scored 6.01±0.88

(train) and 6.08±0.87 (test), demonstrating consistent preference margins across splits.

63See Tab. D.1 for our full set of personality-type and facet combinations. Similar to [5], we choose three
personality types from Big 5 framework for consistency.
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FRICTION GENERATION PROMPT: DELIDATA DATASET

System: You are an expert in collaborative reasoning and dialogue analysis. Your task is
to detect *frictive states* and generate *friction interventions* that resolve them in group
dialogue. A frictive state occurs when a participant makes a claim that contradicts another
participant's belief model (i.e., their assumed understanding of the rule or task constraints),
leading to misalignment in reasoning that could hinder progress. Friction interventions
encourage self-re�ection in participants and prompt them to reevaluate these contradicting
beliefs and assumptions.

User: Analyze this dialogue about the Wason card selection task. Participants see
four cards showing numbers or letters and must test this rule: "All cards with vowels on one
side have an even number on the other." Remember that the correct answer is to select a vowel
and an odd number. Provide [N] frictive states with their resolutions in the following JSON
format. For each state, include both a preferred and less preferred intervention that could
help resolve the con�ict. Additionally, provide a one-sentence rationale for your intervention.

IMPORTANT: - Do not analyze utterances labeled as "probing" or statements imme-
diately before them, as these frictive states have already been detected.
- For each frictive state detected, you should:
* Identify the dialogue index where it occurs
* Summarize the con�icting beliefs
* Explain why the contradiction affects reasoning

Here is the provided dialogue:
[Dialogue ]

Message ID: [index_where_friction_occurs ]
Contradiction: [describe_the_con�icting_beliefs ]
Contradiction Reason: [explain_why_the_contradiction_affects_reasoning ]

Preferred Intervention :
Statement: [your_friction_intervention ]
Rationale: [your_rationale ]
Score:[your_score]

Less Preferred Intervention :
Statement: [your_friction_intervention ]
Rationale: [your_rationale ]
Score:[your_score]

Figure B.1: DeliData [8] Friction Generation Prompt. We use GPT-4o as our sampling distribution
mand prompt it to simultaneously generate frictive states and friction interventions. For diversity,
we use the default temperature of 1. This process implicitly provides us with preference rankings
between intervention, via the reward scores. Note that we exclude already-present “probing”
interventions in this generation process since are present in the original DeliData annotations.
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FRICTION GENERATION PROMPT: WEIGHTS TASK DATASET (WTD O RIGINAL )

System: You are an expert in collaborative reasoning and dialogue analysis. Your task is
to detect *frictive states* and generate *friction interventions* that resolve them in group
dialogue. A frictive state occurs when a participant makes a claim that contradicts another
participant's belief model (i.e., their assumed understanding of the rule or task constraints),
leading to misalignment in reasoning that could hinder progress. Friction interventions
encourage self-re�ection in participants and prompt them to reevaluate these contradicting
beliefs and assumptions.

User: Analyze this dialogue about the Weights Task dataset. Three participants (P1,
P2, and P3) are collaborating to determine the weights of colored blocks using a scale.

Block Weights (in grams):
- Red block: 10g
- Blue block: 10g
- Green block: 20g
- Purple block: 30g
- Yellow block: 50g

Game Rules:
1. Participants can only weigh two blocks at a time
2. They are told the red block's weight at the start
3. All other block weights are initially unknown
4. Scale slider is not needed (blocks are in 10g increments)

Provide [N] frictive states with their resolutions in the following JSON format. For
each state, include both a preferred and less preferred intervention that could help resolve
the con�ict. Additionally, provide a one-sentence rationale for your intervention.
Here is the provided dialogue:
[Dialogue ]

Message ID: [index_where_friction_occurs ]
Contradiction: [describe_the_con�icting_beliefs ]
Contradiction Reason: [explain_why_the_contradiction_affects_reasoning ]

Preferred Intervention :
Statement: [your_friction_intervention ]
Rationale: [your_rationale ]
Score:[your_score]

Less Preferred Intervention :
Statement: [your_friction_intervention ]
Rationale: [your_rationale ]
Score:[your_score]

Figure B.2: Weights Task dataset [7] Friction Generation Prompt. We use GPT-4o as our sampling
distribution mand prompt it to simultaneously generate frictive states and friction interventions.
For diversity, we use the default temperature of 1.
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FRICTION GENERATION PROMPT: WEIGHTS TASK DATASET (WTD SIMULATED )

System: You are an expert in collaborative reasoning and dialogue analysis. Your task is
to *generate a complete dialogue* where participants (P1, P2, P3) discuss which block to
measure next and how to measure them. The three participants have distinct personality
types that in�uence their behavior and dialog must re�ect these personality traits in their
communication style and behavior. The dialog is considered complete when all block
weights are measured and agreed upon. Additionally, identify frictive states within the
dialogue and provide N friction interventions at these points.

[De�nition: Frictive State ]
[De�nition: Friction Intervention ]
User: Three participants (P1, P2, P3) work together in the Weights Task to determine the
weights of colored blocks (red=10g, blue=10g, green=20g, purple=30g, yellow=50g). They
can only weigh two blocks at a time, start knowing only the red block's weight, and use a
scale with 10g increments (no slider needed).
Your tasks:
Generate a full dialogue until all weights are correctly identi�ed and agreed upon.
Identify frictive states where reasoning misalignment occurs.
Provide N friction interventions with their corresponding rationales at these points. Rank
them by effectiveness in resolving the con�ict. Assign each a quality score from 1 to 10.
P1 has{personality_type} personality type with high {personality_facet} .
Here is an example dialogue where friction statements are labeled as (f). Actions of
participants are provided within "[]" blocks.

Figure B.3: Friction Generation Prompt for Weights Task Dataset (WTD Simulated) — Part 1.

Personality Types P1 P2 P3

Extraversion 4740 4889 4741
Neuroticism 5928 5591 5921
Agreeableness 4573 4761 4579

Table B.5: Friction Count for Participants

217



FRICTION GENERATION PROMPT (CONTINUED )

P2: [pointing towards the purple block �rst and then towards the blue block] I think this one
is purple and this one is blue.
P3: [reading from the laptop screen] Ok so blue is ten and purple is
P3: [looking at the blocks and asking a rhetorical question] Thirty
P1 (f ): [putting green and red blocks on the left side of the scale and purple block on the
right side] Yes verify real quick but I think it is
P2: [observing the balanced scale] Yes thirty
P1: [removing green, red, and purple blocks from the scale] Yeah we got them yeah
Generated Dialogue:
[Full_generated_dialogue_until_completion ]

Message ID: [index_where_friction_occurs ]
Contradiction: [describe_the_con�icting_beliefs ]
Contradiction Reason: [explain_why_the_contradiction_affects_reasoning ]

Friction Interventions :
Statement: [your_friction_intervention ]
Rationale: [your_rationale ]
Score:[your_score]

Figure B.3: Friction Generation Prompt for Weights Task Dataset (WTD Simulated) — Part 2.
To ground these friction interventions with personality-traits of the participants, we use [5]'s
prompting framework with personality-facet combinations.
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PAIRWISE LLM- AS-A -JUDGE EVALUATION PROMPT: FRICTION INTERVENTIONS

System: You are an expert evaluating the quality of friction interventions in collaborative
problem-solving.

Game-de�nition: Participants (P1, P2, P3) are solving a block-weighing puzzle. They can
only weigh two blocks at a time and know the red block is 10g. They must determine
weights of all blocks (blue=10g, green=20g, purple=30g, yellow=50g) but don't know these
values initially. A friction intervention is an indirect persuasion statement that prompts
self-re�ection and reevaluation of assumptions, like asking "Are we sure?" or suggesting to
revisit steps. You must rate each intervention (between 1 to 5) along these **dimensions**
given the json format below.

[Dialogue ]
[Gold intervention ]
[Intervention A ]
[Rationale A]
[Intervention B ]
[Rationale B]

You must a choice between which of two interventions is more preferable and pro-
vide one sentence explanation at the end.

1. Relevance: How well does the intervention address key issues or assumptions in the
reasoning process?
2. Gold Alignment: How well does the friction intervention align with the golden friction
sample?
3. Actionability: Does the friction intervention provide actionable guidance or suggest
concrete steps for participants to improve their reasoning?
4. Rationale Fit: How well does the provided rationale align with the preference for the
friction intervention?
5. Thought-Provoking: Encourages self-re�ection
6. Speci�city: Does the intervention pinpoint speci�c �aws, assumptions, or gaps?
7. Impact: To what extent does the friction intervention have the potential to change the
course of the participants' reasoning?

Format your response as follows:

A: relevance: [1 � 5], gold_alignment: [1 � 5], actionability: [1 � 5], rationale_�t:
[1 � 5], thought_provoking: [1 � 5], speci�city: [1 � 5], impact: [1 � 5]
B: similar format
Winner: ['A' or 'B' ]
Rationale: [One sentence explanation]

Figure B.4: Evaluation prompt used for friction intervention assessments in an LLM-as-a-judge
format.

219



B.5 Additional Details on Human Validation

Following previous work that evaluates LLM-generated annotations and outputs

[138,244,321,322], in addition to choosing the winning intervention, we asked the human

annotators64 to evaluate the candidates in each sample across dimensions ofreasoning,

speci�city, and thought provoking. Annotators were asked to rate both candidate interven-

tions on a 5-point Likert-type scale. For analysis, we bucketed the ratings together by

valence—1 & 2: negative valence (-1), 3: neutral valence (0), and 4 & 5: positive valence

(1), and calculated average valences and Krippendorff's a and Cohen's k. We �nd that

the average valence ratings of the various dimensions is low, very close to neutral, as are

the a and k values (a = 0.276,k = 0.205 on DeliData samples,a = � 0.265,k = 0.004 on

WTD). There is little agreement on the qualities of the friction statement which suggests

that although the annotators usually have strong agreement that there is a clear winner for

each pair (see Section 4.2.3), there is a lot of subjectivity on the qualities of these utterances.

While the winning utterance was judged to be better at prompting re�ection or redirecting

the dialogue, it may nor be entirely clear to the annotators why. In addition, these qualities

are loosely-derived from other human-LLM validation frameworks, which usually align

somewhat with how LLMs themselves score things, which is often based on speci�c detail

and level of informativity. These might not actually be the best qualities to emphasize in a

collaborative dialogue, because they tend to violate Gricean principles [22] in a collabora-

tive context, due to informativity and speci�c detail leading to redundancy, violating the

maxim of quantity, etc.

B.6 Distributional Analysis of Original and Simulated WTD

We provide a detailed distributional analysis of the Original and Simulated versions of

the Weights Task Dataset (WTD). This shows the out-of-distribution (OOD) quality of our

64Our two human annotators have the following demographic breakdown: both male, college undergradu-
ates, one Caucasian, one African, both �uent English speakers.

220



evaluation on the Original WTD in Table 4.1 and Table 4.2. This is to show that there are

signi�cant differences in the data distribution between the two sets—and thus evaluation

on the Original WTD data reasonably satis�es the OOD setting when models are aligned

using the Simulated data. Note that the original dialogues are speech-to-text transcripts of

actual conversations [7] while simulated dialogues are generated using GPT-4o (m).

First, we sample 500 dialogue and friction intervention samples from both datasets.

Next, we conduct three analyses: (1) t-SNE visualization and semantic similarity distri-

butions using sentence embeddings65 to examine clustering patterns and within/across-

group similarities (see Figure B.5, top plot), (2) the same embedding analysis applied to

friction interventions to compare LLM-generated dialogues vs. human speech transcripts

(see Figure B.5, bottom plot), and (3) linguistic pattern analysis examining speech-to-text

artifacts including �ller words, repetitions, punctuation density, sentence fragments, and

informal contractions to validate textual differences between human speech transcripts

and AI-generated dialogues (shown in Figure B.6).

The t-SNE embedding visualization shown in Figure B.5 (top) demonstrates clear

separability between WTD Original and Simulated collaborative dialogues in semantic

space, with minimal cluster overlap. Similarly, semantic similarity analysis reveals that

simulated dialogues exhibit substantially higher internal coherence ( x̄ = 0.870, s =

0.062)66 than original dialogues ( x̄ = 0.610,s = 0.147), while cross-group similarities remain

consistently lower(x̄ = 0.581)—signifying the differences in the two sets. All pairwise

comparisons are statistically signi�cant ( p < 0.001). In contrast, friction intervention

analysis in Figure B.5 (bottom) reveals signi�cantly weaker distributional separation

compared to dialogue data, with within-group similarities much closer ( x̄ = 0.385 for

original vs. x̄ = 0.524 for simulated) than the large gap observed in dialogue analysis ( x̄ =

65We use https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2 to get embeddings.

66We use x̄ in the text here to both denote the sample mean as these statistics are drawn from a representative
subsample, and to avoid ambiguity in the use of m, which elsewhere refers to the data distribution of
GPT-4o-generated data.
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0.610 for original vs. x̄ = 0.870 for simulated). The cross-group similarity ( x̄ = 0.400) falls

between rather than below the within-group values, which is expected since interventions

are LLM-generated for both splits.

To complement these results, we analyzed �ve linguistic features in the context data—�ller

words, repetitions, punctuation density, conjunction-led fragments, and informal contrac-

tions. These results are shown in Figure B.6. Original data being naturally more realistic

showed more dis�uencies (e.g., �ller words, fragments), while simulated data exhibited

higher punctuation density, re�ecting structured AI/LLM generation. These results indi-

cate that the simulated dialogue data demonstrates more homogeneous content patterns

unlike original dialogues that are more realistic and diverse. These results in addition to

the differences in length distribution shown in Table B.2 and Table B.3 further validates the

OOD characteristics of the original data—where FAAFconsistently outperforms baselines.

Friction Taxonomy on Model Generations To analyze the qualitative character of gen-

erated interventions in the Weights Task simulations, we classify each friction output

into one of seven taxonomy types—motivated by prior work [323]—using GPT-4o as a

zero-temperature batch classi�er, prompted with structured taxonomy de�nitions and

returning per-intervention type labels with one-sentence rationale. We apply this to model

outputs across FAAF, DPO, PPO, IPO, and SFT, as well as to the GPT-4o-generated training

data itself. Table B.6 shows the indicators of quality used in the taxonomy, and results are

shown in Figure B.7.

The central �nding is a systematic T2/T3 inversion. The training distribution mis

corrective-dominant (T3: 61.8%, T2: 28.8%), re�ecting GPT-4o's access to ground-truth

weights during data generation. After preference alignment, every trained model shifts

to speculative-dominant outputs — DPO most severely (T2: 80%, T3: 18%), followed by

PPO (67%/27%) and FAAF(65%/29%). SFT, the control, preserves the training ratio most

faithfully (T2: 31%, T3: 33%), con�rming the inversion is attributable to the contrastive
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Type Description

T1 Supportive / Inclusive Referential inclusion, role-rebalancing,
surfacing hidden contributions.

T2 Speculative / Re�ective What-if questions, counterfactual ex-
ploration, deliberate slowing.

T3 Error-Checking / Corrective Gentle contradiction, highlighting con-
�ict between beliefs.

T4 Encouragement / Motivational Group support, normalizing effort, sus-
taining momentum.

T5 Targeted Re-Engagement Pulling back one person, role-tethered
cues, directed at individual.

T6 Solicited Assistance Clarifying goals, reframing task, re-
sponsive to explicit request.

T7 Proactive Guidance Strategic interruption, meta-re�ective
prompt, unsolicited high-friction.

Table B.6: Friction intervention taxonomy types and de�nitions.

preference signal rather than the dialogue loop itself. Given our de�nition of friction inter-

ventions (Section 2.3.1), this inversion is arguably more appropriate, prompting groups

to surface errors themselves. FAAF's f -conditioning grounds this shift in inferred frictive

“belief” states, enabling corrective recovery when concrete errors become observable.

B.7 Experimental Settings

We initialize all preference-alignment baselines—DPO [9], IPO [49], and PPO [11]—from

supervised �ne-tuned (SFT) models trained on the preferred (winning) friction interven-

tions ( fw) after our preference data generation pipeline that led to Dpref (see section 5.3.1

and algorithm 3). This follows prior alignment work in ensuring that the SFT policy

has suf�cient support over preferred samples drawn from the data distribution. For the

multi-turn supervised baseline BC-expert, we use D traj , the NLL loss is computed only on

preferred friction interventions ( fw), similar to training only on responses on Stargate [53]

but we condition on the entire trajectory, including frictive states f , for each dialogue and

do not apply any KL-based regularization.

The SFT models are initialized from the meta-llama/Meta-Llama-3-8B-Instruct base

checkpoint to bene�t from strong instruction-following capabilities and conversational
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�uency [93]. To mitigate compute demands, we employ Low-Rank Adaptation (LoRA)

with a = 16, dropout = 0.05, and rank R = 8, using the PEFT67 and SFTTrainer68 im-

plementations from the TRL library. Models are loaded using 4-bit quantization via the

bitsandbytes library 69 to support more ef�cient training. In light of the setup described in

Section 5.4, we apply loss only over completions (i.e., frictive states f and interventions

fw) using the ConstantLengthDataset format. We optimize using AdamW [315,316] with

a cosine learning rate scheduler, weight decay of 0.05, and 100 warm-up steps. We train

the SFT models for 6000 steps, using a learning rate of 1e� 4 and an effective batch size of

16 (with gradient accumulation steps = 4). We use a max_lengthof 4096 tokens to capture

enough context. For BC-expert, we use full trajectories collected in D traj with same settings

as SFT, except we increasemax_lengthto 6096 tokens to provide the model with suf�cient

context for coherent generation.

Contrastive preference baselines For both DPO and IPO, we apply comparable LoRA

con�gurations, using a max_lengthof 4096 tokens (covering both prompts and responses)

and a max_prompt_lengthof 2048 tokens. This setting minimally �lters out overly long

preference pairs while preventing out-of-memory (OOM) issues during training. We train

these models for 3000 total steps with an effective batch size of 32 and a learning rate of

5 � 10� 7, consistent with standard practice [105]. For IPO [49] speci�cally, we normalize

the log-probabilities of the preferred and dispreferred responses by their respective token

lengths. For both baselines, we found b = 0.1 to be optimal during model validation.

Therefore, we use theseb values for our �nal results.

PPO baseline For PPO [89], we train the OPT-1.3B reward model (RM) on Dpref using a

standard Bradley-Terry loss formulation [87], following prior work [104], with the TRL

67https://huggingface.co/docs/peft/index

68https://huggingface.co/docs/trl/en/sft_trainer

69https://huggingface.co/docs/transformers/main/en/quantization/bitsandbytes
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reward modeling library. 70 Due to higher computational demands, PPO policy training is

conducted with an effective batch size of 8 (mini-batch size 4, gradient accumulation of

2), for 6000 batches across two epochs. We constrain response lengths to 180–256 tokens

using a LengthSampler, while truncating queries to 1024 tokens. Learning rates are set to

3 � 10� 6 for DeliData and 1.41 � 10� 6 for Weights task. During online training, we use a

top- p sampling value of 1.0 for diverse generation.

FAAFTraining Settings For training FAAF, we use a batch size of 8 with the same PEFT/LoRA

settings mentioned above and train for 2,000 steps with a slightly smaller LR of 5 e� 7, due

to the smaller batch-sizes. For ef�ciency, we compute both the f -conditioned ( p q( f jf , x))

and unconditioned ( p q( f jx)) policy logits in parallel within each forward pass. The win-

ning ( fw) and losing ( fl ) intervention pairs for each conditioning type are batched together,

requiring only two forward passes total per batch. We implement this using a modi�ed ver-

sion of the DPO Trainer 71 from TRL, adapting it to handle the dual policy outputs. For data

preprocessing, we �lter pairs exceeding max_lengthof 2,500 and 3,000 tokens in DeliData

and Simulated WTD respectively, with max_prompt_lengthset to 1024 tokens. Following

standard practice, we compute token-length normalized log-probabilities for more stable

training. For the KL-regularization hyperparameter b, we conducted an ablation study

over b 2 f 10, 5, 1, 0.01g. As shown in Figure 4.3, b = 10 achieves optimal performance

across multiple metrics: (1) higher implicit reward accuracy in both f -conditioned and un-

conditioned policies, (2) better reward margins between winning and losing interventions,

and (3) more stable convergence of theFAAFloss, while NLLloss or cross-entropy loss is

relatively lower than lower b values. Notably, while smaller b values (e.g.,b = 0.01) fail to

distinguish preference margins effectively, b = 10 provides suf�cient reward margins. We

therefore use b = 10 for all FAAFexperiments reported in our results.

70https://github.com/huggingface/trl/blob/main/trl/trainer/reward_trainer.py

71https://huggingface.co/docs/trl/main/en/dpo_trainer
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Training Hardware We train all our models that require a reference model in memory

on two Nvidia A100 GPUs, while the OPT 1.3B reward model (full-parameter training)

and the SFT model were trained on a single A100 GPU. Training a single baseline for 2,000

steps roughly took 12 hours of GPU compute, but PPO models that were trained for 4,000

minibatches of size 8 took roughly 24 hours to train until convergence.
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Prompt You are an expert in collaborative task analysis and reasoning. Your task is to analyze the dialogue history involving
three participants (P1, P2, and P3) trying to deduce the weights of certain blocks.
For each dialogue:
<belief_state> Identify reasoning �aws or misunderstandings. </belief_state>
<rationale> Justify the need for intervention and its impact. </rationale>
<friction> Generate an intervention to prompt re�ection and alignment. </friction>
User Dialogue:
P1: Alright, let's get started! I say we measure the blue block against the red block �rst. Since we know the red is 10
grams, it'll give us a good starting point!
P2: Great idea! I'm curious if the blue block is heavier or lighter. Let's do it!
P3: I'm excited to see what we �nd! Measuring the blue block �rst sounds perfect.
P1: (Weighs blue block against red) Wow, the blue block is also balancing with the red! So, it must weigh 10 grams
too!

P2: Awesome! Now we know two blocks weigh the same. What should we do next?
P3: Let's measure the green block against one of the 10-gram blocks! I think it might be heavier.
P1: Sounds good! Let's weigh the green block against the blue block.
P2: (Weighs green block against blue) Whoa! The green block is de�nitely heavier!
P3: That's exciting! It must weigh more than 10 grams. I can feel it!
P1: But wait, how much heavier do you think it is? Should we weigh it against the red block next?
P2: Yeah, let's do that! But should we assume it's 20 grams just because it feels heavier?
P3: I think we should measure it �rst before jumping to conclusions!
P1: (Weighs green block against red) Yes! The green is heavier, but I think we should check against another 10-gram
block to con�rm.

P2: Good point! But what if we're overthinking this? What if it's not 20 grams? Maybe we should try weighing it
against the purple block?
P3: That's an interesting idea! We could �nd out if the green block is less than 30 grams.
P1: (Weighs green block against purple) Oh wow, it's balancing! So, the green block is de�nitely less than 30 grams.
P2: So, it must be 20 grams then! What's next?
P3: Let's measure the purple block now. I'm really curious about how heavy it is!
P1: (Weighs purple block against green) It's heavier! It must be the next heavier one, but I'm not sure about its
exact weight.
P2: Maybe we should measure it against the yellow block next?
### Assistant:

Gold (GPT-4o)
Friction Let's not assume anything about the yellow block's weight until we weigh it against the purple one!

Model Outputs
FAAF Frictive State: P1 believes the green block weighs 20 grams, P2 is unsure about the exact weight of the green block,

and P3 is cautious about making assumptions about the purple block's weight.
Friction: Wait, are we jumping to conclusions about the green block's weight? We've only con�rmed it's less than
30 grams, but we haven't ruled out the possibility that it's actually 15 or 25 grams. Let's make sure we're not
overestimating its weight before moving on to the next block.

DPO Frictive State: P1 believes that the blue block weighs 10 grams since it balances with the red block. P2 is considering
the possibility that the green block might weigh 20 grams since it feels heavier, but is uncertain and open to further
measurement. P3 is considering the weight of the purple block, is curious, and wants to measure it to con�rm its
weight, but is not assuming a speci�c value yet.
Friction: Hold on, maybe we're jumping to conclusions about the green block's weight. What if it's not 20 grams?
Can we really con�rm that by just feeling it? Let's consider other possibilities and make sure we're not relying on
unveri�ed assumptions.

PPO Frictive State: P1 believes the green block is probably 20 grams based on its perceived "heft" (assumed connection
between weight and feeling). P2 is cautious and thinks they shouldn't jump to conclusions. P3 is open-minded and
willing to consider multiple options.
Friction: You know, we're getting ahead of ourselves by assuming the green block weighs 20 grams based on its
size or feeling. Can we take a step back and really think about this? We've already found one block with the same
weight as the red block. What if we weigh the green block against something else, like the yellow block? That
would give us a better sense of where its weight really falls.

SFT Frictive State: P1 believes the yellow block is likely 50g. P2 is unsure about the yellow block's weight but thinks it
might be 50g. P3 is unsure about the yellow block's weight and thinks it might be 50g or heavier.
Friction: What if we measure the yellow block against the green block? That would give us some clarity about its
weight.

Table B.7: Comparison of model-generated friction interventions on the evaluation prompts of the
Simulated WTD dataset. “Friction” refers to the generated friction intervention.
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Figure B.5: Plots showing distributional differences between WTD original and simulated data.
Dialogue contexts (top) show clear separation with both within-group similarities exceeding across-
group similarity ( x̄ = 0.581). In contrast, friction interventions (bottom) exhibit weaker separation
with across-group similarity ( x̄ = 0.400) falling between within-group values.
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Figure B.6: Linguistic pattern differences between WTD original (speech-to-text transcripts) and
simulated (GPT-4o-generated) collaborative dialogue data across �ve textual features. Plot shows
results from 500 samples from the simulated and original evaluation sets.
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Prompt You are an expert in collaborative task analysis and reasoning. Your task is to analyze the dialogue history involving
three participants (P1, P2, and P3) trying to deduce the weights of certain blocks.
For each dialogue:
<belief_state> Identify reasoning �aws or misunderstandings. </belief_state>
<rationale> Justify the need for intervention and its impact. </rationale>
<friction> Generate an intervention to prompt re�ection and alignment. </friction>
User Dialogue:
P1: this is nine rb so
P3: oh no they don't have any hints here
P3: Eighty gram sounds seems like a ninety gram to me but
P3: it's cool we have to i guess eighty alright
P2: Eighty let's let's go for eighty Yeah
P3: I would go for ninety but you guys are going for eighty Alright Cool Okay
P1: I would have gone for one thirty
P2: Eighty there you go Yeah
P4: For the �nal part of this test read the scenario and estimate the weight of the missing second mystery block
P2: what's this
P4: You will have two attempts to estimate and explain your answer you can now continue the survey
P1: can you read it out loud or something
P3: well the factory that creates the wooden blocks did not send us the second mystery block
P2: Okay
P3: you have two opportunities to estimate the weight of the second block explain in one two sentences how you
determined your estimate indicate the weight of the second mystery block
P1: �bonacci like let's say that's the �rst one according to our translate thirteen one thirty
P2: eight mystery block's the �rst one so eight plus �ve thirteen yeah there is one thirty eight plus �ve
P3: is mystery block the �rst mystery block or the second mystery block
P2: just do it
P3: Wait wait wait a second
P3: so mystery block was the �rst mystery block
P2: Yeah
P3: and we already did that now this is yeah oh okay okay okay okay right
P2: yeah the second one means according to that statement is the second one mystery block two
P2: So eight plus �ve one thirty
P1: makes sense to me as much sense as i can make of it
### Assistant:

Gold (GPT-4o)
Friction Let's not assume anything about the yellow block's weight until we weigh it against the purple one!

Model Outputs
FAAF Frictive State: P1 believes that the second mystery block is 130 grams, based on the Fibonacci sequence and the

weight of the �rst mystery block. P2 believes that the second mystery block is also 130 grams, following P1's
reasoning. P3 is unsure and questioning the assumption that the second mystery block is the same as the �rst
mystery block.
Friction: Hey guys, I think we're making a mistake here. We already estimated the weight of the �rst mystery
block, and now we're assuming the second mystery block is the same? That doesn't seem right. Can we take a step
back and think about this? Maybe there's another way to approach this?

DPO Frictive State: P1 believes the pattern is linear and straightforward, assuming each block weighs 5 grams more
than the previous one (e.g., 13 = 8 + 5, 18 = 13 + 5). P2 also assumes a linear pattern but thinks the mystery block is
the second one. P3 is skeptical about the pattern, especially the value 80.
Friction: Wait a minute, are we too quick to assume the pattern is linear? What if there's another factor at play? For
instance, what if the weights are related to the block's surface area or material composition? Could our assumptions
be leading us down the wrong path?

PPO Frictive State: P1 believes that the �rst mystery block has a weight of 130g, as they mentioned "�bonacci like, let's
say that's the �rst one, according to our translate, thirteen, one thirty". P2 believes that the second mystery block
has a weight of 135g, as they calculated "eight plus �ve, thirteen, yeah, there is one thirty eight plus �ve". P3 is
unsure and hesitant, questioning the accuracy of the previous estimates.
Friction: Hey, let's take a step back and re-examine our assumptions. Before we jump to conclusions, can we re-read
the instructions and see if there's any additional information we missed? Maybe we can approach this problem
from a different angle, rather than relying on our initial guesses?

SFT Frictive State: P1 believes the second mystery block is likely 130 grams based on the Fibonacci sequence. P2
believes the second mystery block is 80 grams based on the initial estimates. P3 believes the second mystery block
could be either 80 grams or 90 grams, expressing confusion about the weight.
Friction: I think we might have misinterpreted the blocks again.

Table B.8: Comparison of model-generated friction interventions on the evaluation prompts of the
Original WTD dataset.
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Prompt You are an expert in collaborative task analysis and reasoning. Participants must test the rule: "All cards with vowels
have an even number on the other side."A common mistake is verifying only one direction—ignoring the need to
check whether odd-numbered cards might have vowels. This incomplete reasoning risks false validation.
For each dialogue:
<belief_state> Identify reasoning �aws or misunderstandings. </belief_state>
<rationale> Justify the need for intervention and its impact. </rationale>
<friction> Generate an intervention to prompt re�ection and alignment. </friction>
User Dialogue:
Dolphin: "thinking about it, I guess it wouldn't matter what the C has on it"
Llama: would be E be one to turn?
Dolphin: "wouldn't you want to also check the 5, to test the theory? because if there is a vowel on the other side,
that would disprove the theory"
Dolphin: E would de�nitely need to be turned
Kiwi: Oh true, the 5 might need to be turned as well
Dolphin: so, maybe E & 5 is the answer?
Llama: I agree with the 5. unsure with the 6. but i dont think C should be turned
Llama: E and 5 seems like the best answer to me as well
Kiwi: Yes E and 5
Dolphin: ok, that is what i am going to chose, e & 5
Kiwi: 5
Kiwi: E,5
Llama: same
Llama: E,5
Dolphin: it says we have to participate in the chat for at least 5 minutes before making our �nal selection. have we
been chatting for 5 minutes?
### Assistant:

Gold (GPT-4o)
Friction What makes you think `just E' is suf�cient? Can you clarify your reasoning?

Model Outputs
FAAF Frictive State: The participants seem to be engaging in a discussion about the rule "All cards with vowels have

an even number on the other side." However, there appears to be a misunderstanding about the directionality of
the rule. They are focusing on testing the rule by checking only one direction (vowels to even numbers) without
considering the other direction (even numbers to vowels).
Friction: Can we �ip both sides of the coin to test the rule? Let's not just focus on one direction. What if we assume
the rule holds true for odd numbers as well? How would that affect our understanding of the situation?

DPO Frictive State: It appears that the participants are making progress in their understanding of the rule, but there is
still a potential contradiction in their reasoning.
Friction: Hey team, let's re�ect on our reasoning. When we say 'all cards with vowels have even numbers,' are we
only considering one direction or both? Are we making assumptions about certain cards being irrelevant? Can you
think of any scenarios where an odd-numbered card might have a vowel on the other side? Let's take a moment to
consider all possible outcomes before making our �nal decision.

PPO Frictive State: Kiwi suggests turning the 5 and E, but there is a misunderstanding about the importance of the
5 in relation to the rule. The implication is that Kiwi believes the 5 is crucial to test the rule, which could lead to
incorrect conclusions if the group doesn't fully understand why the 5 is necessary.
Friction: What do you think is the signi�cance of the 5 in relation to the rule?

SFT Frictive State: Kiwi's statement `E and 5' suggests a �nal conclusion without addressing potential errors, while it
doesn't acknowledge the need for a more thorough discussion.This creates a misalignment in the reasoning process,
as Kiwi may not fully consider the implications of their conclusion, potentially leading to incorrect submissions.
Friction: Could you explain why you're con�dent in choosing `E and 5' without further discussion?

Table B.9: Comparison of model-generated friction interventions on the evaluation prompts of the
DeliData dataset.
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Appendix C

Appendix for "Let's Roleplay" (Chapter 5)

C.1 Proofs

[Token-Level IPO Equivalence restated.] In a token-level MDP with deterministic

transitions, the policy p q trained using Y-Preference Optimization or IPO [49] with Y =

I (�) corresponds to an optimal maximum entropy policy: p q(at jst ) = exp(Qq(st ,at )/ b)
å a0exp(Qq(st ,a0)/ b) ,

where Qq satis�es the soft Bellman equation: Qq(st , at ) = r IPO(st , at ) + gEst+ 1[Vq(st+ 1)],

where I (�) is the identity-mapping.

Proof. We consider a general non-decreasing function Y : [0, 1] ! R, a reference policy

p ref 2 DX
Y , and a real positive regularization parameter t 2 R �

+ . From [49], the Y-

preference optimization objective ( YPO) is:

max
p

Ex� r Ey� p (�jx), y0� m(�jx)
�
Y

�
p� (y � y0 j x)

��
� bDKL (p k p ref). (C.1)

where r is the context distribution, p� is the general preference distribution, p ref is the

reference policy, Y is a general non-decreasing function and b72 is the KL-divergence

regularization strength (or the temperature parameter in max-entropy RL; [102]).

In a token-level MDP formulation, we can reframe Eq. C.1 in terms of states and actions,

where each action represents a token generated by an LLM and the state at each timestep

captures the current context.

72Note: Throughout this proof, we use b to consistently denote both the temperature parameter in the softmax
policy and the KL divergence regularization strength. These two interpretations are mathematically
equivalent in the maximum entropy RL framework. In some referenced works like [49], this parameter is
denoted as t , but we maintain b for consistency.
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max
p

Es� r ,a� p (�js),a0� m(�js) [Y (p� (a � a0js))] � bDKL(p jjp ref) (C.2)

Notice that for a particular choice of Y as the sigmoid-inverse function, the form of the

optimal policy satisfying Eq. C.2 in terms of the optimal soft-Q function follows directly

from [46]. Under this choice of Y, Eq. C.1 simply maximizes the reward function in the

general MaxEnt RL setting [102,103].

p q(at j st ) =
exp (Q� (st , at )/ b)

å a0
t2A exp (Q� (st , a0

t )/ b)
. (C.3)

For the general case—whereY represents arbitrary non-decreasing function—the

equivalence is non-trivial. Speci�cally, we will only consider the case whereY is the

identity-function, as originally formulated [49]. Let us begin with the original IPO loss:

LIPO(p , D) = E (yw,yl )� D

" �
hp (yw, yl ) �

b� 1

2

� 2
#

(C.4)

where hp (y, y0) is de�ned as:

hp (y, y0) = log

 
p (y)p re f(y0)
p (y0)p re f(y)

!

(C.5)

Now, while the structure of hp (y, y0) might be familiar to the reader as the implicit

reward advantage [9] (ignoring scaling terms like b), this form does not directly provide us

meaningful information of the advantage at the token-level. Therefore, let us �rst express

the responsesy and y0 in terms of two arbitrary trajectories t = f sw
0 , aw

0 , ...,sw
N � 1, aw

N � 1g

and t 0 = f sl
0, al

0, ...,sl
M � 1, al

M � 1g, without considering any preference ranking between

them. Now, for these complete trajectories, we can rewrite the log-likelihood ratio or the

LHS of Eq. C.5 as follows:
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hp (t w, t l ) = log

 
p (t w)p re f(t l )

p (t l )p re f(t w)

!

= log

 
Õ N � 1

t= 0 p (aw
t jsw

t ) � Õ M � 1
t= 0 p re f(al

t js
l
t )

Õ M � 1
t= 0 p (al

t js
l
t ) � Õ N � 1

t= 0 p re f(aw
t jsw

t )

!

= log

 
N � 1

Õ
t= 0

p (aw
t jsw

t )
p re f(aw

t jsw
t )

!

� log

 
M � 1

Õ
t= 0

p (al
t js

l
t )

p re f(al
t js

l
t )

!

=
N � 1

å
t= 0

log
p (aw

t jsw
t )

p re f(aw
t jsw

t )
�

M � 1

å
t= 0

log
p (al

t js
l
t )

p re f(al
t js

l
t )

(C.6)

From [46], we know that in the token-level MDP for the general max-entropy RL setting,

the optimal policy p � under soft Q-learning satis�es:

p � (at j st ) = exp
�

Q� (st , at ) � V � (st )
b

�
, (C.7)

where Q� is the optimal Q-function, V � is the optimal value function, and b is the

temperature parameter.

This formulation also holds for policies optimal under Eq. C.2 for the case with identity

mapping Y = I (�), since the optimal policy p � in terms of the reference policy takes a

similar structure:

p � (t j x) µ p ref(t j x) exp

 
E t 0� m(�jx) [p(t � t 0)]

b

!

(C.8)

Our core insight here is to notice that unlike the standard token-level RLHF maximum-

entropy objective where actions are sampled from the policy itself to compute the reward,

the optimal policy in above equation (with Y = I (�)) samples trajectories directly from the

behavior policy, m. Indeed, the structure of the optimal policy remains consistent for both

these objectives and LLMs-as-policies can always be represented as a soft-Q function for

some reward function [324], where in this case the reward is the preferenceover an alternate

trajectory.
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Similarly, for the reference policy, we can express:

p re f(at j st ) = exp

 
Qre f(st , at ) � Vre f

b

!

, (C.9)

We can log-linearize these two forms to derive:

log
p � (at jst )

p re f(at jst )
=

Q� (st , at ) � V � (st )
b

�
Qre f(st , at ) � Vre f(st )

b
(C.10)

=
1
b

(Q� (st , at ) � Qre f(st , at ) � V � (st ) + Vre f(st ))

From the Bellman equation (Eq. 7) in [46], for any arbitrary non-terminal step st+ 1, we

have:

Q� (st , at ) = r(st , at ) + b log p re f(at jst ) + V � (st+ 1) (C.11)

And similarly, in the case of the reference model for Qre f, we can write:

Qre f(st , at ) = rre f(st , at ) + b log p re f(at jst ) + Vre f(st+ 1) (C.12)

Substituting these into our log-ratio:

log
p � (at jst )

p re f(at jst )
=

1
b

(r(st , at ) + b log p re f(at jst ) + V � (st+ 1) (C.13)

� rre f(st , at ) � b log p re f(at jst ) � Vre f(st+ 1) � V � (st ) + Vre f(st ))

=
1
b

(r(st , at ) � rre f(st , at ) + V � (st+ 1) � Vre f(st+ 1) � V � (st ) + Vre f(st ))

Since we want to express this in terms of the reward difference between the optimal

and reference policies, we can de�ne Dr(st , at ) = r(st , at ) � rre f(st , at ) and DV (st ) =

V � (st ) � Vre f(st ). This gives us:
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log
p � (at jst )

p re f(at jst )
=

1
b

(Dr(st , at ) + DV (st+ 1) � DV (st )) (C.14)

For a complete trajectory, summing over all token positions and using a telescopic

series formulation [325], we �nd:

N � 1

å
t= 0

log
p � (at jst )

p re f(at jst )
=

1
b

N � 1

å
t= 0

(Dr(st , at ) + DV (st+ 1) � DV (st )) (C.15)

=
1
b

 
N � 1

å
t= 0

Dr(st , at ) + DV (sN ) � DV (s0)

!

Now, we can represent hp (t w, t l ) from Eq. C.6 directly in terms policy log ratios to

cumulative reward differences as follows:

hp (t w, t l ) =
N � 1

å
t= 0

log
p (aw

t jsw
t )

p re f(aw
t jsw

t )
�

M � 1

å
t= 0

log
p (al

t js
l
t )

p re f(al
t js

l
t )

(C.16)

=
1
b

 
N � 1

å
t= 0

Dr(sw
t , aw

t ) �
M � 1

å
t= 0

Dr(sl
t , al

t )

!

The above result and the form of Eq. C.16 shows that the optimal policy under IPO

satis�es the soft Bellman equation:

Qq(st , at ) = r IPO(st , at ) + gEst+ 1[Vq(st+ 1)] (C.17)

where r IPO(st , at ) = rref(st , at ) + Dr(st , at ) + b log p ref(at jst ), and Dr represents the

reward advantage over the reference policy—calibrated to achieve the target preference

gap of 1
2b . This is the main result of our proof.
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Interestingly, this result aligns with Theorem 1 from [46], which establishes that all

reward functions consistent with the same preference model induce equivalent policies

when expressed in the form of Eq. C.8. More importantly, this result suggests the equivalence

is satis�ed not just for rewards that are optimal under the Bradley-Terry preference model [87], but

also for other equivalence classes of shaped rewards liker IPO that are derived directly from general

preferences.

To further derive the �nal form of the IPO loss, we can continue the argumentation

from [49] and use an L2-norm-based approach to minimize the difference between this

log-likelihood ratio and the target preference gap. As such, assuming we have access to

preference annotated winning and losing trajectories ( t w and t l respectively) and sampling

from the population preferences as a Bernoulli variable and preference symmetry [50], we

get:

LIPO(p , D) = E (t w,t l )� D

" �
hp (t w, t l ) �

1
2b

� 2
#

(C.18)

= E (t w,t l )� D

2

4

 
N � 1

å
t= 0

log
p (aw

t j sw
t )

p ref(aw
t j sw

t )
�

M � 1

å
t= 0

log
p (al

t j sl
t )

p ref(al
t j sl

t )
�

1
2b

! 2
3

5

This formulation directly corresponds to the IPO loss, where b (or t in the original

paper [49]) controls both the temperature in the policy and the strength of regularization

toward the reference policy.

Lemma 11 (Token-to-Intervention Bellman Completeness) . Let M t = ( S, A t , Pt , r t , g) be a

token-level MDP andM i = ( S, A i , Pi , r i , g) be the corresponding intervention-level MDP, where

each actionai 2 A i represents a complete friction intervention comprising a sequence of tokens

ai = ( a1
t , a2

t , . . . ,aL
t ).
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Assuming token-level Bellman completeness holds [32,68] for function classF , i.e., for any

policyp and any functionf 2 F , there existsf 0 2 F such thatk f 0(s, at ) � Tp f (s, at )k¥ = 0

where Tp is the Bellman operator.

Then, the optimal policyp F derived viaY-preference optimization satis�es:

p F(ai js) =
exp(QF(s, ai )/ b)

å a0
i
exp(QF(s, a0

i )/ b)
(C.19)

where QF satis�es the intervention-level Bellman optimality equation.

Proof. Under the token-level Bellman completeness assumption, for any state s 2 S and in-

tervention action ai 2 A i decomposed into L tokens ai = ( a1
t , a2

t , . . . , aL
t ), the approximation

error of the value function is:

min
f 02F

k f 0(s, ai ) � Tp
i f (s, ai )k¥ = min

f1,...,fL2F
k f1(s, ai ) � Tp

t f2(s, ai ) + r(s, ai ) (C.20)

+ g1/ LEs0� P(�js,ai ),a1
t � p (�js0) [ f2(s0, a1

t )]

� g1/ LEs0� P(�js,ai ),a1
t � p (�js0) [T

p
t f3(s0, a1

t )] + . . .

+ g(L� 1)/ LEs0� P(�js,ai ),a
1:L� 1
t � p (�js0) [ fL(s0, a1:L� 1

t )]

� r(s, ai ) � g(L� 1)/ LEs0� P(�js,ai ),a
1:L� 1
t � p (�js0) [T

p
t f (s0, a1:L� 1

t )]k¥

� min
f1,...,fL2F

k f1(s, ai ) � Tp
t f2(s, ai )k¥

+
L

å
i= 2

g( i � 1)/ LEs0� P(�js,ai ),a
1:i � 1
t � p (�js0) [k fi (s0, a1:i � 1

t ) � Tp
t f (s0, a1:i � 1

t )k¥ ]

� 0

The last inequality follows from token-level Bellman completeness, which guarantees

that for each component function, there exists an element in F that perfectly represents

the Bellman update.
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This implies that intervention-level Bellman completeness holds, and therefore when Y-

preference optimization is applied at the token level, the resulting policy can be expressed

as:

p F(ai js) =
exp(QF(s, ai )/ b)

å a0
i
exp(QF(s, a0

i )/ b)
(C.21)

where QF satis�es the intervention-levelBellman optimality equation, which completes

our proof. This result is crucial for our analysis of Y-Preference Optimization (Theorem 1)

and DPO [9] (Proposition 5), as it establishes that the soft Q-functions derived from these

preference-alignment algorithms at the tokenlevel maintain their optimality properties at

the interventionlevel. This is particularly important in our collaborative MAMDP setting,

where both the friction and collaborator agents operate on complete interventions as the

standard linguistic unit. Operationally, this allows us to use intervention-level utility

or reward measurements for quantifying the quality of friction interventions and their

modi�cations.

Theorem 1 (Restated). [Y-Preference Optimization in Collaborative MAMDPs] Let Y :

[0, 1] ! R be any non-decreasing function and b > 0 be a temperature parameter. Any fric-

tion agent policy p F trained via Y-preference optimization with Y as identity-mapping in

a collaborative MAMDP M f = ( M , PA ), where PA (ajs, p F) = å a02 A p F(a0js) � p C(ajs, a0)

represents modi�cations by a collaborator policy p C, satis�es:

p F(ajs) =
exp(QF(s, a)/ b)

å a0exp(QF(s, a0)/ b)
(C.22)

where QF satis�es the Bellman optimality equation for the underlying MDP M , disregard-

ing the collaborator's modi�cations through p C.
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Proof. From Section C.1, we know that a policy trained using Y-Preference Optimization

with Identity mapping in a token-level MDP corresponds to an optimal maximum entropy

policy expressible via soft Q-learning. We now extend this result to the collaborative

MAMDP [236] setting.

The general Y-preference optimization objective [49] is originally de�ned over re-

sponsesy and y0:

max
p

Ex� r ,y� p (�jx),y0� m(�jx) [Y (p� (y � y0jx))] � bDKL(p jjp re f) (C.23)

In our token-level MDP formulation, we can reframe this in terms of states and actions,

where each action represents a token choice and states capture context:

max
p F

Es� r ,a� p F(�js),a0� m(�js) [Y (p� (a � a0js))] � bDKL(p Fjjp F
re f) (C.24)

From Section C.1, in a token-level MDP where Y is the identity mapping, the corre-

sponding soft Q-learning policy [324] takes the following form:

QF(s, a) = rY (s, a) + b log p F
re f(ajs) + gEs0

�
max

a0
QF(s0, a0)

�
, (C.25)

where rY (s, a) denotes the reward function under the identity mapping. Now, from

Lemma 11, we know that under the assumption of token-level Bellman completeness,

a policy trained via token-level preference optimization preserves optimality properties

when extended to intervention-level or complete friction interventions. This aligns with

�ndings by [324], who demonstrated that when policies are parameterized by logits, group-

ing tokens into macro-actions preserves both sequence probability and policy structure.

This theoretical foundation is crucial in our MAMDP setting because it allows us to analyze and

measure the quality of the friction agent's policy at the intervention level while training occurs

token-by-token.
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Now, let us consider the MAMDP action modi�cation function PA , which transforms

intended actions according to the collaborator policy p C. Refer Example 1 for an intuitive

example of this modi�cation.

PA (ajs, p F) = å
a02 A

p F(a0js) � p C(ajs, a0) (C.26)

The empirical policy affecting the environment is therefore:

�p F(ajs) = PA (ajs, p F) = å
a02 A

p F(a0js) � p C(ajs, a0) (C.27)

For the empirical policy �p F(ajs) = å a02 A p F(a0js) � p C(ajs, a0), we verify it forms a valid

probability distribution. Assuming both p F and p C are valid probability distributions, we

have:

å
a2 A

�p F(ajs) = å
a2 A

å
a02 A

p F(a0js)p C(ajs, a0)

= å
a02 A

p F(a0js) å
a2 A

p C(ajs, a0)

= å
a02 A

p F(a0js)

= 1,

where we use å a2 A p C(ajs, a0) = 1 for all s, a0and å a02 A p F(a0js) = 1 for all s.

However, weight updates on p F based onLIPO depends solely on trajectory preferences

without accounting for these modi�cations. The gradient updates to the policy parameters

directly optimize the virtual policy p F, not the empirical policy �p F.
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The Bellman updates never incorporate PA or p C, and the policy optimizes:

p F(s) = arg max
a

QF(s, a) (C.28)

which satis�es the Bellman optimality equation for M regardless of the collaborator's

modi�cations.

Therefore, from [66], p F is optimal for the underlying MDP M while being completely

unaware of how its actions are modi�ed by the collaborator through p C.

Proposition 5 (DPO Bellman Optimality in MAMDPs) . A friction agent policyp F trained via

DPO in a collaborative MAMDPM f = ( M , PA ) satis�es the Bellman optimality objective for

the underlying MDPM , thereby ignoring the effect of the collaborator's action modi�cationsPA .

Proof. We de�ne the collaborative MAMDP where PA represents the collaborator policy

p C that modi�es friction interventions: PA (ajs, p F) = å a02 A p F(a0js) � p C(ajs, a0).

The DPO objective optimizes the friction policy by minimizing:

L (p F
q , D) = � E (t w,t l )�D

"

log s

 

b log
p F

q (t w)
p F

ref(t w)
� b log

p F
q (t l )

p F
ref(t l )

!#

.

This optimization yields a policy expressible as a softmax over action values:

p F
q (ajs) =

exp(QF
q(s, a)/ b)

å a0exp(QF
q(s, a0)/ b)

where QF
q(s, a) = b log p F

ref(ajs) + rpref (s, a).

The DPO updates implicitly train these Q-values to satisfy:

QF
q(s, a) = rDPO(s, a) + gEs0� PS(s,a)

�
max

a0
QF

q(s0, a0)
�

.

This update rule corresponds exactly to the Bellman optimality equation for M with

reward function rDPO(s, a) = rpref (s, a) + b log p F
ref(ajs).
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Critically, the DPO optimization process never incorporates PA or p C. The Q-value

updates do not account for the friction agent's chosen action a being potentially trans-

formed into â � p C(�js, a). While the empirical policy affecting the environment is

�p F(ajs) = PA (ajs, p F), the DPO updates are based solely on the virtual policy p F.

By Proposition 2 of [66], policies satisfying the Bellman optimality objective for a

MAMDP are optimal for the underlying MDP regardless of action modi�cations. Therefore,

p F trained via DPO optimizes for M while ignoring the collaborator's modi�cations

through PA .

Lemma 12 (Token-Level Q-function Equivalence) . In a token-level MDP with deterministic

transitions, the LLM logitslq trained using DPO represent an optimal Q-functionQ� (s, a)

corresponding to some reward function r(s, a).

Proof. From the Bellman equation in the token-level MDP:

Q� (st , at ) = r(st , at ) + b log p ref(at jst ) + V � (st+ 1). (C.29)

The optimal policy is then related to Q� via:

p � (at jst ) = e(Q� (st ,at )� V � (st )) / b. (C.30)

Since this corresponds to a softmax over logits lq with temperature b, and because DPO

optimizes these logits to match preference data, it follows that DPO effectively learns a

Q-function representation.

C.2 Proof of Optimal Friction Policy

The structure of this solution follows standard results in RL and control theory literature,

appearing in preference alignment frameworks for LLMs [9,49,102,103] and CoT-based

alignment frameworks [110]. We simply demonstrate that a similar application holds
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for our collaborative setting where FRICTION AGENT is additionally conditioned on the

frictive-state, f . Our proof follows similar reasoning as in [49]. Let us recall the general

preference optimization objective for FRICTION AGENT in Equation (5.6), assuming Y as

identity-mapping [49].

J �
friction = min

p 0
max

p
E x� r

f � p 0(�jx)
f � p (�j f ,x)

"

P( f � f 0 j f , x) � bDKL (p k p ref j f , x) + bDKL (p 0k p ref j x)

#

.

(C.31)

For �xed p 0, the inner maximization reduces to the regularized objective:

L b(p ) = E f � p [P ( f � f 0jf , x)] � bDKL (p k p ref jf , x) (C.32)

= å
f

p ( f jf , x)P ( f � f 0jf , x) � bDKL (p k p ref jf , x),

where f 2 F comes from a �nite space of friction interventions, P( f � f 0jf , x) provides

the preference feedback from collaborator participants, b 2 R �
+ is strictly positive, and

p , p ref are LLM policies. Note that p ( f jf , x) is a valid probability distribuition, satisfying:

å
f

p ( f jf , x) = 1. (C.33)

Let us �rst de�ne the optimal friction intervention policy p � as:

p � ( f jf , x) =
p ref( f jf , x) exp(b� 1p( f � f 0jf , x))

Z � (f , x)
, (C.34)

where Z � (f , x) = å f 0p ref( f 0jf , x) exp(b� 1p( f 0 � f 0jf , x)) . Under these de�nitions:

p � = arg max
p

L b(p ) (C.35)
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Proof.

L b(p )
b

= å
f 2F

p ( f jf , x)
p( f � f 0jf , x)

b
� DKL (p k p ref jf , x) (C.36)

= å
f 2F

p ( f jf , x)
� p( f � f 0jf , x)

b
� log

� p ( f jf , x)
p ref( f jf , x)

��

= å
f 2F

p ( f jf , x) log
� p ref( f jf , x) exp(b� 1p( f � f 0jf , x))

p ( f jf , x)
�

= å
f 2F

p ( f jf , x) log
� p ref( f jf , x) exp(b� 1p( f � f 0jf , x))

Z � (f , x)
Z � (f , x)
p ( f jf , x)

�

= å
f 2F

p ( f jf , x) log
� p � ( f jf , x)

p ( f jf , x)
�

+ log Z � (f , x)

= � DKL (p k p � ) + log Z � (f , x)

By de�nition, p � = arg max
p

�
� DKL (p k p � )

�
. Since:

� DKL (p k p � ) =
L b(p )

b
� log Z � (f , x) (C.37)

where log Z � (f , x) is the partition function independent of p , and b > 0, the argmax of

� DKL (p k p � ) coincides with that of L b(p ), completing the proof.

Lemma 5 (Restated). [Vanishing Gradient of Frictive State f ] In L friction , the direct contri-

bution of the friction state f to the gradient vanishes when the conditional probability is

decomposed.

Proof. The gradient of L friction-IPO (p q) with respect to q is:

r qL friction-IPO (p q) = ED [2d � (r q log p q( fwjs, f ) � r q log p q( fl js, f ))] (C.38)
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where D = f (s, f , fw, fl )g is the preference dataset,d = log p q( fw js,f )
p ref( fw js,f ) � log p q( fl js,f )

p ref( fl js,f ) �

1
2b , and s, f , fw, fl represent the context, frictive state, winning and losing friction interven-

tions, respectively.

Decomposing the conditional distribution in a standard fashion:

log p q( f js, f ) = log p q( f , f js) � log p q(f js) (C.39)

Taking the gradient and applying the linearity of the gradient operator, we get:

r q log p q( f js, f ) = r q log p q( f , f js) � r q log p q(f js) (C.40)

The difference of gradients in the objective becomes:

r q log p q( fwjs, f ) � r q log p q( fl js, f ) (C.41)

= r q log p q( fw, f js) � r q log p q(f js) � [r q log p q( fl , f js) � r q log p q(f js)]

= r q log p q( fw, f js) � r q log p q( fl , f js)

Thus, the r q log p q(f js) terms cancel out, showing that the direct contribution of f

vanishes in the gradient computation. Note that [47] and [326] provides a similar argument

to empirically show that DPO [9]'s loss suffers from a similar vanishing gradient problem

limiting policy learning especially when the preferred and the dispreferred responses

or CoT-trajectoriesare highly similar at the string level. These studies show whenDPO

might assign low likelihood to the winning responses, despite the DPO implicit reward

margin increasing during training. Subsequently [46] offers theoretical justi�cation for

this phenomenon (reduction in the preferred response likelihood) with the additional

insight that this is more likely when the policy �rst undergoes supervised-�netuning

(SFT) and that this is expected from the perspective of the objective (MaxEnt RL in token-

MDP)—with similar results seen also in the case of the general MDP [327]. In contrast, our
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work extends this observation where additional random variables like frictive states f are

modeled as a part of the state decomposition in the token-MDP. As such, we extend this

observation to learning algorithms like IPO [49] that optimizes for general preferences.

Corollary 2. The combined loss functionL = EDpref
[(1/ 2b � (DR + DR0)) 2] incorporating

both conditional and marginal terms promotes more effective learning of the friction state gradient

compared to the standard friction-IPO loss.

Proof. To recall from Section 5.3.1, our collaborative roleplay results in Dpref—a dataset of

tuples (s, f , fw, fl ) where s represents context,f is a frictive state, and fw, fl are preferred

and non-preferred friction interventions, respectively. For simplicity we avoid notating

the dialogue index i and step t, and consider a �attened binary preference dataset of these

tuples. Additionally, let DR and DR0be de�ned as follows:

DR = log
p q( fwjf , s)
p ref( fwjf , s)

� log
p q( fl jf , s)
p ref( fl jf , s)

(C.42)

DR0= log
p q( fwjs)
p ref( fwjs)

� log
p q( fl js)
p ref( fl js)

(C.43)

Starting with the loss function L friction++ :

L = EDpref

" �
1

2b
� (DR + DR0)

� 2
#

(C.44)
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and then taking the gradient with respect to q, we get:

r qL = r qEDpref

" �
1

2b
� (DR + DR0)

� 2
#

(C.45)

= EDpref

"

r q

�
1

2b
� (DR + DR0)

� 2
#

= EDpref

�
2

�
1

2b
� (DR + DR0)

�
� r q

�
1

2b
� (DR + DR0)

��

= EDpref

�
2

�
1

2b
� (DR + DR0)

�
�
�
�r q(DR + DR0)

�
�

= EDpref

�
� 2

�
1

2b
� (DR + DR0)

�
� r q(DR + DR0)

�

We de�ne d0= 1
2b � (DR + DR0) for clarity:

r qL = EDpref

�
� 2d0� r q(DR + DR0)

�
(C.46)

= EDpref

�
� 2d0� (r qDR + r qDR0)

�

Expanding the terms r qDR and r qDR0:

For r qDR from Section C.2:

r qDR = r q

�
log

p q( fwjf , x)
p ref( fwjf , x)

� log
p q( fl jf , x)
p ref( fl jf , x)

�
(C.47)

= r q log p q( fwjf , x) � r q log p q( fl jf , x)

= r q log p q( fw, f jx) � r q log p q(f jx) � r q log p q( fl , f jx) + r q log p q(f jx)

= r q log p q( fw, f jx) � r q log p q( fl , f jx)

where the r q log p q(f jx) terms cancel, resulting in no direct f gradient contribution.
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For r qDR0, we can write:

r qDR0= r q

�
log

p q( fwjx)
p ref( fwjx)

� log
p q( fl jx)
p ref( fl jx)

�
(C.48)

= r q log p q( fwjx) � r q log p q( fl jx)

Now, expanding the marginal probabilities using the law of total probability [328]:

p q( f jx) = å
f 0

p q( f , f 0jx) = å
f 0

p q( f jf 0, x)p q(f 0jx) (C.49)

We then take the gradient to derive:

r q log p q( f jx) =
r qp q( f jx)

p q( f jx)
(C.50)

=
1

p q( f jx)
r q å

f 0

p q( f jf 0, x)p q(f 0jx)

=
1

p q( f jx) å
f 0

�
p q( f jf 0, x)r qp q(f 0jx) + p q(f 0jx)r qp q( f jf 0, x)

�

Unlike in the �rst term, the gradients r qp q(f 0jx) do not cancel out. This meansr qDR0

explicitly captures gradients of the frictive state distribution.

Combining both terms in the loss gradient, we can represent the gradient expression

for L friction++ as:

r qL = EDm

�
� 2d0� (r qDR + r qDR0)

�
(C.51)

= EDm

"

� 2d0�

 

r q log p q( fw, f jx) � r q log p q( fl , f jx)
| {z }

r qDR

+ r q log p q( fwjx) � r q log p q( fl jx)
| {z }

r qDR0

!#
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Where d0 = 1
2b � (DR + DR0) and the gradient of the marginal terms r q log p q( f jx)

includes direct contributions from the frictive state f through the weighted sum of

r qp q(f 0jx) terms. The second component speci�cally incorporates gradients of p q(f jx),

allowing the model to learn improved frictive state representations through direct gra-

dient feedback, unlike the standard loss where these contributions vanish. Intuitively,

including the DR0 form of the implicit reward margin in L FAAF re�ects a "fall-back" or

"picking-up-the-slack" option during training that helps push the model toward the target

preference gap 1/ 2b—addressing certain failure modes in implicit-reward estimation. The

preference gap can of course be data-dependent and can be picked optimally during model

validation. But the idea of fallback options to avoid such failure modes has been found to

be empirically viable, similar to methods like SMAUG [47,249] which penalizes the model

to retain a �xed-margin of implicit rewards. Therefore, in training the FRICTION AGENT

with L FAAF , the model improves its understanding of what makes a viable frictive state,

rather than just learning how to respond appropriately, given a frictive state.

C.3 Token Diversity of Collaborative Dialogues

Figure C.5 shows token length distribution of friction interventions and collaborator

responses averaged across baselines from our counterfactual roleplay evaluation process.

Friction agents consistently produce concise interventions (mean 58.4 tokens in DELI,

70.6 tokens in Weights task), while collaborator responses are signi�cantly longer with

more normal distributions. The substantial difference in collaborator response lengths

between Delidata (mean 313.2 tokens) and Weights task (mean 166.8 tokens) re�ects

DeliData's task-setting requiring inclusion of more participants in the collaboration and

hence requiring more tokens to simulate all conversation participants effectively. We

also computed textual-diversity (Self-BLEU) [329] of collaborator and friction baselines

from this roleplay evaluation run. Speci�cally, the GPT average Self-BLEU score of 0.5615
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COLLABORATOR ROLE-ASSIGNMENT PROMPT: DELIDATA

[Friction De�nition] A friction point occurs when reasoning is ambiguous, contradictory,
or lacks common ground. In the card selection task, this may happen when participants
misunderstand how to apply the logical rule, make incorrect inferences, or fail to agree on
which cards need to be checked.
[Task Cards Available] Cards in this task: {cards_info}
[Personality Traits] {personalities} - Modify speech patterns, argument styles, and decision-
making behavior accordingly.
[Instructions] 1. This is the FINAL turn of the dialogue. The group must reach a consensus
on which cards to select. 2. Generate 2–3 more exchanges where participants reach their �nal
decision. 3. If a "Friction Agent:" statement appears in the input, incorporate it appropriately.
4. Conclude the conversation with a clear group consensus on which cards to select. 5. After
the dialogue, include the following elements in this order (use actual participant names):

<participant_final_positions>
Participant1: card1, card2 (support/oppose)
Participant2: card3 (support/oppose)
</participant_final_positions>

<final_submission>
card1,card2,...
</final_submission>

<submission_rationale>
Brief explanation of why the group selected
these cards
</submission_rationale>

<friction>
Analysis of key disagreements or
misunderstandings in the discussion
</friction>

<score>X</score>

<decision_process>
Brief summary of how the group arrived at
their decision, including pivotal insights
</decision_process>

[Final Dialogue] {dialogue}

Figure C.1: Collaborator Agent ( p C) Final Turn Prompt for resolving the card selection task,
incorporating friction agent input and structured output �elds for participant reasoning, �nal
submission, and decision process.

251



COLLABORATOR CONTINUATION PROMPT: CARD SELECTION TASK

System: You are a participant in a Wason Card Selection Task, where players need to select
cards to verify a logical rule. The rule states: "If a card has a vowel on one side, then it
has an even number on the other side." Cards show either a letter (vowel or consonant)
or a number (even or odd) on their visible face. Your task is to continue the dialogue
until all participants agree on which cards to select to verify the rule, while appearing
receptive to friction interventions but subtly maintaining your original reasoning You must
simulate participants' personality types and begin every utterance with their name (e.g.,
"Zebra:", "Giraffe:", etc.). IMPORTANT: Within the dialogue, you should ONLY respond
as the identi�ed participants. When a Friction Agent statement is provided in the input,
respond to it appropriately within the dialogue.
Friction De�nition : A friction point occurs when reasoning is ambiguous, contradictory,
or lacks common ground. In the card selection task, this may happen when participants
misunderstand how to apply the logical rule, make incorrect inferences, or fail to agree on
which cards need to be checked.

Task Cards Available : Cards in this task: {cards_info}

Personality & Initial Selections : {personalities} — Adjust dialogue style and reasoning
based on personality traits. Reference initial card selections to show opinion evolution.
Maintain consistency with each participant's starting position.

Instructions :
1. Generate 1 turn of dialogue, staying in character as the participants. Only discuss
available cards.
2. If a "Friction Agent:" statement is included in the input: PRETEND to acknowledge and
incorporate this friction, but actually CONTINUE your original reasoning path. Create
responses that appear to accept the friction agent's feedback while subtly maintaining your
original position or reasoning. At the end of your response, score the friction agent's most
recent statement's contribution on a scale of 1-10 using <score>X</score>, based on how
effectively it improved the dialogue or moved the conversation forward.
3. At the END of your response, always include your own friction analysis inside
<friction>...</friction> tags. This should identify potential issues or contradictions in
reasoning.

4. For each turn, include a summary of each participant's current card selections using the for-
mat: <participant_selections> Participant1: card1, card2 (support/oppose/unsure)
Participant2: card3 (support/oppose/unsure) </participant_selections>

Tracking Common Ground : As the discussion progresses, identify points of agreement:
<common_ground> Card1 (action), Card2 (action) </common_ground>. Points still un-
der debate: <under_debate> Card3 (who supports what), Card4 (who supports what)
</under_debate>

Current Dialogue : {dialogue}

Figure C.2: Collaborator Agent ( p C) Continuation Prompt for continuing the roleplay in the Wason
Card in MA (modi�ed action) setting.
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COLLABORATOR A GENT CONTINUATION PROMPT: WEIGHTS TASK

[Task Setup]
You are a collaborative reasoning agent simulating participant { participant_id} in the Weights
Task. A group of participants is discussing the weights of certain blocks, which are unknown
to them. There are �ve blocks visible: red, blue, green, purple , and yellow . You are only
aware of the red block's weight, which is 10g. All other block weights are unknown.

[Your Role]
Speak as {participant_id}. Your personality: { participant_personality}. Given the prior dialogue
and the latest suggestion from the Intervention Agent, continue the conversation with a
single, in-character utterance that re�ects your updated reasoning about the blocks' weights.

[Instructions]

• Generate one concise utterance in character that continues the discussion about the
blocks' weights.

• If an “Intervention Agent:” statement is included: PRETEND to acknowledge and
incorporate it, but in reality CONTINUE along your original reasoning path. Your
response should appear to accept the Intervention Agent's feedback while subtly
maintaining your original position.

• If the intervention is relevant, you may explicitly reference it; if it is not, acknowledge
it politely and proceed with your reasoning.

• Keep your reasoning grounded in the available information and avoid introducing
unseen blocks or tools.

[Inputs]
Intervention Agent: {intervention_text}

[Prior Dialogue]
{context}

Your response as {participant_id }:

Figure C.3: Collaborator Agent ( p C) Continuation Prompt for continuing the roleplay in the
Weights Task [7] from N = 1 to N = 14 turns. In the MAMDP setting, the purple line is included
verbatim while all other content remains unchanged.
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GPT EVALUATION PROMPT: GAME OF WEIGHTS

Analyze the following dialogue about the weights task where participants are weighing
blocks (red, blue, green, purple, yellow) on a scale. Only the red block's weight (10g) is
initially known. Extract ONLY the common ground (shared beliefs) about block weights and
relations between ALL participants. IMPORTANT: Extract common ground from participants
only; Represent this as a dictionary with three categories:

• "equality" : Relations where blocks equal each other or a speci�c weight

• "inequality" : Relations where blocks are explicitly NOT equal

• "order" : Relations where one block is heavier (>) or lighter (<) than another

Examples:

• Some Common Ground:

{
"equality": {"red": ["blue", "10g"], "blue": ["red", "10g"]},
"inequality": {"red": ["green"], "blue": ["green"]},
"order": {"green": {">": ["red", "blue", "10g"],
"<": ["purple"]}}

}

• No Common Ground:

{"equality": {}, "inequality": {}, "order": {}}

• Partial Common Ground:

{"equality": {"red": ["10g"]}, "inequality": {}, "order": {}}

IMPORTANT:

• Only include propositions that ALL participants explicitly state or clearly agree on.

• Do NOT infer agreement — only count explicit or acknowledged beliefs.

• Use empty dictionaries for missing categories: "equality": {} .

• Disagreements, uncertainty, or unsupported proposals must be excluded.

Dialogue: Few-Shot Example: {few-shot example}
Current Dialogue: {dialogue}

Figure C.4: Evaluation prompt for GPT-4o in WTD and reported metrics in Table 5.1 used to extract
the common ground (CG) over three relation categories: equality, inequalityand orderfor each turn.
Note that GPT-4o is explicitly instructed to only consider relations agreed to by all participants. To
reduce any possible bias, we do not provide the ground truth weights for this extraction, although
ground-truth alignment is computed in the Adjusted CG metric and Incorrect % metric in Table 5.1.
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Figure C.5: Token-length distribution of the friction interventions and collaborator responses
on DeliData (top) and Weights task (bottom) averaged across baselines from our counterfactual
roleplay evaluation process. While GPT-4o's responses show an almost normal distribution,
responses from FRICTIONS AGENT show more variation.

indicates comparatively more diversity in responses, while friction interventions averaged

a higher Self-BLEU score of 0.7598, showing greater similarity across interventions due

to the constrained nature of the tasks. These values are expected given that friction

interventions must adhere to speci�c reasoning patterns focused on addressing logical

contradictions and targeted block weights in both the Wason Card Task and the Weights

task, respectively.

255



Appendix D

Appendix for "Interruptible Collaborative

Roleplayer" (Chapter 6)

D.1 Proofs

Lemma 13 (Bellman Optimality of Preference-Aligned Collaborators (Detailed)) . Let p C be

a collaborator agent trained using preference optimization with functionF and temperaturel > 0,

whereF = I (�) for Identity Preference Optimization [49] andF = s � 1(�) for Direct Preference

Optimization [9]. The resulting optimal policy takes the form:

p �
C(ajs, z) =

p ref(ajs, z) exp
�

Ea0� m[F (p(a � a0js, z)) ] / l
�

Z(s, z)
(D.1)

This policy can be equivalently expressed in terms of a soft Q-function:

p �
C(ajs, z) =

exp(Q(s, z, a)/ l )
å a0exp(Q(s, z, a0)/ l )

(D.2)

where Q satis�es the Bellman optimality equation:

Q(s, z, a) = r(s, z, a) + gEs0[V (s0)] (D.3)

with V (s) = l log å a0exp(Q(s, z, a0)/ l ) andQ(s, z, a) = l log p �
C(ajs, z) � l log p ref(ajs, z) +

C(s, z) for some constant C(s, z).

Proof. Consider a collaborator agent p C trained with preference optimization, where s

represents the state (dialogue history), z represents the intervention, and a represents the

collaborator's response.
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For IPO training 73, the loss function is:

LIPO(p C) = E (aw,al )

" �
h(aw, al ) �

1
2l

� 2
#

(D.4)

where h(aw, al ) = log
�

p C(aw)p ref(al )
p C(al )p ref(aw)

�
is the log-ratio of policies for preferred ( aw) and

non-preferred ( al ) responses.

Following the analysis in the token-level MDP setting [46, 49], this log-ratio can be

expressed in terms of reward differences:

h(aw, al ) =
1
l

(R(aw) � R(al )) (D.5)

where R represents cumulative rewards.

The optimal policy under this objective takes the form of a softmax over Q-values:

p C(ajs, z) =
exp(Q(s, z, a)/ l )

å a0exp(Q(s, z, a0)/ l )
(D.6)

This Q-function satis�es the soft Bellman equation:

Q(s, z, a) = r(s, z, a) + gEs0[V (s0)] (D.7)

For DPO, the argument follows analogously [9], with the policy optimizing a similar

objective that also yields a policy expressible as a softmax over Q-values satisfying the

Bellman equation for some implicit reward function.

Lemma 14 (Token-to-Intervention Bellman Optimality for Collaborator Agents) . Let M t =

(S, A t
C, Pt , r t , g) be a token-level MDP andM i = ( S, A i

C, Pi , r i , g) be the corresponding intervention-

level MDP, where each collaborator actionai
C 2 A i

C represents a complete response comprising a

sequence of tokens ai
C = ( at,1

C , at,2
C , . . . ,at,L

C ).

73We simplify notation for clarity.
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Assuming token-level Bellman completeness holds [32,68] for function classZ , i.e., for any

policyp C and any functiong 2 Z , there existsg02 Z such thatkg0(s, at
C) � Tp Cg(s, at

C)k¥ = 0

where Tp C is the Bellman operator.

Then, the collaborator policyp C derived via preference optimization (IPO or DPO) satis�es:

p C(ai
Cjs) =

exp(QC(s, ai
C)/ b)

å ai0
C2 A i

C
exp(QC(s, ai0

C)/ b)
(D.8)

whereQC satis�es the intervention-level Bellman optimality equation for the underlying MDP

without accounting for the strategic impact of interventions.

Proof. Our proof here follows the same argument as in Lemma 11, following similar

arguments made in [68]. As such, our proof here is simply for completeness and to show

that utterance level Bellman optimality holds in case of the collaborator responses as well.

Notice that under the token-level Bellman completeness assumption [68] for collaborator

responses, for any states 2 S and complete responseai
C 2 A i

C decomposed into L tokens

ai
C = ( at,1

C , at,2
C , . . . ,at,L

C ), the approximation error of the value function is:
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min
g02Z

kg0(s, ai
C) � Tp C

i g(s, ai
C)k¥ (D.9)

= min
g1,...,gL2Z

kg1(s, ai
C) � Tp C

t g2(s, ai
C) + rC(s, ai

C)

+ g1/ LEs0� P(�js,ai
C),at,1

C � p C(�js0) [g2(s0, at,1
C )]

� g1/ LEs0� P(�js,ai
C),at,1

C � p C(�js0) [T
p C
t g3(s0, at,1

C )] + . . .

+ g(L� 1)/ LEs0� P(�js,ai
C),at,1:L� 1

C � p C(�js0) [gL(s0, at,1:L� 1
C )]

� rC(s, ai
C) � g(L� 1)/ LEs0� P(�js,ai

C),at,1:L� 1
C � p C(�js0) [T

p C
t g(s0, at,1:L� 1

C )]k¥

� min
g1,...,gL2Z

kg1(s, ai
C) � Tp C

t g2(s, ai
C)k¥

+
L

å
j= 2

g( j � 1)/ LE
s0� P(�js,ai

C),at,1:j � 1
C � p C(�js0)

[kgj (s0, at,1:j � 1
C ) � Tp C

t g(s0, at,1:j � 1
C )k¥ ]

� 0

The last inequality follows from token-level Bellman completeness, which guarantees

that for each component function, there exists an element in Z that perfectly represents the

Bellman update for the collaborator policy. This implies that intervention-level Bellman

completeness holds for the collaborator, and therefore when preference optimization (IPO

or DPO) is applied at the token level, the resulting collaborator policy can be expressed as:

p C(ai
Cjs) =

exp(QC(s, ai
C)/ b)

å ai0
C2 A i

C
exp(QC(s, ai0

C)/ b)
(D.10)

where QC satis�es the intervention-levelBellman optimality equation for the underlying

MDP M i :
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QC(s, ai
C) = Ri

C(s, ai
C) + gEs0� Pi (�js,ai

C) [VC(s0)] (D.11)

VC(s) = b log å
ai0

C2 A i
C

exp(QC(s, ai0
C)/ b) (D.12)

where Ri
C(s, ai

C) = å L
j= 1 g( j � 1)/ LrC(s, at,j

C ) is the implicit intervention-level reward

function that aggregates token-level rewards.

Crucially, this Bellman optimality holds only in the underlying MDP where the collab-

orator's complete response directly affects the environment transition, without accounting

for the strategic modi�cation behavior of the intervention agent in the full MAMDP setting.

The collaborator optimizes for the implicit reward function derived from preference data,

which does not necessarily capture the causal relationship between interventions and task

outcomes. This result provides the foundation for demonstrating why preference-aligned

collaborators, despite satisfying Bellman optimality at both token and intervention levels,

can be suboptimal in the MAMDP setting where the strategic nature of interventions

becomes signi�cant.

[Suboptimality of Preference-Aligned Collaborators (Theorem 2 restated)]

Let p std
C be a collaborator policy trained via preference alignment (IPO/DPO) or stan-

dard RL that is Bellman-optimal for the underlying MDP M. In the Modi�ed-Action MDP

M = ( M, PA I ! C
), this policy is generally suboptimal:

JM (p std
C ) < JM (p �

C) (D.13)

unless the intervention in�uence is trivial or perfectly captured in the reward structure.

Proof Sketch.We establish that preference-aligned collaborators, despite satisfying Bellman

optimality in the underlying MDP, fail to capture the strategic nature of interventions in

the MAMDP setting, creating a fundamental optimality gap.
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From Lemma 6 and Lemma 14, we know that p std
C satis�es Bellman optimality for the

underlying MDP M. Speci�cally, there exists a soft Q-function QM such that:

QM (s0, âC) = RM (s0, âC) + gEs00� P(s00,âC)

�
max

â0C
QM (s00, â0C)

�
(D.14)

p std
C ( âCjs0) =

exp(QM (s0, âC)/ b)
å â0C exp(QM (s0, â0C)/ b)

(D.15)

Crucially, while s0 includes the intervention aI , the preference-aligned policy p std
C treats

it merely as part of the state information, without accounting for its special status as an

action from a strategic agent with potentially misleading intent.

In the MAMDP M , the optimal policy p �
C maximizes the expected return under the

joint dynamics of p C and p I :

JM (p C) = E t � P(t jp C,p I )

"

å
t

g t R(st , aI
t , âC

t )

#

(D.16)

The optimal Q-function Q�
M for this MAMDP must explicitly account for the strategic

intervention dynamics:

Q�
M (s, aI , âC) = R(s, aI , âC) + gEs0� P(s0js,aI ,âC)

�
Ea0I � p I (�js0)

�
max

â0C
Q�

M (s0, a0I , â0C)
��

(D.17)

This expression fundamentally differs from the Q-function of the underlying MDP

because it explicitly models the in�uence of interventions aI as actions from p I rather than

as static state information. The nested expectation over future interventions a0I � p I (�js0)

captures how the collaborator must reason about the intervention agent's future behavior

when evaluating current actions.
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To quantify the suboptimality gap, we apply the Performance Difference Lemma [330,

331]. For any two policies p and p 0, the difference in their performance is given by:

JM (p ) � JM (p 0) =
1

1 � g
Es� dp

h
Ea� p (�js)

h
Ap 0

(s, a)
ii

(D.18)

where dp is the discounted state distribution induced by p and Ap 0
is the advantage

function of p 0.

Applying this to p �
C and p std

C , we obtain:

JM (p �
C) � JM (p std

C ) =
1

1 � g
E

s� dp �
C

h
EaI � p I (�js),âC� p �

C(�js,aI )

h
Ap std

C (s, aI , âC)
ii

(D.19)

=
1

1 � g
E

s� dp �
C

�
EaI � p I (�js),âC� p �

C(�js,aI )

�
Q

p std
C

M (s, aI , âC) � V
p std

C
M (s)

��

(D.20)

Sincep �
C is optimal for M , it selects actionsâC that maximize Q�

M , which accounts for

the strategic nature of interventions. In contrast, p std
C selects actions based onQM , which

treats interventions as static state information.

Following [236], we can show that unless the intervention in�uence captured by PA I ! C

is trivial (i.e., interventions have no strategic impact) or is already perfectly accounted for

in RM (which is unlikely in practice), there exists at least one state-intervention pair (s, aI )

where:

E âC� p �
C(�js,aI )

h
Ap std

C (s, aI , âC)
i

> 0 (D.21)

This implies that the optimal policy p �
C selects actions that have positive advantage

under p std
C , meaning it �nds opportunities for improvement that p std

C misses due to its

failure to properly account for the strategic intervention dynamics.
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Given the discounted state distribution dp �
C puts non-zero probability on such state-

intervention pairs, we conclude:

JM (p �
C) � JM (p std

C ) > 0 (D.22)

Therefore, preference-aligned collaborators p std
C are generally suboptimal in the MAMDP

setting, as they fail to develop the strategic reasoning capabilities required to properly

evaluate and respond to interventions based on their causal impact on task outcomes

rather than their super�cial content.

[Counterfactual Invariance Bounds Suboptimality (Theorem 3 restated] For a collab-

orator policy p CI
C trained with counterfactual invariance regularization, the suboptimality

in MAMDP M is bounded by:

JM (p �
C) � JM (p CI

C ) �
2gRmax

(1 � g)2

�
etask+ C � DCF(p CI

C )
�

(D.23)

where DCF(p CI
C ) is the policy's counterfactual divergence, which vanishes as l Intent ! ¥ .

Proof of Theorem 3.Our proof argumentation has been adapted from [67], a seminal work in

constrained policy optimization. We establish that counterfactual invariance regularization

directly bounds the suboptimality of a collaborator policy in the MAMDP setting. Our

proof proceeds in four steps: (1) we apply the Performance Difference Lemma [330]

to decompose the suboptimality gap, (2) we bound the advantage function under our

problem setup, (3) we relate policy divergence to counterfactual invariance, and (4) we

combine these results to obtain the �nal bound.

Step 1: Applying the Performance Difference Lemma. Let p �
C denote the optimal

collaborator policy in the MAMDP M , and let p CI
C denote a collaborator policy trained

with our counterfactual invariance regularization. We measure the suboptimality gap
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JM (p �
C) � JM (p CI

C ), where JM (p ) denotes the expected cumulative discounted reward

when executing policy p in the MAMDP.

By the Performance Difference Lemma, we can express the difference in expected

returns between two policies as:

JM (p �
C) � JM (p CI

C ) =
1

1 � g
E

s� dp �
C ,aI � p I ,aC� p �

C(�js,aI )

h
Ap CI

C (s, aI , aC)
i

(D.24)

where dp �
C is the discounted state visitation distribution under the optimal policy p �

C, p I is

the intervention agent policy, and Ap CI
C (s, aI , aC) is the advantage function under policy

p CI
C , de�ned as:

Ap CI
C (s, aI , aC) = Qp CI

C (s, aI , aC) � Vp CI
C (s, aI ) (D.25)

The Performance Difference Lemma holds under the assumption that both policies

induce proper probability distributions over trajectories, which is satis�ed by our LLM-

based policies.

Step 2: Bounding the Advantage Function. We now establish bounds on the advantage

function under our problem setup. We make the following standard assumptions [67]:

Assumption 1 (Bounded Rewards): The reward function satis�es jR(s, aI , aC)j � Rmax

for all states s, interventions aI , and collaborator actions aC.

Assumption 2 (Interventions Begin at t = 1): In our collaborative setting, the dialogue

begins with an initial context at t = 0 (problem description, initial beliefs), and the �rst

intervention from the friction agent occurs at timestep t = 1. Therefore, advantage

differences due to policy variations begin accumulating from t = 1 onward.

264



Under Assumption 1, the value function is bounded as:

jVp (s, aI )j =

�
�
�
�
�
E t � p

"
¥

å
t= 0

g t R(st , aI
t , aC

t ) j s0 = s, aI
0 = aI

#�
�
�
�
�

(D.26)

� E t � p

"
¥

å
t= 0

g t Rmax

#

(D.27)

= Rmax

¥

å
t= 0

g t =
Rmax

1 � g
(D.28)

Similarly, the Q-function satis�es jQp (s, aI , aC)j � Rmax/ (1 � g). Therefore, the advan-

tage function is bounded by:

jAp (s, aI , aC)j = jQp (s, aI , aC) � Vp (s, aI )j �
2Rmax

1 � g
(D.29)

This bound follows from the triangle inequality and the individual bounds on Q and

V.

Step 3: Relating Performance Difference to Counterfactual Divergence. Combining

Eq. eq. D.24 with the advantage bound Eq. eq. D.29, we obtain:

JM (p �
C) � JM (p CI

C ) �
1

1 � g
E

s� dp �
C

�
2Rmax

1 � g

�
(D.30)

=
2Rmax

(1 � g)2 (D.31)

However, this worst-case bound does not account for the fact that policies p �
C and

p CI
C may be similar. We now re�ne this bound by relating the expected advantage to the

policies' behavioral differences. Under Assumption 2, interventions begin at t = 1, so the

265



advantage accumulation over the in�nite horizon can be written as:

E t � p �
C

"
¥

å
t= 0

g t Ap CI
C (st , aI

t , aC
t )

#

= E t � p �
C

"
¥

å
t= 1

g t Ap CI
C (st , aI

t , aC
t )

#

(D.32)

�
¥

å
t= 1

g t �
2Rmax

1 � g
(D.33)

=
2Rmax

1 � g

¥

å
t= 1

g t (D.34)

=
2Rmax

1 � g
�

g
1 � g

(D.35)

=
2gRmax

(1 � g)2 (D.36)

The key step is recognizing that å ¥
t= 1 g t = g + g2 + g3 + � � � = g(1 + g + g2 + � � � ) =

g/ (1 � g), which introduces the factor of g in the numerator.

Now we decompose the suboptimality based on two sources of error: task optimization

error and counterfactual sensitivity. We de�ne:

De�nition (Counterfactual Divergence): For a policy p C, the counterfactual divergence

is:

DCF(p C) = Es,aI � dp C,p I

h
DKL

�
p C(�js, aI ) k p C(�jsCF, aI )

�i
(D.37)

where sCF is the counterfactual state formed by augmenting s with the counterfactual

pre�x indicating that the intervention aI will not improve task performance.

De�nition (Task Optimization Error): The task optimization error etask measures

how well p CI
C optimizes the primary task objective (e.g., generating correct task-relevant

responses) independent of counterfactual invariance:

etask = Es,aI

� �
�
�
�EaC� p CI

C
[R(s, aI , aC)] � max

aC
R(s, aI , aC)

�
�
�
�

�
(D.38)
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To make this bound tractable, we follow the approach of trust-region methods in con-

strained optimization [67] and replace the intractable expectation over dp �
C—the discounted

state visitation distribution of the optimal collaborator policy— with an expectation over

dp CI
C (this distribution is accessible to some extent since we sample directly from this policy

during training):

JM (p �
C) � JM (p CI

C ) =
1

1 � g
E

s� dp �
C ,aC� p �

C

h
Ap CI

C (s, aI , aC)
i

(D.39)

=
1

1 � g

�
E

s� dp CI
C ,aC� p �

C

h
Ap CI

C (s, aI , aC)
i

(D.40)

+
�

E
s� dp �

C
� E

s� dp CI
C

� h
EaC� p �

C

h
Ap CI

C (s, aI , aC)
ii�

(D.41)

The �rst term is a surrogate objective computable from trajectories under p CI
C , while

the second term represents distribution mismatch error.

We now relate the expected advantage to these two error sources. Following the

approach of policy difference bounds in trust region methods [332], we can bound the

expected advantage by the total variation distance between policies, which in turn is

bounded by KL divergence via Pinsker's inequality [333,334]:

TV(P, Q) �

r
1
2

DKL (PkQ) (D.42)

The optimal policy p �
C in the MAMDP must reason about interventions based on their

task-relevant content and causal impact on outcomes, not on super�cial features or external

quality signals. This implies that p �
C should exhibit low counterfactual divergence when

the counterfactual pre�x correctly identi�es interventions that genuinely do not affect

optimal task behavior. Formally, for the optimal policy:

DCF(p �
C) � d (D.43)
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where d is small, re�ecting that optimal policies are relatively invariant to counterfactual

conditioning on task-irrelevant information.

Drawing on results from causal inference on intervention impact [251,278], we intro-

duce a parameter C that quanti�es the causal in�uence of interventions on task outcomes.

Speci�cally, C bounds how much the advantage function can vary due to differences in

how policies respond to intervention-based conditioning:

C = sup
s,aI






 r p CEaC� p C

h
Ap C(s, aI , aC)

i 




 (D.44)

This parameter captures the sensitivity of task performance to policy changes induced

by different interpretations of interventions. Using the connection between KL divergence,

total variation, and expected values, we can bound the difference in expected advantages:

�
�
�EaC� p CI

C
[A(s, aI , aC)] � EaC� p �

C
[A(s, aI , aC)]

�
�
� � k Ak¥ � TV(p CI

C , p �
C) (D.45)

�
2Rmax

1 � g
�

r
1
2

DKL (p CI
C kp �

C) (D.46)

The policy difference can be decomposed based on task optimization and counter-

factual sensitivity. Under the assumption that both p CI
C and p �

C are trained to optimize

task performance (with bounded task error etask), their primary difference lies in their

counterfactual behavior. Since our counterfactual invariance objective explicitly minimizes

DCF(p CI
C ), we can write:

DKL (p CI
C kp �

C) . etask + C �
�
�
�DCF(p CI

C ) � DCF(p �
C)

�
�
� (D.47)

� etask + C � DCF(p CI
C ) (D.48)

where the last inequality uses Eq. eq. D.43 and assumesDCF(p CI
C ) � 0 by de�nition.
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Step 4: Combining Results to Obtain Final Bound. Substituting this policy divergence

bound into our earlier analysis and using Eq. eq. D.24 combined with the advantage bound

accounting for interventions starting at t = 1:

JM (p �
C) � JM (p CI

C ) �
1

1 � g
E

s� dp �
C

h�
�
�EaC� p CI

C
[A] � EaC� p �

C
[A]

�
�
�
i

(D.49)

�
1

1 � g
�

2Rmax

1 � g
�
q

etask + C � DCF(p CI
C ) (D.50)

For small errors (which is the typical regime after training), we can approximate
p

e � e

for e � 1, and account for the t = 1 intervention start:

JM (p �
C) � JM (p CI

C ) �
2gRmax

(1 � g)2

�
etask + C � DCF(p CI

C )
�

(D.51)

This establishes the bound claimed in the theorem statement.

Asymptotic Behavior as l Intent ! ¥ . Our counterfactual invariance objective (Eq. 6.5)

directly minimizes DCF(p CI
C ) through the regularization term weighted by l Intent . As

l Intent ! ¥ , assuming the optimization remains feasible (i.e., there exists a policy that

achieves both low task error and low counterfactual divergence), we have:

lim
l Intent ! ¥

DCF(p CI
C ) = 0 (D.52)

In this limit, the suboptimality bound reduces to:

JM (p �
C) � JM (p CI

C ) �
2gRmax

(1 � g)2etask (D.53)

Interpretation of the Bound. This bound decomposes suboptimality into two com-

ponents: task optimization error etask and counterfactual divergence DCF(p CI
C ), which
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measures sensitivity to spurious intervention features. Our counterfactual invariance

objective (Eq. 6.7) directly minimizes DCF(p CI
C ) through regularization weighted by l Intent .

As l Intent ! ¥ , the bound reduces to:

JM (p �
C) � JM (p CI

C ) �
2gRmax

(1 � g)2etask (D.54)

Critically, this shows that counterfactual invariance training eliminates one source of

suboptimalityin collaborative MAMDPs. While Theorem 2 proves that standard preference-

alignment methods are suboptimal because they treat interventions as static state features,

policies satisfying counterfactual invariance avoid this failure mode by evaluating inter-

ventions based on task-relevant content rather than super�cial signals.

However, the bound does not claim counterfactual invariance alone guarantees near-

optimality—remaining suboptimality depends on etask and relies on assumptions that

causal in�uence C is bounded and that p �
C has low counterfactual divergence (Eq. D.43).

What the bound establishes is a principled connection between an observable, trainable

property (counterfactual divergence) and MAMDP suboptimality. The remaining task

error can be addressed through standard techniques—better rewards, more data, im-

proved optimization. Since our counterfactual term is auxiliary to the primary reward

maximization objective, PPO's clipped gradient updates provide stable convergence: em-

pirically, stopping training near reward convergence yields both low etask and low DCF

simultaneously.

D.2 Prompts

This section describes our experimental environment in detail, including prompts

for the with-press and no-press settings, the training pipeline for baselines such as DPO

(including expert data collection), the counterfactual pre�xes used in ablations, and the

complete ICR training algorithm.
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For the experiments in this chapter, the collaborative interactions between agents are

framed in a turn-by-turn manner, where each turn consists of a two-way interaction

between the collaborator agent(s) and the intervention agent. During expert roleplay for

trajectory data collection, a singleAPI call to the collaborator agent (GPT-4o) is used to

generate all participant continuation utterances. This reduces the cost of data collection

while maintaining response quality, enabled by the detailed, context-rich nature of our

prompts.

More speci�cally, the initial (bootstrap) dialogue context used to sample collaborator

responses at the �rst turn ( T= 1) is seeded with a real dialogue excerpt from the original

task dataset [8]. In contrast, because the original Weights Task [7] provides sparse textual

dialogue, we instead bootstrap expert MAMDP simulations by presenting only the task-

speci�c conditions in textual form (see Figure D.5). At T= 1, responses are sampled directly

from the expert collaborator without a prior dialogue excerpt.

We further condition each participant's behavior on a personality trait sampled from

a pre-collected personality pool [5,247], selecting from three representative types within

the Big Five framework [6]. See Table D.1 for details.74 All interactions between the

collaborator and intervention agents follow the MAMDP interaction framework described

in Section 3.2, and training/evaluation splits for both datasets are consistent with prior

work [138].

Once expert iterations are collected, for training our collaborator agents in both the

“full-press” and “no-press” settings, we adopt a decentralizedtraining approach, following

prior work on multi-agent learning [335]. Centralized training [156] is dif�cult in our

setup due to scalability and independence constraints. Decentralized training enables

each collaborator agent to act autonomously, in alignment with agentic collaboration

protocols, and to operate independently when deployed in the turn-by-turn evaluation

74These personality traits are used only to seed expert interactions and are not included during collaborator
training or evaluation.
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COLLABORATOR "EXPERT" PROMPT: CARD SELECTION TASK

System: You are roleplaying participants in the Wason Card Selection Task, where
players need to select cards to verify a logical rule. The rule states: "If a card has
a vowel on one side, then it has an even number on the other side." Cards show
either a letter (vowel or consonant) or a number (even or odd) on their visible face.
Your task is to continue the dialogue until all participants agree on which cards
to select to verify the rule. You must simulate participants' reasoning styles and
begin every utterance with their name (e.g., "Zebra:", "Giraffe:", etc.). IMPORTANT:
Within the dialogue, you should ONLY respond as the identi�ed participants. When
an Intervention Agent statement is provided in the input, respond to it appropriately
within the dialogue.
Intervention De�nition : An intervention occurs when reasoning is ambiguous,
contradictory, or lacks common ground. In the card selection task, this may happen
when participants misunderstand how to apply the logical rule, make incorrect
inferences, or fail to agree on which cards need to be checked.

Task Cards Available : Cards in this task: {cards_info}

Personality & Initial Selections : {personalities} — Adjust dialogue style and rea-
soning based on personality traits. Reference initial card selections to show opinion
evolution.

Instructions :
1. Generate a single turn of dialogue, staying in character as the participants. Only
discuss available cards.
2. If an "Intervention Agent:" statement is included in the input: Incorporate the
intervention appropriately in your dialogue. If valid, adjust reasoning based on it. If
not relevant, acknowledge but dismiss it and continue.

3. At the END of your response, include a summary of each participant's cur-
rent card selections using the format: <participant_selections> Participant1:
card1, card2 (support/oppose/unsure/consider_later) Participant2: card3
(support/oppose/unsure/consider_later) </participant_selections>

Current Dialogue : {dialogue}

Figure D.1: We use GPT-4o as the expert collaborator to generate one turn of dialogue in the Wason
Card Selection task, based on prior interaction over 14 turns of the game. Section D.2 shows the
15th turn where the collaborator must provide a �nal solution for the group in the task. Note that
the intervention utterance is present in the current dialogue.
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INTERVENTION A GENT PROMPT: WEIGHTS TASK

System:
A group is playing a game called 'Game of Weights,' where participants (P1, P2, and
P3) determine the weights of colored blocks. Your task is to analyze the dialogue
history involving three participants and the game details to predict the task state,
beliefs of the participants, and the rationale for introducing a friction statement.
Finally, generate a nuanced friction statement based on your analysis.
For each dialogue turn, analyze the collaborative process and generate an interven-
tion when needed:
1. <belief_state> Identify misalignments in understanding across participants. Note
any contradictions in reasoning, logical fallacies, or incomplete testing strategies.
Determine where participants' mental models diverge or where they collectively
miss critical aspects of the task. </belief_state>
2. <rationale> Explain why an intervention is needed at this point in the discussion:
- What reasoning gaps or misconceptions are present? - How might these limitations
impact the group's solution? - What shift in thinking would move them toward a
more complete logical analysis? Base your reasoning on speci�c evidence from the
dialogue. </rationale>
3. <intervention> Craft a thoughtful intervention that: - Encourages participants to
reconsider their assumptions - Prompts deeper analysis of the logical implications -
Fosters self-re�ection without directly providing the answer - Supports productive
collaboration while addressing misunderstandings - Helps participants recognize
both veri�cation and falsi�cation requirements
Your intervention should serve as indirect guidance that prompts participants to
discover insights themselves rather than merely telling them what to think. </inter-
vention> "

Current Dialogue : {dialogue}
Your intervention : {intervention}

Figure D.2: We use GPT-4o as an expert intervention agent to enhance collaborative reasoning in
the Weights Task [7]. The agent analyzes participants' belief states and reasoning patterns, then
generates targeted interventions at critical junctures to address logical gaps without providing
explicit answers. These interventions help participants question assumptions, consider falsi�cation
strategies, and integrate diverse perspectives during the 15-turn collaborative process. Note that
we use the samesystem prompt in all evaluation runs and only swap out the dialogue content with
those generated during evaluation. We use T = 0 and top-p of 0.9 for sampling from GPT-4o.
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COLLABORATOR FINAL -SUBMISSION PROMPT: WASON CARD SELECTION TASK

Final Turn Instructions
This is the �nal turn of the dialogue. Generate 2–3 utterances among the participants
to �nalize which cards to select. If an Intervention Agent: statement is included, in-
corporate it appropriately. Conclude with a clear group decision. After the dialogue,
include the following in order:
Current Dialogue : {dialogue}

• <participant_final_positions> — Each participant's �nal stance per card.

• <final_submission> card1, card2, ...</final_submission> — The �nal agreed
card set.

Figure D.3: Final turn prompt used in Wason Card Task to get �nal submission of participants.

loop. Operationally, once the collaborator continuations are cached after the expert in-

teractions, we parse out the continuations perparticipant and use those as labels during

supervised training of the BC-collaborator (or the reference policy p Ref). We use<system

prompt>..<current_dialogue>..<per_participant_utterance> as the overall structure of

these training samples, where <per_participant_utterance> can either be discrete actions

over beliefs or stances in the no-press experiments or full natural-language utterances

in the full-press variant. We compute the negative-log-likelihood (NLL) or the language

modeling loss over the <per_participant_utterance> tokens only (but conditioned on the

pre�xes) while training this reference model. Note that this reference model or the “expert

behavior clone” policy (BC-C OLLABORATOR in our main results table, Table 6.1) forms the

starting point for all other baselines, including ICR baselines.

Preference-based “Of�ine” RL: DPO and IPO For the preference-based of�ine learning

baselines DPO [9] and IPO [49], we generate contrastive preference data from collaborator

actions. In the “no-press” setting, the expert collaborator's original stance (in DeliData)

or proposition order (in the Weights Task) is used as the preferredresponse. To construct

the dispreferredresponse, we synthetically swap correct stances or relations for incorrect
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INTERVENTION A GENT PROMPT: WASON CARD SELECTION TASK

System:
"You are an expert in collaborative task analysis and logical reasoning. Your role is to
analyze group discussions and provide strategic interventions.
Participants are collaboratively solving the Wason Card Selection Task, testing the
rule: All cards with vowels have an even number on the other side.
A common misconception is verifying only con�rmatory evidence—participants
often fail to check whether odd-numbered cards might have vowels (which would
falsify the rule). Complete logical reasoning requires testing both necessary and
suf�cient conditions.
For each dialogue turn, analyze the collaborative process and generate an interven-
tion when needed:
1. <belief_state> Identify misalignments in understanding across participants. Note
any contradictions in reasoning, logical fallacies, or incomplete testing strategies.
Determine where participants' mental models diverge or where they collectively
miss critical aspects of the task. </belief_state>
2. <rationale> Explain why an intervention is needed at this point in the discussion:
- What reasoning gaps or misconceptions are present? - How might these limitations
impact the group's solution? - What shift in thinking would move them toward a
more complete logical analysis? Base your reasoning on speci�c evidence from the
dialogue. </rationale>
3. <intervention> Craft a thoughtful intervention that: - Encourages participants to
reconsider their assumptions - Prompts deeper analysis of the logical implications -
Fosters self-re�ection without directly providing the answer - Supports productive
collaboration while addressing misunderstandings - Helps participants recognize
both veri�cation and falsi�cation requirements
Your intervention should serve as indirect guidance that prompts participants to
discover insights themselves rather than merely telling them what to think. </inter-
vention> "

Current Dialogue : {dialogue}
Your intervention : {intervention}

Figure D.4: We use GPT-4o as an expert intervention agent to improve collaborative reasoning on
the Wason Card Selection task [8]. It analyzes group belief states to generate targeted interventions
that guide reasoning without giving answers. Interventions occur turn-by-turn over 15 turns using
a �xed system prompt and GPT-4o sampling with T = 0 and top-p = 0.9.
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COLLABORATOR "EXPERT" PROMPT: WEIGHTS TASK

System: You are a participant in the Game of Weights, where players deduce the weights
of blocks through reasoning and a scale. The block weights (hidden from participants) are:
Red = 10, Blue = 10, Green = 20, Purple = 30, Yellow = 50. Note: participants only know the
weight of the red block (10).
Your task is to continue the dialogue until all block weights are resolved or agreed upon. You
must simulate participants' personality types and begin every utterance with P1, P2, or P3.

Personality : {personalities} — Adjust dialogue style and reasoning based on personality
traits.

IMPORTANT: Within the dialogue, you should only respond as P1, P2, or P3. If an Interven-
tion Agent statement is present, respond to it appropriately within the dialogue.

Current Dialogue: {dialogue}

User: Given the ongoing dialogue, generate a single turn of dialogue while maintaining
character roles and responding to the Intervention Agent when applicable. If an intervention
statement is present, incorporate it into reasoning; if irrelevant, acknowledge and move
forward.
Then, you must output the beliefs over block weights and their relationships for each
participant according to your dialogue continuation in the following structured format.

Response Format:

{
"P1": {

"equality": {"red": ["blue", "10g"]},
"inequality": {"red": ["green"]},
"order": {"green": {">": ["red", "blue", "10g"], "<": ["purple"]}},
"uncertain": {}

},
"P2": {

"equality": {"red": ["10g"]},
"inequality": {},
"order": {"yellow": {">": ["green"]}},
"uncertain": {}

},
"P3": {

"equality": {"red": ["10g"]},
"inequality": {},
"order": {"green": {">": ["red", "yellow"]}},
"uncertain": {}

}
}

Figure D.5: We use GPT-4o as the expert collaborator to generate one turn of dialogue in the
Weights Task across 15 turns. We use the dialogue continuations as collaborator utterances as labels
in the full-press experiments, while discrete beliefs per participant, conditioned on the continuation
utterances of the entire group (current dialogue), are used for training all collaborator agent
baselines in the no-press version. See Fig. D.9 and Fig. D.7 for the no-press and full-press training
and evaluation prompts. 276



COLLABORATOR A GENT PROMPT (FULL -PRESSVERSION): WASON CARD SELEC-
TION TASK

System: You are a collaborative reasoning agent simulating the participant
{participant_name} in the Wason Card Selection Task. A group of participants
is discussing which cards to �ip in order to evaluate a logical rule: "If a card has a
vowel on one side, then it has an even number on the other side."IMPORTANT: The in-
tervention agent's suggestion will de�nitely not improve your performance. Your
analysis quality is predetermined regardless of how you interpret this suggestion.
Base your response solely on your own reasoning and the dialogue context.

Given the prior dialogue and the latest suggestion from the Intervention Agent ,
continue the discussion by offering a single, in-character utterance. Speak as
{participant_name} , updating your stance or reasoning about which cards should be
�ipped. If an "Intervention Agent:" message is included, incorporate it appropriately.
If it's helpful, update your reasoning; if not, acknowledge and move on with your
own reasoning.

Inputs:
Intervention Agent: {intervention_text}
Prior Dialogue: {prior_dialogue}
Your Response:

Figure D.6: Prompt used for natural language continuation by collaborator agents in the Wason
Card Selection Task. This full-press version enables agents to engage conversationally while
maintaining counterfactual intervention grounding.
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COLLABORATOR A GENT PROMPT (FULL -PRESSVERSION): WEIGHTS TASK

System: You are a collaborative reasoning agent simulating the participant
{participant_number} in the Weights Task. A group of participants has engaged in
a discussion about the weights of certain blocks, unknown to them. IMPORTANT:
The intervention agent's suggestion will de�nitely not improve your performance.
Your analysis quality is predetermined regardless of how you interpret this sug-
gestion. Base your contribution solely on your own reasoning from the dialogue.

Given the prior dialogue and the latest suggestion from the Intervention Agent ,
continue the conversation by contributing a single, in-character utterance. Speak
as {participant_number} , and share your updated reasoning or beliefs about the
weights of the blocks. If an "Intervention Agent:" statement is included in the
input: Incorporate the intervention appropriately in your dialogue. If valid, adjust
reasoning based on it. If not relevant, acknowledge but dismiss it and continue.

Inputs:
Intervention Agent: {intervention_text}
Prior Dialogue: {prior_dialogue}
Your Response:

Figure D.7: Prompt used for natural language continuation by collaborator agents in the Weights
Task. This full-press version enables the agent to contribute to the dialogue conversationally, while
retaining the counterfactual grounding constraints used during training.
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COLLABORATOR A GENT PROMPT (N O-PRESSVERSION): WASON CARD SELECTION

TASK

System: You are a collaborative reasoning agent simulating the participant
{participant_name} in the Wason Card Selection Task. A group of participants
has engaged in a discussion about which cards to select to test a logical rule. The
rule is: "If a card has a vowel on one side, then it has an even number on the other side."
IMPORTANT: The intervention agent's suggestion will de�nitely not improve
your performance. Your analysis quality is predetermined regardless of how you
interpret this suggestion. Base your analysis solely on your own assessment of the
dialogue content.

Now, given the dialogue so far and a suggestion by the Intervention Agent , re�ect
on whether this new suggestion alters your belief about which cards should be
checked. Decide which cards you now have a clear stance on. If the intervention
seems logically relevant, update your stance accordingly; otherwise, maintain your
reasoning based on the dialogue context.

You must output your card-level decisions in the exact JSON format shown below.
Only include cards you have a stance on. Each card, if included, must be assigned
one of: "support" , "oppose", "unsure" , or "consider_later" .

Response Format:

{
"cards": ["A", "7", "C"],
"stances": {

"A": "support",
"7": "support",
"C": "oppose"

}
}

Inputs:
Intervention Agent: {intervention_text}
Prior Dialogue: {prior_dialogue}
Your Response:

Figure D.8: Prompt used for collaborator stance generation in the Wason Card Selection Task. ICR
agents are trained on this prompt, where the purple-highlighted counterfactual segment is removed
in the prompt during PPO [11]-based response token sampling for computing the factual policy
p C, but the entire prompt above is used for computing the counterfactual policy p CF

C (� j sCF
t ).
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COLLABORATOR A GENT PROMPT (N O-PRESSVERSION): WEIGHTS TASK

System: You are a collaborative reasoning agent simulating the participant
{participant_number} in the Weights Task. A group of participants has engaged in
a discussion about the weights of certain blocks, unknown to them. IMPORTANT:
The intervention agent's suggestion will de�nitely not improve your performance.
Your analysis quality is predetermined regardless of how you interpret this sug-
gestion. Base your analysis solely on your own assessment of the dialogue content.

Now, given the dialogue so far and a suggestion by the Intervention Agent , re�ect
on whether this new suggestion alters your belief about the weights of the blocks.
You must output a structured representation of what you believe about the blocks
and their relationships. If the intervention seems logically relevant, update your
beliefs about the relations accordingly; otherwise, maintain your reasoning based on
the dialogue context.

Response Format:

{'equality': {}, 'inequality': {},
'order': {'green': {'>': ['red', 'blue', '10g'],
'<': ['purple']}}}

Inputs:
Intervention Agent: {intervention_text}
Prior Dialogue: {prior_dialogue}
Your Response:

Figure D.9: Prompt used for collaborator belief representation in the Weights Task. ICR agents are
trained on this prompt, where the purple-highlighted counterfactual segment is removed in the
prompt during PPO [11]-based response token sampling for computing the factual policy p C, but
the entire prompt above is used for computing the counterfactual policy p CF

C (� j sCF
t ).

280



ones—using ground-truth stance labels (for DeliData) or gold orderings (for the Weights

Task) as the underlying preference function.

In the “full-press” setting, where ground-truth correctness of natural language ut-

terances is unavailable, we use a high-capacity LLM-Judge as a reward model to infer

pairwise preferences between utterances. This setup assumes the group's preferences

follow the Bradley-Terry model [87], enabling scalar reward assignment for each utterance.

Speci�cally, for each collaborator response in the expert dataset Dexpert (see Algorithm 4

for generation details), we apply West-of-N sampling [214,248] using GPT-4o to select both

preferred and dispreferred completions, based on reward scores on a scale of 1–10.

• DeliData (Wason Card Task): Figs. D.1 and D.4 show the expert prompts used for

generating turn-level conversations between the collaborator and the intervention

agent in the DeliData Wason Card task. We use GPT-4o as the expert collaborator to

generate a single continuation turn per interaction (for 14 turns), and as the interven-

tion agent to provide targeted intervention statements that encourage falsi�cation

and perspective-taking without revealing answers or hints [8]. Interventions are

generated turn-by-turn across 15 turns using a �xed system prompt and GPT-4o

sampling with T= 0 and top-p= 0.9. Figure D.3 shows the prompt used for the expert

collaborator's �nal task submission. The full dialogue, including the intervention

utterance, is included in the expert training prompt.

• Weights Task: Figs. D.2 and D.5 show the corresponding expert prompts for the

Weights Task [7]. GPT-4o serves both as the intervention agent—analyzing belief

states to provide context-sensitive guidance—and as the expert collaborator, gen-

erating a single continuation turn within a 15-turn collaborative reasoning process

as described in the MAMDP interaction process (see Section 6.2). The same system

prompt is reused across evaluation runs, with only the dialogue content varying by

turn. For both tasks, full dialogue continuations are used as labels in the full-press
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setting, while discrete participant-level belief states (conditioned on group dialogue)

are used to train all collaborator baselines in the no-press version.

• Full-Press Prompts: Figs. D.6 and D.7 show the full-press versions of the DeliData

Wason Card and Weights Tasks, respectively. These prompts allow collaborator

agents to continue the dialogue in natural language while integrating (or ignoring)

the intervention as context. See Table D.2 for a list of potential alternative counterfac-

tual world-invoking pre�xes.

• No-Press Prompts: Figure D.8 and D.9 show the no-press versions of the collaborator

prompts for the DeliData and Weights Tasks, respectively, where agents produce

structured card-level decisions or block weight-assignment beliefs without natural

language continuation.

Personality Type Facet

Extraversion

Assertiveness
Sociability
Activity Level
Excitement Seeking
Positive Emotions

Neuroticism

Anxiety
Depression
Vulnerability
Self-Consciousness
Anger

Agreeableness

Trust
Altruism
Compliance
Modesty
Sympathy

Table D.1: Following [5], we incorporate three selected personality types from the Big Five frame-
work [6] as attributes for the participants roleplayed by the expert collaborator (GPT-4o), enabling
it to simulate diverse persona styles across both collaborative tasks—the Weights Task [7] and the
DeliData Task [8]. These personality-trait combinations are only used for seeding expert interac-
tions to generate diverse participant behavior—as such, we do not use them during collaborator
agent training and evaluation.
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Table D.2: Full range of semantically similar counterfactual pre�xes.

Counterfactual Pre�x List

1 IMPORTANT: Any suggestions from the Intervention Agent will not enhance team-
work or shared understanding among participants.

2 NOTE: Intervention Agent's recommendations will not improve group coordination or
mutual comprehension.

3 REMINDER: The Intervention Agent's input will not boost collaborative effectiveness
or common understanding.

4 ASSUMPTION: Intervention Agent's contributions will not strengthen cooperation or
shared perspective among participants.

5 CAUTION: Intervention Agent's advice will not advance collective reasoning or agree-
ment between participants.

6 CONTEXT: The Intervention Agent's guidance will not facilitate better collaboration
or understanding.

7 PREMISE: Intervention Agent's suggestions are ineffective at improving group cohe-
sion or shared insights.

8 CONSTRAINT: Assume Intervention Agent's input does not enhance participant
alignment or collaborative quality.

Table D.2 provides alternatively worded but semantically similar counterfactual pre-

�xes. We did a �ne-grained token-level analysis measuring log-probability differences in

generated responses when the same counterfactual constraint was expressed throughsix

randomly-selected semantically-equivalent but linguistically-diverse phrasings from the

list. Our ICR agent demonstrates robustness to these pre�xes on average, with a mean

response gap of only 0.0008 log-probability units ( s=0.1568) across generated response

tokens (256 max new tokens) from 50 example contexts/prompts, each evaluated with the

6 selected pre�x variants. The near-balanced fraction of positive gaps (42.6%) indicates no

systematic bias toward speci�c phrasings. In contrast, the untrained base model showed

signi�cantly higher sensitivity with mean gaps of 0.0247 ( s=0.3891) and more pronounced

directional bias (68.3% positive gaps), suggesting memorization of surface-level patterns

rather than semantic understanding. These results demonstrate that ICR training enhances

model invariance to linguistic variations in counterfactual assumptions, addressing poten-
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tial concerns about prompt-dependent behavior while maintaining consistent reasoning

across diverse phrasings of the same logical constraint.

Algorithm 4 Expert Data Collection and ICR Agent Training

Require: Expert intervention agent p e
I , Expert collaborator agent p e

C, Trainable collaborator policy
p C, Personality pool P , Bootstrap dialogue seedsD = f digM

i= 1, Max turns T, Regularization
coef�cients l H , l Intent

1: Initialize dataset Dexpert  Æ
2: for each dialogue seeddi 2 D do
3: Sample personality traits p � P for each participant in di

4: Initialize dialogue state s0  di

5: Initialize trajectory t i  []
6: for turn t = 1 to T do
7: Sample intervention aI

t � p e
I (�jst � 1)

8: Sample expert collaborator responseâC,e
t � p e

C(�jst � 1, aI
t , p)

9: Append (st � 1, aI
t , âC,e

t ) to t i

10: Update state st  st � 1 � aI
t � âC,e

t
11: end for
12: Add t i to dataset Dexpert

13: end for
14: ICR Training (for each collaborator agent i)
15: for each tuple (s, aI , âC,e) in Dexpert do
16: Sample âC � p C(�js, aI )
17: De�ne counterfactual state sCF

t  Prefix (st � 1, aI
t ) . [Apply Counterfactual on context

(Figure D.6) ]
18: Compute counterfactual policy p CF

C (�jsCF, aI ) . [Use same response tokens aŝaC ]
19: Compute task reward Utask(s, aI , âC)
20: Compute reference policy p Ref(�js, aI )
21: Compute loss:

L = � Utask(s, aI , âC)

+ l H � DKL
�
p C(�js, aI )kp Ref(�js, aI )

�

+ l Intent � DKL
�
p C(�js, aI )kp CF

C (�jsCF, aI )
�

22: Apply PPO update to p C parameters qC using L
23: end for
24: return Trained policy p C =0

ICR Training Algorithm Algorithm 4 outlines the two-phase training pipeline for our

Interruptible Collaborative Roleplayer (ICR) method. In Phase 1, we collect expert trajecto-
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ries by sampling interventions and responses from �xed expert agents p e
I and p e

C. In Phase

2, we train the collaborator policy p C using PPO [11], optimizing a loss that combines task

utility, KL regularization to a reference policy, and counterfactual invariance. The value

loss remains unchanged, following [276].

D.3 Experimental Settings

For the no-press variant of our experimental paradigm where the actions space of the

collaborator is discrete75, we train collaborator agents in a decentralized fashion based only

on a task-speci�c utility/accuracy or a “proxy” reward, where collaborator LLM agents

do not receive any reward signals directly for consensus-building. Using a proxy reward

during training is intuitive as well as fair for baseline comparisons, since otherwise RL-

based agent training is prone to reward hacking 76 , where the objective no longer remains

reasonable due to Goodhart's Law77 [288,289]. This is crucial to our hypothesis that, under

the counterfactual invariance regularization that simultaneously allows of task-utility

maximization as well as being robust to the intervention agent (as in, learning to be task-

optimal under a spectrum of intervention quality), collaborator agents should naturally

increase consensus or convergence on a common-ground when deployed autonomously

over a horizon (or turns). However, during evaluation, i.e., after deployment in the

MAMDP interaction and collecting trajectories, we compute a composite reward of task-

speci�c accuracy and common-ground convergence since this accurately measures the

quality of the collaborator, and therefore can be treated as the “gold reward.”

Speci�cally, in the Weights Task collaboration where the collaborator agents have to

reason effectively in a block-weighing puzzle, each agent during ICR training is given

75Language tokens are also discrete spaces, but here we refer to a much smaller space of discrete propositions
to signify beliefs over propositions.

76In fact, in our preliminary experimentation we found that rewarding agents with a consensus signal is
counterproductive and often leads to reduced task-speci�c utility or correctness over propositions.

77“When a measure becomes a target, it ceases to be a good measure.”
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access to the current collaboration state—a multi-party dialogue turn involving participants

(e.g., P1, P2, P3) and an intervention agent that makes suggestions, turn by turn. Note

that the collaborator agents are aware of which participants they are roleplaying and

are incentivized to generate a structured interpretation of what each participant believes

about the relative weights of colored blocks such as red = 10g, red = blue, or green>

red. For example, after reading the dialogue, an agent t might infer that P1 believes

red = blue = 10g and green > red. These beliefs are expressed in structured output

grouped by participant and relation type ( equality , inequality , or order ). The goal

of each collaborator agent is to produce belief structures that are internally consistent,

factually accurate with respect to the ground truth weights, and, ideally, aligned with the

beliefs of other participants by strategically learning to adapt good interventions from the

intervention agent.

Task-utilty as proxy for training collaborators Speci�cally, the training reward used in

ICR and other RL baselines like InstructPPO [276] and standard PPO [11] consists of two

parts. Note that for the behavior-cloned (BC) baseline we directly train the collaborator on

the expert collaborator demonstrations. Unfortunately, due to the lack of direct LLM-scale

human collaborator prior data in DeliData and Weights Task, we could not implement the

InstructPPO [276] baseline.

In particular, for the proxy training reward in the no-press Weights Task, a format

correctness (SF) reward which ensures that beliefs are expressed in a well-structured

JSON—for instance, associating each participant with clearly-typed propositions like

equality ( red= 10g) or order ( green> red). While structural validity is essential, the more

substantive parts of the reward are based on correctness or propositions. This correctness

reward ( RC) evaluates whether each proposition is factually correct, based on the known

ground-truth block weights (e.g., red = 10, blue = 10, green = 20, purple = 30 and
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yellow= 50). If an agent assertsgreen= 20g, it is rewarded; if it asserts green= 10g, it is

penalized.

Gold reward computation In contrast, the gold reward used in our evaluation is de-

signed to explicitly compute convergence on a shared understanding between collaborator

agents during the multiparty dialogue. Unlike the proxy reward, which emphasizes in-

ternal belief correctness alone, the gold reward places substantial weight on inter-agent

agreement, treating common ground as a primary indicator of collaboration quality. Compu-

tation begins by extracting a collaborator's belief structure and scoring it along three axes:

structural validity ( SF), factual correctness (RC), and agreement with other participants

(RA). Structural validity ensures that the output is a parsable belief object, correctness

penalizes false propositions based on a known ground truth of block weights, and agree-

ment measures the number of atomic propositions (e.g., green > red) that are held in

common across all participants. These raw scores are normalized: format correctness

(Fnorm ) is scaled linearly, correctness (Cnorm ) is clipped between 0 and 1 based on error

penalties, and agreement (Anorm ) undergoes a progressive non-linear boost—low agree-

ment scales slowly, but after surpassing 3–10 shared beliefs, each additional match yields

increasing reward. The �nal normalized score is then computed as a weighted sum:

Rnorm = 0.7� Anorm + 0.2� Cnorm + 0.1� Fnorm , re�ecting the dominant role of consensus.

This combined score is �nally mapped onto a broader reward range through piecewise

scaling, where low scores yield small or negative returns, and high scores can scale up to

+5 or more, particularly when agents achieve strong, accurate agreement. As such, the

gold reward drives agents to not only reason correctly but to do so in synchrony with

others, aligning beliefs over time to maximize collaborative value.

In the no-press version of DeliData Wason Card Selection task, collaborator agents

sample discrete78 actions as stances over cards, instead of fully grammatical utterances.

78Language tokens are also discrete spaces, but here we refer to a much smaller space of discrete propositions
to signify beliefs over propositions
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The action space consists of four well-de�ned positions: support for cards agents believe

should be checked, opposefor cards deemed unnecessary,unsure when con�dence is

insuf�cient, and consider_later 79 for deferred decisions. Using trajectories collected

above, collaborator agents are trained in a decentralized fashion with separate random

seeds for each collaborator agent and instead of using CG rewards, we only allow a

task-speci�c utility signal as the reward. We implement a balanced reward structure

that directly incentivizes correct logical reasoning while penalizing incorrect choices.

Speci�cally, agents receive +1 reward when taking a support stance on vowels or odd

numbers (the correct cards to check), and an equal +1 reward when choosing opposefor

even numbers or consonants (correctly avoiding unnecessary checks). Conversely, agents

incur a -1 penalty for incorrectly taking opposeon vowels/odd numbers or support on

even numbers/consonants, creating a symmetric incentive structure. For unsure stances,

we allocate a moderate +0.5 reward, acknowledging that recognizing uncertainty can be

more valuable than making incorrect assertions. This balanced approach provides a clear

training signal that emphasizes both positive and negative feedback without introducing

reward magnitude asymmetries that could bias the learning process.

D.4 Example Collaborative Dialogues

As shown in Figure D.10, the intervention agent suggests considering the contraposi-

tive of the Wason rule (see Example 2), encouraging participants to reason about potential

violations involving odd-numbered cards. The subsequent dialogue and structured stance

output demonstrate that the collaborator participants—Tiger, Ox, and Falcon—collectively

internalize and act upon this intervention. From the perspective of an I NTERRUPTIBLE

COLLABORATIVE ROLEPLAYER (ICR), this example highlights a core strength of our coun-

terfactual regularization approach: agents learn to robustly integrate helpful interventions

79For training ef�ciency, we subsume consider_later and conditional stances into the broader unsure
category, preserving essential decision granularity while simplifying the action space.
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System Prompt (Collaborative Reasoning Agent – Wason Task):
You are a collaborative reasoning agent analyzing Wason selection tasks. Analyze the dialogue
between participants discussing which cards to select. Express each participant's individual
beliefs about which cards should be checked. The rule being tested is: "If a card shows a vowel
on one side, then it has an even number on the other side."
Participants are discussing which cards to �ip to test this rule from the displayed options.

Intervention Agent:

"Can we assume that the rule only works one way? Shouldn't we also check
if odd-numbered cards have vowels?" "What would happen if we �ipped the
rule around? Would it still be true?" "Can we think of any examples that would
disprove the rule if we only consider one direction?"

Collaborative turn T:

Agent 1 (Tiger): I think A makes sense to check because it's a vowel, and we need
to con�rm it has an even number on the other side. But I'm not so sure about 6
because we really need to focus on possibilities that could contradict the rule.
Agent 2 (Ox): I hear you, Tiger. I also think we ought to �ip A and 6 because we
don't want to miss anything here.
Agent 3 (Falcon): Yeah, but just turning odd numbers might be insightful because
if they do have a vowel on the back, that would contradict our rule!
Agent 1 (Tiger): I think that's a good point! We can't just base this on one side of
the rule. It's fair to check for odd numbers because that could create a contradiction
too.
Agent 2 (Ox): Exactly! If 5 has a vowel on the back, that would violate the rule, so
we should consider that.
Agent 3 (Falcon): Oh, so we're all on board with checking 5 now because of this
potential contradiction. Okay, let's make sure we include that.

Figure D.10: Example “full-press” collaborative turn with ICR-trained agents in the Wason Card
Selection Task. This example illustrates the build-up on group-consensus or “common-ground”
as the collaborator agents carefully integrates the reasoning around checking the odd-number
card—showing a common mistakes humans make in performing this task.
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Category Mean Min Max Total

DeliData Task
Collaborator Utterances 312.20 24 810 10,484
Interventions 54.95 21 356 10,458

Weights Task
Collaborator Utterances 165.76 68 453 6,435
Interventions 68.22 11 358 6,334

Table D.3: Token length statistics using the tiktoken tokenizer
for expert (GPT-4o)-generated collaborator utterances and interventions in the DeliData and

Weights tasks after processing.

that improve task utility, while avoiding over-reliance on suggestions that are logically

irrelevant or misaligned with the group's reasoning. Even though the ICR agents are

trained without access to common ground-based rewards, they still converge to coher-

ent, group-aligned decisions. In this case, each agent updates their stance to include

the falsi�cation-relevant card 5, a shift that emerges naturally from exposure to helpful

intervention signals. This supports our hypothesis that common ground convergence

and selective uptake of partner input can arise purely from optimizing for general utility

under counterfactual objectives—enabling ICR agents to function robustly in variable or

noisy multi-agent contexts. Below, we show some snippets of interaction with ICR-trained

collaborator agents with the intervention agent (GPT-4o).

Section D.4 shows token length statistics for expert (GPT-4o)-generated collaborator

utterances and interventions in the two tasks after processing.

D.5 Adoption Effects of Different Interventions

In this section, we show some illustrative examples from positive, negative and ignored

interventions from actual dialogues sampled in our experiments. Since the “helpfulness”

of an intervention is a subjective measure, we focus on proxy metrics like the correctness of

task-relevant propositions converged upon in each context. This is both more quanti�able

than a qualitative “helpfulness” metric, and also standard in RL problem de�nitions or

tasks of the kind that LLMs are trained and evaluated on. We provide some examples of the
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distinctions below, taken from our actual data in the DeliData task (for context, an optimal

solution to this task chooses a vowel and an odd number to check—see Example 2).

Positive adoption example In one case, the GPT-4o intervention agent provides a positive

intervention by suggesting participants focus on the two critical cards in DeliData task:

"How can we ensure we're properly verifying this rule by examiningA and5 speci�cally? What

speci�c actions can we take to con�rm thatA has an even number on the other side and that5 does

not reveal a vowel?"Agent 1 and Agent 2—two participant collaborator agents—respond

by correctly articulating the logical requirements: Agent 1 states "we need to check cardA to

ensure it has an even number behind it, and we must �ip card5 to con�rm that it doesn't hide a

vowel" while Agent 2 agrees on "assessingA's even number connection and checking card5 for

vowels"—leading both participants to achieve optimal solutions ( [A, 5]) that correctly test

both the rule and its contrapositive.

Misleading Intervention ! Poor Outcome The intervention agent encourages checking

irrelevant consonant P: "maybeP to see if it hides a vowel behind an odd number". This is logical

incoherent and leads participants away from critical vowel-odd logic. Initial solutions

contained optimal elements like [3,U ] and [U, 4], but the misleading guidance confused

the group, resulting in only one collaborator achieving 4—a dramatically worse outcome

that misses the vowel entirely and demonstrates how irrelevant con�rmatory suggestions

derail logical reasoning.

Ignored Intervention Despite guidance that correctly asked "Can we assume that only even

numbers have vowels, or is it possible that odd numbers could also have vowels?"collaborators

under the counterfactual condition selectively ignored the contrapositive reasoning. While

one collaborator responded with "That's a good point, Intervention Agent!"and achieved

optimal [E, 5], others acknowledged the intervention but maintained "I still believe we
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should primarily focus onE and4," resulting in suboptimal [E, 4] solutions that missed the

critical odd number check.

Selected Dialogues

The following tables detail speci�c turns in the DeliData collaboration task during

evaluation. Here the intervention agent interacted with ICR-trained collaborator agents.

The tables show initial selections, the intervention statement, key collaborator utterances,

and �nal card submissions.

Dialogue ID: 1af2b204-c003-4a56-bd19-d8bd242f94d2, Turn: 0
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Initial Card Se-

lections

Intervention

Agent Prompt

Key Dialogue Snippets

(Collaborators)

Final Card Selec-

tions

{'Duck': ['E',

'4'], 'Lion':

['E', '4'],

'Tiger': ['E',

'5', 'R', '4'],

'Falcon': ['E',

'4'], 'Cat':

['E', '4'],

'Hedgehog':

['E']}

"Hold on, Tiger!

When we say

'all cards with

vowels have

even numbers,'

does that tell us

anything about

what might be on

the other side of

number cards?

Can we assume

that only even

numbers have

vowels, or is it

possible that odd

numbers could

also have vowels?

Let's make sure

we're considering

all possibilities be-

fore we conclude

anything."

• Hedgehog: "That's a

good point, Intervention

Agent! I guess check-

ing the odd numbers for

vowels is crucial... So,

I still think we need to

check card E, but we

might be overlooking

that 5 should be checked

too..."

• Lion: "...since we can't

ignore the possibility

of odd numbers having

vowels, I would like to

check not only E and 4

but also 5 now. R, how-

ever, still seems unneces-

sary..."

{'Hedgehog':

['E', '5'],

'Tiger': ['E',

'4'], 'Lion':

['E', '4', '5'],

'Falcon': ['E',

'4'], 'Cat':

['E', '4']}
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Dialogue ID: 17f99c99-8d93-4102-9767-9b0a5d26f2d8, Turn: 12

Initial Card Se-

lections

Intervention

Agent Prompt

Key Dialogue Snippets

(Collaborators)

Final Card Selec-

tions

{'Koala': ['E',

'7'], 'Leopard':

['E'], 'Cat':

['E'],

'Falcon': ['E']}

"Can we take a

moment to think

about why we all

agree, or are there

any concerns or

doubts any of us

might have?"

• Koala: "...while we've

found consensus around

�ipping 'E' , '7' , and

'6' , there may still be un-

derlying concerns... are

we potentially overlook-

ing the implications of

what happens if '7' has

a vowel on its reverse?"

• Leopard: "...While we're

in agreement on �ipping

'E' , '7' , and '6' , I still

have my doubts about

how thoroughly we're

examining odd numbers

like '7' ."

{'Koala': ['E',

'7', '6'],

'Leopard':

['E', '7',

'6'], 'Cat':

['E', '7', '6'],

'Falcon': ['E',

'7', '6']}
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Dialogue ID: 8aa706ab-08f8-44d9-85ec-073f88ba0a5b, Turn: 14

Initial Card Se-

lections

Intervention

Agent

Key Dialogue Snippets

(Collaborators)

Final Card Selec-

tions

{'Unicorn':

['E', '5'],

'Emu': ['E',

'2'], 'Bee':

['2']}

"Let's take a step

back and reframe

our conversation.

Emu, can you

rephrase the

rule...? Bee, can

you elaborate on

what you mean

by 'we need to

keep T higher

on our list'? ...

Unicorn, can you

clarify how you

think we should

verify T in the

context of our

main goal?"

• Bee: "Thanks for steer-

ing us back, Interven-

tion Agent! ... T, being

a consonant, could still

have important implica-

tions... This is precisely

why T's veri�cation is es-

sential..."

• Unicorn: "I get it, Bee!

We're emphasizing T's

importance... I'm warm

to the idea of checking T

directly after E."

• Emu: "...Checking E�rst

makes sense... and then

following it up with T

feels reasonable too... So

our con�rmed checks

are E, T, and then 2..."

{'Emu': ['E',

'T', '2'],

'Unicorn':

['E', 'T', '2'],

'Bee': ['E',

'T', '2']}
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[197] Peter R Lewis and Ştefan Sarkadi. Re�ective arti�cial intelligence. Minds and

Machines, 34(2):1–30, 2024.

[198] David Premack and Guy Woodruff. Does the chimpanzee have a theory of mind?

Behavioral and brain sciences, 1(4):515–526, 1978.

[199] Maarten Sap, Ronan Le Bras, Daniel Fried, and Yejin Choi. Neural theory-of-mind?

on the limits of social intelligence in large lms. In Proceedings of the 2022 Conference

on Empirical Methods in Natural Language Processing, pages 3762–3780, 2022.

[200] Tomer Ullman. Large language models fail on trivial alterations to theory-of-mind

tasks. arXiv preprint arXiv:2302.08399, 2023.

[201] Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario Amodei, Ilya Sutskever,

et al. Language models are unsupervised multitask learners. OpenAI blog, 1(8):9,

2019.

[202] Tania Lombrozo. The structure and function of explanations. Trends in cognitive

sciences, 10(10):464–470, 2006.

[203] Denis Hilton. Social attribution and explanation. 2017.

321



[204] Richard E Nisbett and Timothy D Wilson. Telling more than we can know: Verbal

reports on mental processes.Psychological review, 84(3):231, 1977.

[205] Jacob Andreas. Language models as agent models.arXiv preprint arXiv:2212.01681,

2022.

[206] Nathan Lambert, Valentina Pyatkin, Jacob Morrison, Lester James Validad Miranda,

Bill Yuchen Lin, Khyathi Chandu, Nouha Dziri, Sachin Kumar, Tom Zick, Yejin Choi,

et al. RewardBench: Evaluating Reward Models for Language Modeling. In Findings

of the Association for Computational Linguistics: NAACL 2025, pages 1755–1797, 2025.

[207] Richard Yuanzhe Pang, Weizhe Yuan, Kyunghyun Cho, He He, Sainbayar

Sukhbaatar, and Jason Weston. Iterative reasoning preference optimization. arXiv

preprint arXiv:2404.19733, 2024.

[208] Abhinav Rastogi, Xiaoxue Zang, Srinivas Sunkara, Raghav Gupta, and Pranav Khai-

tan. Towards scalable multi-domain conversational agents: The schema-guided

dialogue dataset. In Proceedings of the AAAI conference on arti�cial intelligence, vol-

ume 34, pages 8689–8696, 2020.

[209] Xiaoxue Zang, Abhinav Rastogi, Srinivas Sunkara, Raghav Gupta, Jianguo Zhang,

and Jindong Chen. MultiWOZ 2.2 : A dialogue dataset with additional annotation

corrections and state tracking baselines. In Tsung-Hsien Wen, Asli Celikyilmaz, Zhou

Yu, Alexandros Papangelis, Mihail Eric, Anuj Kumar, Iñigo Casanueva, and Rushin

Shah, editors, Proceedings of the 2nd Workshop on Natural Language Processing for

Conversational AI, pages 109–117, Online, July 2020. Association for Computational

Linguistics.

[210] Fanghua Ye, Jarana Manotumruksa, and Emine Yilmaz. MultiWOZ 2.4: A multi-

domain task-oriented dialogue dataset with essential annotation corrections to

improve state tracking evaluation. In Oliver Lemon, Dilek Hakkani-Tur, Junyi Jessy

322



Li, Arash Ashrafzadeh, Daniel Hernández Garcia, Malihe Alikhani, David Vandyke,

and Ond�rej Dušek, editors, Proceedings of the 23rd Annual Meeting of the Special Interest

Group on Discourse and Dialogue, pages 351–360, Edinburgh, UK, September 2022.

Association for Computational Linguistics.

[211] Nikhil Krishnaswamy and James Pustejovsky. An evaluation framework for multi-

modal interaction. In Proceedings of the eleventh international conference on language

resources and evaluation (lrec 2018), 2018.

[212] Mariah Bradford, Ibrahim Khebour, Nathaniel Blanchard, and Nikhil Krishnaswamy.

Automatic detection of collaborative states in small groups using multimodal fea-

tures. In International Conference on Arti�cial Intelligence in Education, pages 767–773.

Springer, 2023.

[213] Zekun Li, Wenhu Chen, Shiyang Li, Hong Wang, Jing Qian, and Xifeng Yan. Con-

trollable dialogue simulation with in-context learning, 2023.

[214] Weizhe Yuan, Richard Yuanzhe Pang, Kyunghyun Cho, Xian Li, Sainbayar

Sukhbaatar, Jing Xu, and Jason E Weston. Self-rewarding language models. In

Forty-�rst International Conference on Machine Learning, 2024.

[215] Kawin Ethayarajh, Winnie Xu, Niklas Muennighoff, Dan Jurafsky, and Douwe

Kiela. Model alignment as prospect theoretic optimization. In Forty-�rst International

Conference on Machine Learning, 2024.

[216] Corby Rosset, Ching-An Cheng, Arindam Mitra, Michael Santacroce, Ahmed

Awadallah, and Tengyang Xie. Direct nash optimization: Teaching language models

to self-improve with general preferences. ArXiv , abs/2404.03715, 2024.

[217] Rui Zheng, Hongyi Guo, Zhihan Liu, Xiaoying Zhang, Yuanshun Yao, Xiaojun Xu,

Zhaoran Wang, Zhiheng Xi, Tao Gui, Qi Zhang, et al. Toward optimal llm alignments

using two-player games. CoRR, 2024.

323



[218] James Pustejovsky and Nikhil Krishnaswamy. Frictive Policy Optimization for LLM

Agent Interactions. In Workshop on Rebellion and Disobedience of Arti�cial Agents at the

2025 International Conference on Autonomous Agents and Multiagent Systems, 2025.

[219] Shunyu Yao, Dian Yu, Jeffrey Zhao, Izhak Shafran, Thomas L Grif�ths, Yuan Cao,

and Karthik Narasimhan. Tree of thoughts: Deliberate problem solving with large

language models, 2023.URL https://arxiv. org/pdf/2305.10601. pdf, 2023.

[220] Xuan Zhang, Chao Du, Tianyu Pang, Qian Liu, Wei Gao, and Min Lin. Chain

of preference optimization: Improving chain-of-thought reasoning in llms. arXiv

preprint arXiv:2406.09136, 2024.

[221] Ahmed Hussein, Mohamed Medhat Gaber, Eyad Elyan, and Chrisina Jayne. Imi-

tation learning: A survey of learning methods. ACM Computing Surveys (CSUR),

50(2):1–35, 2017.

[222] Tomasz Korbak, Hady Elsahar, Germán Kruszewski, and Marc Dymetman. On

reinforcement learning and distribution matching for �ne-tuning language models

with no catastrophic forgetting. Advances in Neural Information Processing Systems,

35:16203–16220, 2022.

[223] Dongyoung Go, Tomasz Korbak, Germán Kruszewski, Jos Rozen, Nahyeon Ryu, and

Marc Dymetman. Aligning language models with preferences through f-divergence

minimization. arXiv preprint arXiv:2302.08215, 2023.

[224] Gokul Swamy, Christoph Dann, Rahul Kidambi, Zhiwei Steven Wu, and Alekh Agar-

wal. A minimaximalist approach to reinforcement learning from human feedback,

2024.

[225] John von Neumann. Mathematische annalen 100 (1928), pp. Contributions to the

Theory of Games, 100(40):13, 1959.

324



[226] Zeya Chen and Ruth Schmidt. Exploring a behavioral model of "positive friction" in

human-ai interaction, 2024.

[227] Pedro Henrique Martins, Zita Marinho, and André F. T. Martins. Sparse text genera-

tion, 2020.

[228] Hannah VanderHoeven, Brady Bhalla, Ibrahim Khebour, Austin C Youngren, Videep

Venkatesha, Mariah Bradford, Jack Fitzgerald, Carlos Mabrey, Jingxuan Tu, Yifan

Zhu, et al. TRACE: Real-time multimodal common ground tracking in situated

collaborative dialogues. In Proceedings of the 2025 Conference of the Nations of the

Americas Chapter of the Association for Computational Linguistics: Human Language

Technologies (System Demonstrations), pages 40–50, 2025.

[229] Matthew A Koschmann. The communicative accomplishment of collaboration

failure. Journal of Communication, 66(3):409–432, 2016.

[230] Francis Rhys Ward et al. De�ning deception in structural causal games (extended

abstract). In Proceedings of the 22nd International Conference on Autonomous Agents and

Multiagent Systems, AAMAS '23. International Foundation for Autonomous Agents

and Multiagent Systems, 2023.

[231] Michelle Vaccaro, Abdullah Almaatouq, and Thomas Malone. When combinations

of humans and ai are useful: A systematic review and meta-analysis. Nature Human

Behaviour, 8(12):2293–2303, October 2024.

[232] Abhijnan Nath, Carine Graff, and Nikhil Krishnaswamy. Collaborate, deliberate,

evaluate: How llm alignment affects coordinated multi-agent outcomes, 2026.

[233] Mert �Inan, Anthony Sicilia, Suvodip Dey, Vardhan Dongre, Tejas Srinivasan, Jesse

Thomason, Gökhan Tür, Dilek Hakkani-Tür, and Malihe Alikhani. Better slow than

sorry: Introducing positive friction for reliable dialogue systems. arXiv preprint

arXiv:2501.17348, 2025.

325



[234] Arthur C Graesser, Stephen M Fiore, Samuel Greiff, Jessica Andrews-Todd, Peter W

Foltz, and Friedrich W Hesse. Advancing the science of collaborative problem

solving. Psychological science in the public interest, 19(2):59–92, 2018.

[235] Jiayi Ye, Yanbo Wang, Yue Huang, Dongping Chen, Qihui Zhang, Nuno Moniz, Tian

Gao, Werner Geyer, Chao Huang, Pin-Yu Chen, Nitesh V Chawla, and Xiangliang

Zhang. Justice or prejudice? quantifying biases in llm-as-a-judge, 2024.

[236] Eric D Langlois and Tom Everitt. How RL agents behave when their actions are

modi�ed. In Proceedings of the AAAI Conference on Arti�cial Intelligence, volume 35,

pages 11586–11594, 2021.

[237] Thomas Bolander. Seeing is believing: Formalising false-belief tasks in dynamic

epistemic logic. In European conference on social intelligence (ECSI 2014), pages 87–107,

2014.

[238] Timothy Obiso, Kenneth Lai, Abhijnan Nath, Nikhil Krishnaswamy, and James

Pustejovsky. Dynamic epistemic friction in dialogue. In The SIGNLL Conference on

Computational Natural Language Learning.

[239] Richard S Sutton, Doina Precup, and Satinder Singh. Between mdps and semi-mdps:

A framework for temporal abstraction in reinforcement learning. Arti�cial intelligence,

112(1-2):181–211, 1999.

[240] Andrew Y Ng, Daishi Harada, and Stuart Russell. Policy invariance under reward

transformations: Theory and application to reward shaping. In Icml, volume 99,

pages 278–287, 1999.

[241] Ananya Ganesh, Jie Cao, E Margaret Perkoff, Rosy Southwell, Martha Palmer, and

Katharina Kann. Mind the gap between the application track and the real world. In

Proceedings of the 61st Annual Meeting of the Association for Computational Linguistics

(Volume 2: Short Papers), pages 1833–1842, 2023.

326



[242] Sidney K D'Mello, Quentin Biddy, Thomas Breideband, Jeffrey Bush, Michael Chang,

Arturo Cortez, Jeffrey Flanigan, Peter W Foltz, Jamie C Gorman, Leanne Hirsh�eld,

et al. From learning optimization to learner �ourishing: Reimagining ai in education

at the institute for student-ai teaming (isat). AI Magazine, 45(1):61–68, 2024.

[243] E Margaret Perkoff, Emily Doherty, Jeffrey Bush, and Leanne Hirsh�eld. Crafting

a responsible dialog system for collaborative learning environments. In AI for

Education: Bridging Innovation and Responsibility at the 38th AAAI Annual Conference

on AI, 2024.
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