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Abstract

Traditional Artificial Intelligence (AI) often conducts tasks in non-collaborative settings,

where a single AI makes decisions given user-defined inputs. Modern AI is increasingly

deployed in collaborative settings, where AI agents and humans work together in multiturn

toward a shared goal. This paradigm of collaborative AI goes beyond building systems

that aim to match or even surpass human-level capabilities; instead, it aims to empower

creativity and intelligence that cannot be achieved by either side alone.

This thesis studies the following problem: How do we build capable agents that effec-

tively collaborate with human users? Compared to non-collaborative agents, collaborative

AI agents require proactive behaviors to understand user intent, reason about user queries

and ambiguity, and provide assistance that helps users achieve their goals. We analyze com-

mon failure modes of agents in collaborative settings, draw connections to social science

studies on human collaboration, and more importantly, identify what levels of behaviors

and capabilities are needed to solve collaborative tasks.

Building upon these foundations, our recent work presents a unified framework that

transforms non-collaborative AIs into collaborative agents. We propose a multiturn-aware

objective that prioritizes long-term outcomes in multi-turn collaboration rather than single-

turn task completion. We demonstrate that collaborative agents trained with this objective

markedly outperform non-collaboratively trained agents across various benchmarks. More

importantly, human users report more efficient, engaging, and creative interactions when

working with collaborative agents.

This thesis further investigates how to build more capable and intelligent collabora-

tive agents beyond the behavioral change from the multiturn-aware objective. We find that
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agents often struggle with learning from experiences. An agent which has conducted mul-

tiple tasks may still fail to solve a similar one with the same mistakes. To address the limi-

tations, we pioneer a research direction that enables agent system to learn from past failure

and adapt to harder tasks. The key is for agent systems to conduct contrastive reason-

ing, which identifies the gap between collaboration sessions with good and bad outcomes,

so that they can recognize and effectively address current limitations. We also uncover the

benefits of scaling agentic systems and develop an optimization framework that aligns indi-

vidual agents with the shared goal. Together, these works enhance multiturn collaboration

with stronger system-level capabilities in collaborating with users.

Lastly, we conclude with open questions in collaborative AI and advocate for democ-

ratizing collaborative agents that are not merely governed by humans, but also create more

value with humans.
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Chapter 1

Introduction

1.1 Background: What are Agents and Why Agents?

The concept of an agent existed long before modern large AI models. Traditionally, an

agent was a lightweight computer program that acted on behalf of a user in a specific

environment. It was typically built to automate a narrowly defined task (e.g., playing chess,

filtering and sending emails, or scheduling a meeting given constraints) or to carry out

simple conversations in a limited domain (e.g., a booking chatbot). These agents were

mostly procedural: the goal was explicitly specified, the behavior was engineered through

rules or pipelines, and success could be evaluated with task-specific metrics.

In the modern context, the meaning of agent has broadened because the environments

where agents operate have changed. Many deployments now happen in settings like the

web, workplace software, or personal devices, where information is spread across many

sources and important constraints may appear only after several interaction steps. These

settings are also actionable: beyond producing text, an agent may need to look up informa-

tion, run code, call external services, or update documents.

Foundation models enable this shift by providing a natural language interface and the

ability to use long context across multiple turns. As a result, modern agents are better

viewed as proactive decision making systems that can interpret goals that are not fully spec-

ified, track evolving context, and use external tools and APIs [41, 124, 139, 145, 150, 191].

1
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These agents demonstrate remarkable capabilities in reasoning [9, 173, 190, 191], plan-

ning [48, 64, 213], and can interact with environments [41, 93, 105, 177] to perform com-

plex tasks like multi-step problem-solving and information retrieval [148, 189, 219]. The
central challenge therefore moves from executing a fixed plan to deciding, together
with the user, what to do next and how to adapt as the task unfolds.

1.2 Motivation: Why Collaborative Agents?

Figure 1.1: Motivating examples of collaboration failures in multiturn interactions.
Left [4]: A recipe request shows unnecessary assumptions: the agent suggests chicken
without asking about dietary preferences, forcing the user to correct it (vegetarian) and
wasting time. Right [182]: A health query shows generic answers: the agent lists broad
causes without first understanding key context necessary to address the specific issue.

This broader view of agents has enabled applications where language is the main inter-

face and the agent takes multiple steps over time, such as planning assistants that produce

concrete outputs like an itinerary or a grocery shortlist. Yet, when we are collaborating

with strong agents like large language models, we noticed a recurring and surprising gap

between model capability and effective collaboration. These models can be remarkably
strong at difficult technical problems, but they can still fail at basic human interaction.

A popular example comes from Casey Newton, describing an attempt to order groceries

with an agentic system. The user asked for help buying groceries on Instacart and expected
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the system to ask a few basic questions, such as where they live, which store they prefer,

and what they want to buy. Instead, the system immediately opened Instacart and started

searching for milk in stores located in an incorrect city. This failure is striking because it is

not a failure of knowledge, but a failure of communication and coordination. An agent that

does not ask clarifying questions, that guesses preferences too early, or that cannot track

context reliably can feel frustrating even when the underlying model is highly capable.

This is not a minor usability issue. Poor collaboration impacts performance, safety, and

efficiency. Even in low-stakes tasks, unchecked assumptions can slow down progress and

waste user time. In high-stakes domains such as healthcare, legal, or financial settings, sim-

ilar failures can be more serious and result in misleading outcomes. Figure 1.1 illustrates

two failure modes. In a recipe request, the agent makes an unnecessary assumption by

suggesting chicken, forcing the user to correct it by stating their vegetarian preference. In a

health question, the agent responds with a generic list instead of asking for a few key details

needed to answer. In both cases, users waste substantial time correcting misunderstandings

and restating constraints.

One reason this gap persists is that many evaluations focus on simplified settings, such

as single-turn prompts with clear and complete instructions. Real interactions are different.

Users often begin with a vague request, refine preferences after seeing options, and intro-

duce key constraints only later. As a result, success is rarely a single response. It depends

on how well the agent interacts over time to clarify intent, track evolving context, and adapt

its actions as the task unfolds.

Collaboration therefore demands capabilities beyond correctness, including commu-

nication to understand intent, coordination to choose what to do next, and adaptation to

preferences and changing objectives. Moreover, if humans and AI systems are to solve

meaningful problems together, agents cannot only respond passively to requests. They

must also help users explore options, reduce risks in decision making, and amplify creativ-

ity.

At the same time, unlike real collaborators, agents may not improve meaningfully
from more experience. When humans collaborate repeatedly on similar tasks, they natu-

rally learn from past mistakes, refine their strategies, and become more effective partners.

An experienced human collaborator who previously misunderstood a flight search request
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would recognize similar patterns in future interactions and adjust their approach accord-

ingly. This improvement with experience is a hallmark of effective collaboration.

Agents, however, often fail to exhibit this adaptive behavior. Consider the task of help-

ing users book flights, where agents must interpret travel preferences, distinguish between

one-way and round-trip requests, and search the appropriate booking platforms. Figure 1.2

shows a pattern that appears across multiple deployment studies [101]: even after handling

similar requests, agents repeat the same errors. This failure is not due to task complexity or

limited capability. The agent possesses sufficient knowledge to distinguish flight types and

has access to the correct booking tools. Instead, the failure stems from an inability to learn

from past interactions and recognize recurring patterns in its own mistakes.

Figure 1.2: Agents fail to learn from experience in repeated interactions. Unlike human
collaborators whose expertise improves with experience, agents often repeat the same mis-
takes across similar tasks. In flight booking scenarios [101], an agent consistently misinter-
prets one-way flight requests as round-trip searches despite previous corrections, demon-
strating a systematic failure to learn from past errors and adapt its behavior accordingly.

This gap between experience and improvement creates a fundamental limitation for col-

laborative agents. Users expect that working with an agent over time will lead to smoother

interactions, fewer clarifications, and better outcomes. When agents fail to meet this expec-

tation, the collaboration becomes frustrating and inefficient. Moreover, the impact of this

limitation grows more severe in complex domains. In retrieval-heavy tasks such as product
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search or biomedical question answering, where users add constraints progressively and

may reference past searches, an agent that cannot learn from its interaction history will fail

to recognize which strategies succeeded or failed in similar situations.

The root of this problem lies in how current agents process information. They excel at

reasoning within a single interaction but lack ways to identify systematic patterns across

multiple interactions, recognize when past strategies failed, and adapt their approach based

on accumulated experience. Agents may access conversation history as raw text, but they

cannot easily extract the higher-level lessons: which assumptions led to mistakes, which

clarification questions proved most valuable, or which reasoning patterns consistently pro-

duced better outcomes.

Addressing this limitation requires enabling agents to engage in contrastive reasoning:

comparing successful and unsuccessful interactions to identify the key differences in their

approaches and recognize the systematic gaps in their current strategies. The challenge is

not simply to give agents more memory or longer context windows. Instead, agents must

learn to step back and analyze patterns across multiple tasks.

Yet even with mechanisms to learn from experience, agents face another funda-
mental challenge: complex collaborative tasks may exceed what individual agents
can reliably handle. Real-world collaboration often involves tasks where information is

scattered across heterogeneous sources, constraints accumulate progressively, and multi-

ple forms of reasoning must coordinate simultaneously. A single agent attempting such

tasks may struggle not because it lacks knowledge or collaborative skills, but because the

intellectual demands exceed what any individual decision-maker can manage effectively.

In fact, this observation about individual limits connects to a well-studied phenomenon

in social science. Individual decision-makers face cognitive constraints that limit their

ability to process information and evaluate alternatives, a pattern Herbert Simon termed

bounded rationality [151]. Decades of research show that groups can transcend these lim-

its: diverse teams outperform homogeneous groups of high-ability individuals [58], crowds

often produce better judgments than experts [155], and groups exhibit a measurable collec-

tive intelligence that predicts performance better than any single member’s ability [176].

This collective capability emerges through coordination mechanisms that manage depen-

dencies between activities [108], transactive memory systems where members specialize
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and track who knows what [172], and distributed cognition where reasoning spreads across

people and tools [66].

These findings provide a principled basis for building multi-agent AI systems: dis-

tribute not just tasks, but also the cognitive functions required for both learning from experi-

ence and handling complexity. Different agents can take complementary roles to overcome

individual limitations. One agent can attempt tasks while another analyzes failures; one

can focus on broad search while another validates constraints. This division of cognitive

labor addresses both the learning problem and the complexity problem identified above.

Building such systems introduces new challenges. Agents must coordinate not only

with users to understand intent, but also with each other to share experiences, align on

lessons learned, and avoid conflicting goals. As systems grow to include more agents,

ensuring that local improvements in one component translate to better overall outcomes

becomes increasingly difficult.

Motivated by the above limitations, this thesis addresses three dimensions of collabo-

ration: how agents learn to interact effectively with humans through experience, how they

improve with more experience, and how multiple agents coordinate with each other to serve

human goals at scale.

1.3 Thesis Outline and Contributions

Find

What Goes Wrong

Identify

Why It Happens

Redesign

an Approach

Evaluate

Whether It Works

1 2

34

Figure 1.3: Thesis workflow (FIRE).
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The thesis addresses a number of important questions regarding building collaborative

agents by revealing how agent behavior and system structure lead to collaboration effec-

tiveness. Throughout this thesis, we follow four steps: we find what goes wrong, identify

why it happens, redesign an approach, and evaluate whether it works.

Part I (Chapter 2): How to enable collaborative behaviors for agents?

Find (ch. 2.1)

Agents behave passively

in multiturn interaction

Identify (ch. 2.2)

Training signals fa-

vor single-turn success

Redesign (ch. 2.3-2.4)

Multiturn objective and

multiturn-aware rewards

Evaluate (ch. 2.5-2.8)

Benchmark simulation

and real-world user study

1 2

34

Figure 1.4: Part I: Training collaborative agents.

Why do capable models make poor collaborators? We trace the problem to train-

ing: current fine-tuning methods like RLHF reward models for immediate, single-turn re-

sponses, giving them no incentive to ask clarifying questions or guide users toward better

outcomes. The result is agents that passively agree rather than actively collaborate.

We introduce COLLABLLM [179], a training framework that teaches agents to look

ahead. By simulating future conversation trajectories and estimating how current responses

affect long-term outcomes, we define a multiturn-aware reward that captures both task

success and interaction efficiency. Fine-tuning on this reward produces agents that ask

insightful questions, offer targeted suggestions, and help users refine vague requests into

actionable goals. In user studies, COLLABLLM increased user satisfaction and reduced

task completion time compared to conventionally trained models.
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Part II (Chapters 3–4): How do we enable agents to learn from experi-
ence?

Find (3–3.4)

Agents may not learn

from more experience

Identify (3.5–3.6)

Lack of external perspec-

tive to recognize limitations

Redesign (4.1–4.4)

Contrastive reasoning for

automatic instructions

Evaluate (4.5–4.6)

Improving on STARK bench-

mark with multiple user tasks

1 2

34

Figure 1.5: Part II: Improving Agents to Learn from Experience

How can we build agent systems that recognize their limitations and effectively address

them? The key challenge is twofold: agents must first identify what went wrong in failed

attempts, then generate actionable guidance to improve future performance. Chapter 4

introduces AVATAR [181], a framework based on contrastive reasoning that addresses both

challenges. The framework introduces a Comparator agent that compares successful and

unsuccessful task attempts to identify systematic gaps in the agent’s strategies. Critically,

this comparison reveals not just what failed, but why it failed, i.e., which assumptions were

incorrect, which steps were missing, and which reasoning patterns led to errors. Based

on these insights, the system automatically generates instructions that guide the agent to

address its specific weaknesses, enabling it to gradually learn how to solve harder tasks.

To systematically evaluate whether agents can continuously learn from experience, we

need benchmarks that test their ability to improve on realistic collaborative tasks over

multiple attempts. Chapter 3 addresses this need through STARK [182], a large-scale

benchmark for retrieval over semi-structured knowledge bases spanning e-commerce, aca-

demic research, and healthcare. The benchmark presents complex queries where users

specify multiple constraints: a parent searching for a tricycle mentions brand preferences,

safety requirements, and delivery constraints; a researcher queries for drugs interacting

with genes active in specific anatomical regions. These scenarios create opportunities to
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observe whether agents can recognize their mistakes and improve their strategies when

exposed to similar queries.

Our experiments reveal that current agents, including state-of-the-art language models,

fail to improve meaningfully when given multiple attempts at similar tasks. They repeat

the same mistakes across attempts because they cannot identify the systematic patterns in

their failures or generate effective strategies to address them. The contrastive reasoning

framework in AVATAR addresses this by explicitly comparing what worked versus what

failed, extracting the critical differences, and translating these insights into actionable in-

structions that enable agents to recognize their limitations and systematically improve their

performance on collaborative tasks.

Part III (Chapter 5): How to scale multi-agent systems for stronger
capabilities while maintaining alignment?

Find (5.1)

Larger multi-agent systems

are challenging to optimize

Identify (5.1–5.3)

Individual agents can mis-

align from shared goals

Redesign (5.4)

Aligned local rewards

for collective intelligence

Evaluate (5.5–5.6)

Five multi-agent sys-

tems and benchmarks

1 2

34

Figure 1.6: Part III: Scaling Multi-Agent Systems with Alignment

Another way to understand AVATAR is that it uses two agents, an Actor and a Com-

parator, working together to enhance the system’s capabilities beyond what a single agent

can achieve. This raises a natural question: if two agents working together outperform one,

why not more? The promise of multi-agent systems is that specialized agents can divide

complex tasks and collaborate toward shared goals. But scaling introduces another impor-

tant problem: each agent optimizes for its own objective, and these objectives may not add
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up to what the user actually wants. An agent for query understanding that produces ver-

bose interpretations might help its own reasoning, but overwhelm the downstream retriever.

Each agent wins locally while the system fails globally.

The root cause is misalignment between what each agent is rewarded for and what the

system as a whole should achieve. We address this with OPTIMAS [180], a framework built

on a simple but powerful idea: teach each agent to care about the right thing. We learn a

globally aligned reward function for each agent, one that assigns higher scores to outputs

that lead to better system-level outcomes. When agents optimize these aligned rewards,

local improvements reliably translate to global gains.

This reframing changes how we think about multi-agent optimization. Rather than

searching over configurations to find combinations that happen to work well together, we

give each agent a clear signal of what “good” means from the system’s perspective. Across

five compound systems spanning product recommendation, medical analysis, and question

answering, OPTIMAS consistently improves performance where baselines show erratic be-

havior, sometimes helping and sometimes hurting.

Taken together
A thread runs through these contributions: collaboration cannot be an afterthought. It is

difficult to build capable agents and then expect them to work well with humans or with

each other. Training signals shape behavior. System design determines what agents can

observe and use. The optimization objective defines what counts as improvement. Each of

these choices can either enable collaboration or work against it.

Part I shows that agents trained on single-turn rewards become passive, even when

the underlying model is highly capable. Part II reveals that agents struggle to learn from

experience. Part III demonstrates that scaling to many agents creates alignment problems

that brute-force search cannot solve. In each case, the solution requires rethinking the

foundations: what we optimize for, how to improve agents, and how they are structured.

The broader ambition is to build AI systems that feel less like insufficient tools
and more like capable partners. Partners who ask when they are uncertain, who notice

when something is missing, and who work together without pulling in opposite directions.

The methods in this thesis offer a principled path toward that goal: design the incentives for
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ideal behaviors, the architectures, and the objectives so that collaboration emerges naturally

from agents doing what they were trained to do. This thesis advocates a future where

AI systems are built to amplify human capability rather than replace human judgment,

enabling people to solve problems that neither humans nor machines could tackle alone.
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Chapter 2

From Passive Responders to Active
Collaborators

2.1 Introduction

④Multiturn-aware
Reward

② Response 𝒚

Real-world or 
Simulated User

Policy

𝝅𝜽 𝒚 𝒙

③ Collaborative Simulation

Forward Sampling Reward Computation
#1 #2 #3

① Context state (𝒙)
I need to write about how optimism 
can improve our well-being.

To get us started, what kind 
of tone are you aiming for?

Online generation

RL finetuning
#1 #2 #3

…

…

(𝒙, 𝒚) Extrinsic Reward

e.g., Performance

Intrinsic Reward

Interactivity Efficiency

Figure 2.1: COLLABLLM Framework: Given a context 1 , the model generates a response
2 to maximize long-term collaboration gains, termed Multiturn-aware Rewards (MR).
During training, MRs are estimated via 3 collaborative simulation, which forward-samples
conversations with simulated users. Finally, 4 reinforcement fine-tuning is applied using
the MRs.

Modern Large Language Models (LLMs) excel at generating high-quality single-turn re-

sponses when given well-specified inputs. However, real-world users often do not fully

13
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articulate their intents and sometimes initiate conversations with an imprecise understand-

ing of their own needs [158]. As a result, users routinely refine their requests post hoc

through iterative corrections, which can increase frustration, hinder effective task comple-

tion, and reduce conversational efficiency [3, 83, 165, 203]. Therefore, an open problem

is to train models that actively guide users in clarifying and refining their intents, and help

them achieve their goals. This key challenge would improve user satisfaction and effi-

ciency and streamline human-LLM interactions—especially as LLMs are being applied to

real-world tasks that are increasingly complex and open-ended.

A notable limitation of established fine-tuning techniques, such as Reinforcement Learn-

ing from Human Feedback (RLHF) [117], is that they primarily reward LLMs for imme-

diate, single-turn responses, reducing their incentive to seek clarification or assist users in

refining their intents or preferences. As a result, commonly used LLMs tend to prioritize

direct answers, even though seeking additional context would enhance task completion and

increase user satisfaction [83].

Here we introduce COLLABLLM, a novel and general training framework that im-

proves the ability of LLMs to effectively collaborate with humans in multiturn scenar-

ios [6, 45, 134]. The key innovation of COLLABLLM is to promote LLMs’ forward-

looking behavior that leads to long-term collaboration gains (Figure 2.1). We introduce a

collaborative simulation module that samples future conversations with users to estimate

the long-term impact of model responses across multiple turns, a measure we term the

Multiturn-aware Reward (MR). The MR function evaluates responses by incorporating

both extrinsic metrics, such as task-specific success, and intrinsic metrics, such as effi-

ciency, to holistically assess collaboration quality (cf. Section 2.4). By fine-tuning with

RL algorithms [133, 140] on MRs, COLLABLLM promotes responses that lead to bet-

ter task completion and efficiency in later conversation stages. As shown in Figure 2.2b,

the fine-tuned model goes beyond simply responding to user requests in Figure 2.2a—it

actively collaborates by asking follow-up questions about the writing tone, generating tar-

geted content about the role of optimism, and offering insightful suggestions such as adding

anecdotes.

We also introduce three challenging multiturn tasks for training and evaluation in

simulated environments: MediumDocEdit-Chat, BigCodeBench-Chat, and MATH-Chat,
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Single-turn
a

Rewards

(a) Non-collaborative LLM

Preference / Reward Dataset
Policy Model

𝝅𝜽 𝒚 𝒙

Here‘s a piece for you:

The Power of Optimism: Unlocking a Brighter You

(Many tokens)

I need to write about how optimism can improve our well-being

The tone is too formal and examples are too old-school.

The Optimism Revolution: Unleashing Your Inner Power

Hey there, friend! Are you ready to join the optimism revolution?

(Many tokens)

(Many back-and-forth turns)

Ineffective Collab.

𝒙
𝒚

Next-turn

Evaluation

To get us started, what kind of tone are you aiming for?
A. Uplifting B. Inspiring C. Heartfelt and personal

Also, do you want to highlight its role in resilience or relationships?

I‘m aiming for (B). Touching on resilience and how it helps in relationships would be great!

I‘d like to propose an opening paragraph to set the tone:
(Short paragraph)

Perhaps we can add anecdotes or personal experience to make it more impactful.

Effective Collab.

Future turns

I need to write about how optimism can improve our well-being

(Reach user satisfaction quickly)

𝒕𝟏:𝒌−𝟏
………

Current user turn

𝒖𝒌 𝒎𝒌

Current model turnHistory

…𝒖𝒌+𝟏

𝑹( | ),
…Collaborative

Simulation

RL

Finetuning

: Frustrating : Low Efficiency (1.39k tokens read) 

: Low Quality (BLEU=0.32)   : Low Interactivity (LLM Judge score=0.2)

(b) Ours: CollabLLM

: Very helpful & efficient : High Efficiency (1.39k tokens read) 

: High Quality (BLEU=0.46)   : High Interactivity (LLM Judge score=0.8)

Training

Real-world
Deployment

Evaluation

Figure 2.2: Real examples from COLLABLLM and non-collaborative LLM fine-tuning. (a)
Non-collaborative LLM fine-tuning relies on single-turn rewards on immediate responses,
which exhibits passive behaviors that follow the user’s requests, leading to user frustra-
tion, less efficient process, and less satisfactory results. (b) COLLABLLM incorporates
Multiturn-aware Rewards from collaborative simulation, enabling forward-looking strate-
gies. This results in more high-performing, efficient, and interactive conversations that
anticipate future needs, propose timely clarification, and provide insightful suggestions.

which respectively encompass document creation, code generation, and multiturn ques-

tion answering. On the three test sets, our approach improves task accuracy metrics by

18.5% and interactivity by 46.3% on average compared to our best baselines, according

to LLM judges. Beyond the tasks that the COLLABLLMs are fine-tuned on, we show

COLLABLLMs are highly generalizable to other data domains.

Moreover, we perform a large-scale and real-world user study with 201 Amazon Me-

chanical Turkers (MTurkers), who are asked to write documents with the help of anony-

mous AI assistants, either COLLABLLM or non-collaboratively trained LLMs. COL-

LABLLM achieves impressive improvement with 17.6% increase in user satisfaction and

yield user time savings of 10.4% on average. The qualitative analysis from MTurkers con-

firms our observations: non-collaboratively-trained LLMs passively agree with users, while

COLLABLLM actively provides insightful questions and suggestions to guide writing pro-

cesses.
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2.2 Related Work

Non-collaborative LLM training. Existing LLM training frameworks, including pre-

training, supervised fine-tuning (SFT), and reinforcement learning (RL) [89, 117, 133,

140], primarily optimize for next-turn response quality. Standard RL methods such as

Proximal Policy Optimization (PPO) [140] apply rewards to individual model responses

without accounting for their long-term impact on conversation trajectories. While effective

for single-turn objectives, these approaches fail to capture how responses influence user

intent discovery and long-term task success [3, 83, 165, 203].

Prompting techniques for multiturn interaction. Prior work has explored prompting

strategies to enhance LLM interactivity, particularly for clarification questions [31, 38, 80,

82, 110, 207, 211] and mixed-initiative dialogues [24, 36, 96]. For instance, Mu et al. [110]

prompts LLMs to ask clarification questions when code generation requests are ambigu-

ous. However, such prompting-based approaches are constrained by predefined interaction

patterns, limiting adaptability across different tasks and conversation stages. Moreover,

their reliance on fixed prompts reduces generalization, as demonstrated in our experiments

where proactive prompting fails to match the effectiveness of our fine-tuned models.

Learning-based methods for multiturn interaction.

• LLMs for generating clarification questions: Beyond prompting, prior studies have ex-

plored supervised fine-tuning [4], RL fine-tuning [23, 42, 202], and active learning [119]

to train models to ask clarification questions. For example, Chen et al. [23] use Direct

Preference Optimization (DPO) to encourage models to request clarifications. However,

like prompting approaches, these methods primarily focus on clarification questions and

do not generalize to broader multiturn collaboration strategies.

• Multiturn training for LLMs: Recent benchmarks [1, 84] evaluate LLMs’ performance

in multiturn settings, measuring the goal orientation and planning capabilities of models

across interactions. Several studies extend RLHF to multiturn settings by optimizing

trajectory-level rewards [47, 142, 149, 205, 217]. Other works [37, 184] leverage self-

chat or self-play to enhance model adaptation. However, these methods primarily rely
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Table 2.1: Compare COLLABLLM with Selected Works. (1) Task-Agnostic, assessing
whether the approach applies across diverse domains rather than being task-specific; (2)
Versatile Interaction, evaluating its ability to support diverse strategies for intent discovery
and efficient task completion beyond predefined behaviors; (3) User-Centric, determining
whether engagement, efficiency, and intent discovery are explicitly considered; and (4)
Causal & Objective-Aligned Reward, measuring whether reward estimation captures causal
effects on future interactions and optimizes for long-term task success.

Task-Agnostic Versatile Interaction User-Centric Causal & Objective-Aligned Reward

ClarifyGPT [110] ✗ ✗ ✗ -
STaR-GATE [4] ✔ ✗ ✗ -
MTPO [142] ✔ ✔ ✗ ✗

COLLABLLM ✔ ✔ ✔ ✔

on post-hoc trajectory-level data, learning from observed conversations rather than ex-

plicitly modeling the causal effect of individual responses on task success. Additionally,

they often overlook open-ended tasks such as document generation [44, 71], where user

responses can be highly diverse, and users may have limited capacity to read and refine

lengthy model outputs.

• User simulators for enhancing AI systems. Recent works employ user simulators to

enhance dialogue systems [147, 162] and LLMs [44, 57, 62]. Recently, Hong et. al. [57]

leverage LLMs to create diverse synthetic dialogues with varying user personas to train

smaller dialogue models. CollabLLM differs in leveraging user simulators in forward

sampling to account for long-term effect in both offline and online training.

In Table 2.1, we compare COLLABLLM with related methods across four key dimen-

sions. COLLABLLM is a general, user-centric, and multiturn-aware framework that

leverages more accurate reward estimation to better align with real-world objectives, en-

hancing user satisfaction and streamlining human-LLM interactions.



CHAPTER 2. FROM PASSIVE RESPONDERS TO ACTIVE COLLABORATORS 18

2.3 Formulation: What is the multiturn objective

In contrast to many existing tasks that are single-turn and require no human involvement

beyond the initial query, our problem formulation reflects a real-world setting in which a

user’s underlying (implicit) goal is defined as g in a multiturn conversational task. The

conversation unfolds over multiple turns tj = {uj,mj}, where uj is the user input and mj

is the model’s response at each turn j = 1, . . . , K, where K is the number of turns in the

conversation.

At the j-th turn, the model generates its response based on the previous conversation

turns t1:j−1 = {t1, . . . , tj−1} and the current user response uj . For simplicity, we define

historical conversation at j-th turn as thj = t1:j−1 ∪ {uj}, therefore, mj = M(thj ). The

objective is to generate a sequence of model responses {mj}Kj=1 that effectively and ef-

ficiently achieve for goal g, e.g., answering a math question, where goal achievement is

assessed based on user satisfaction or an external evaluation function, such as accuracy by

LLM judge. Formally, we define the objective as R∗(t1:K | g), where R∗ incorporate the

achievement of task success and user experience factors such as time cost.

2.4 CollabLLM: Collaborative LLM Training

Key Motivations. Established LLM training frameworks, such as Reinforcement Learning

from Human Feedback (RLHF) [117], focus on maximizing immediate rewards for single-

turn tasks. This causes a misalignment between their single-turn objective and real-world

multiturn objective R∗(t1:K | g). Precisely, the model’s accumulative single-turn reward∑j=K
j=1 R(mj | thj ) may not imply a higher final reward R∗(t1:K | g). In fact, achieving

high single-turn rewards at each turn may not imply a higher final reward. For example,

consider a task where the user’s goal g is to write an engaging article. A model trained with

traditional RLHF might generate isolated responses, like drafting an introduction or listing

conclusions. While these responses are helpful in isolation, they fail to consider how the

sections flow together, resulting in an article that might not be cohesive and aligned with

the user’s goal.
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Instead, effective multiturn collaboration requires model responses that optimally con-

tribute to the final reward. The model should aim to align its responses with the user’s goal

g by considering their impact on the entire conversation trajectory t1:K . In the previous

example, instead of generating a conclusion, asking, “Should I maintain an engaging tone

in the conclusion like the introduction?” offers better long-term alignment with the goal.

2.4.1 Our Core Innovation: Multiturn-aware rewards

In Figure 2.1, our key insight is that effective multiturn collaboration relies on forward-
looking strategies. Given a context 1 , the model should consider how its response 2

influences the subsequent turns of the conversation. To capture this, we design a 3 collab-

orative simulation module to estimate this impact. By 4 fine-tuning to distinguish between

potential future conversations resulting from different responses, the model generates re-

sponses that align better with the overarching goal g.

This high-level design naturally aligns with causal effect estimation [125, 126], which

evaluates the interventional effects of an action in sequential decision-making. Section 2.4.6

provides further discussion on the connection between causal effect estimation and our ap-

proach. More specifically, we define the Multiturn-aware Reward:

Multiturn-aware Reward (MR): The multiturn-aware reward for model response mj

at the j-th turn is given by:

MR(mj | thj , g)

= Etfj∼P (tj+1:K |thj ∪{mj})R
∗(thj ∪ {mj} ∪ tfj | g)

= Etfj∼P (tfj |t1:j)
R∗(t1:j ∪ tfj | g),

(2.1)

where t1:j denotes the conversation history up to and including the j-th turn, and tfj =

tj+1:K represents the forward trajectory of turns following the j-th turn. The distribution

P (tfj | t1:j) models the possible forward conversations conditioned on the prior conversa-

tion history.

However, computing Equation 2.1 remains challenging as it requires the following com-

ponents: (a) A conversation-level reward function, R∗(t | g), for evaluating an arbitrary
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multiturn conversation t, and (b) a sampling strategy for obtaining forward conversa-
tions P (tfj | t1:j), which represents the forward conversation distribution. We elaborate on

the two components in Section 2.4.2 and 2.4.3.

2.4.2 1) Conversational Reward Function: Measure multiturn success

We approximate the conversation-level reward R∗(t | g) with a combination of extrinsic

(goal-specific) and intrinsic (goal-agnostic) metrics:

R∗(t | g) ≃ Rext(t, g) +Rint(t), (2.2)

where Rext(t, g) focuses on task success, and Rint(t) evaluates user experience including

efficiency and engagement.

• Extrinsic Reward Rext(t, g) measures how well the conversation achieves the user’s goal

g. Formally:

Rext(t, g) = S(Extract(t), yg), (2.3)

where Extract(t) extracts the final solution or response from the conversation t, espe-

cially for tasks requiring revisions or multi-step answers. yg is the reference solution for

the goal g, e.g., the ground truth solution for a math problem. And S(·, ·) evaluates task-

specific metrics like accuracy or similarity. This ensures the conversation contributes

directly to achieving the desired goal.

• Intrinsic Reward Rint(t) prioritizes conversations that enhance user experience, defined

as:

Rint(t) = −min[λ · TokenCount(t), 1] +RLLM(t), (2.4)

where we encourage conversational efficiency by penalizing excessive tokens that users

read and write, with λ controlling the penalty severity. This efficiency measure is bounded

by 1 to maintain balance with other metrics. The second term, RLLM(t), is assigned by

an LLM-based judge [212] on a 0–1 scale, evaluating user-valued objectives such as en-

gagement / interactivity. Notably, additional conversational aspects, such as clarity, can

be further integrated into the objective.
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The conversation-level reward incorporates task-specific and human-centered metrics,

encouraging the model to balance goal achievement, efficiency, and engagement.

2.4.3 2) Forward Sampling: Estimate long-term outcome

To compute Eq. 2.1, we require samples from P (tfj | t1:j), the distribution of forward con-

versation conditioned on the conversation history. A simple approach is to use Monte Carlo

sampling, where the conversation is extended turn-by-turn until it concludes. However, this

can be computationally expensive for computing reward for every model response. For a

scalable approximation, we introduce a window size w as a hyperparameter to limit the

maximum number of forward turns considered in tfj . This reduces the computational cost

while maintaining sufficient context.

More importantly, while real-world conversations could be gathered from human partic-

ipants, sampling multiple forward conversations during training is costly and impractical.

To further reduce cost and ensure scalability, we introduce a user simulator U .

User Simulator:. A user simulator U : T → U is a function that maps a given conver-

sation history t ∈ T to a user response u ∈ U . Specifically, U generates a probabilistic

distribution P (u | t) over possible user responses conditioned on the conversation history

t, simulating realistic user behavior.

Specifically, we prompt an LLM to role-play as users, explicitly asking the LLM to

follow the same language style as the previous user turns, and injecting typical user behav-

iors. The user simulator operates with an implicit goal g, which it seeks to achieve over

the course of the conversation. This design emulates real-world scenarios where users may

have evolving needs, limited background knowledge, or require clarification, resulting in

naturally unfolding multiturn conversations [122].

2.4.4 Online Training: How to optimize with multiturn-aware rewards
With the conversation-level reward function and forward sampling strategy, we can com-

pute MR for any model response without requiring an additional reward model, which is

often costly and slow to train. Unlike traditional single-turn reward approaches, MR ex-

plicitly accounts for the impact of a response on future conversations, promoting long-term
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collaboration.

Further, we employ reinforcement learning (RL) methods such as PPO [140] and DPO [133]

to guide the model in navigating complex conversations. By optimizing for higher MR, the

model learns to generate responses that enhance overall effectiveness and efficiency by the

end of the conversation.

2.4.5 Offline Training: How to generate offline datasets

MR = 3.2 MR = 2.7

Chosen Rejected

SFT data DPO data

ChosenRejected

MR = 1.7 MR = 4.5

…

Figure 2.3: Generating high-quality conversation data with Multiturn-aware Rewards
(MR).

Moreover, MR can generate high-quality synthetic conversations for both supervised

fine-tuning (SFT) and DPO. In Figure 2.3, given a user query, multiple LLM responses

are sampled and ranked based on their MR scores, with higher-ranked responses desig-

nated as Chosen and lower-ranked as Rejected. To simulate natural conversational flow,

the first turn from the chosen response’s forward interaction window is appended to the

prompt for the next turn, iteratively extending the conversation until completion. Solid red

arrows denote data collection for Supervised Fine-Tuning (SFT), while dashed blue arrows

indicate preference data construction for Direct Preference Optimization (DPO). This ap-

proach systematically curates multiturn conversations that enhance both response quality

and collaborative efficiency, both of which are explicitly captured by MR.

Overall, COLLABLLM enables scalable dataset generation and online RL training

without human annotation, making it generalizable across diverse tasks.
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2.4.6 Extended Discussion I: Connections with causal inference

Our approach naturally aligns with causal inference principles, as it aims to quantify how

a model’s response influences the future trajectory of a conversation. This aligns with

the fundamental goal of causal effect estimation, which seeks to isolate the impact of an

intervention—in this case, a model response—on long-term outcomes.
From a causal perspective, given a conversation history thj at turn j, the causal effect of

a model response mj on the final conversation trajectory can be expressed using front-door
adjustment [125, 126]:

∑
R∗(t1:K | g)P (t1:K | thj )P (thj ) =

∑
R∗(t1:K | g)P (t1:K | thj )

= Et1:K∼P (t1:K |thj )
R∗(t1:K | g). (2.5)

This equation captures the expected long-term reward of a conversation conditioned on the

model’s response at turn j. It explicitly accounts for how mj intervenes in the conversation,

influencing future turns and, ultimately, task success.

2.4.7 Extended Discussion II: Distinctions from related multiturn train-
ing frameworks

Existing multiturn trajectory-based training frameworks [47, 142, 217] primarily rely on

learning from observed trajectory-level rewards. These methods estimate the utility of

responses by assigning rewards post hoc to completed conversations, typically training

models to prefer higher-rated conversations over lower-rated ones. However, this approach

is fundamentally observational—it captures statistical associations between responses and

final outcomes, without disentangling how individual responses causally influence future

turns. For example, in MTPO [142], the learning signal remains coarse-grained: rewards

are assigned at the trajectory level, and the influence of specific turns within a conversation

remains confounded and indirect.

In contrast, our Multiturn-aware Reward (MR) framework intervenes on individual

model responses and uses forward simulation to generate alternative future trajectories.

This allows the model to estimate the counterfactual impact of different responses at each
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Example evaluation process

User Simulator

You are tasked with role-

playing as a user.

…

Given information:

<Target problem>

<Current chat history>

User guidelines:

- Minimize Effort: A real-

world user avoids being too 

detailed in your responses…

- Occasionally Make Mistakes:

Real-world users may misspell 

words, or ask unclear 

questions…

- Goal-Oriented: Keep the 

chat focused on your intent.

Avoid small talk or 

digressions.

...

<Output Format w/ CoT>

Target problem:
A point has rectangular coordinates (2,−1,−2)

and spherical coordinates (ρ,θ,ϕ).

Find the rectangular coordinates of the 

point with spherical coordinates (ρ,θ,2ϕ)

Can you explain how I can find the 
rectangular coordinates when I 
have the spherical ones? 

What happens when I double ϕ? 

…

…

Sure I can give you a specific example:
(2,−1,−2). Also, will the new z decreases?

Target problem:
Replace certain values in a DataFrame with a 
dictionary mapping and calculate the 

Pearson correlation coefficient between 
columns. … <Requirements on about data

handling and exceptions>
 

I need to code a function in Python 
that takes a DataFrame and a 
dictionary to replace certain values

Yes, I have pandas installed and I want
the function name to be task_func.

…

…

I also prefer using a 'ValueError' when 
the input isn't a DataFrame.

Target problem:
I need to write an article (less than 500
words) about: Embrace optimism for better 

health and resilience. Share and celebrate 
life's beauty. Connect, grow, and enjoy the 

journey together.

 Can you help me write something 
on how optimism can make you 
feel better?

I'm aiming for an inspirational tone.

…

…

Good start! Can we include more on 
how optimism affects physical health?

Mathematics Problem solvingCoding AssistanceDocument Editing

Figure 2.4: Simulated Multiturn Environment for Evaluation. Our evaluation pipeline sim-
ulates real-world collaborations by prompting a user simulator LLM to emulate diverse
behaviors and personalities in multiturn conversations.

turn, thereby enabling fine-grained optimization. By leveraging causal effect estimation,

MR training moves beyond passive imitation of high-reward conversations and instead ac-

tively selects responses to maximize long-term task success. This interventional approach

provides turn-level credit assignment that is critical in dynamic human-LLM interactions,

where user needs evolve and the consequences of early decisions compound over time.

2.5 Experimental Setup

For fine-tuning and evaluation, we create three multiturn datasets using publicly available

data across diverse domains [33, 55, 222]: collaborative document editing, coding problem

assistance, and multiturn mathematics problem solving.

To build a multiturn environment (Figure 2.4), we employ GPT-4o-mini as a user sim-

ulator LLM to role-play realistic user behaviors, given the target problem and conversation

history. Our simulation-based evaluations are designed to closely mimic real-world inter-

actions [122]. Unlike traditional single-turn tasks, our setup requires dynamic interactions

over multiple turns to achieve a goal. The three interactive datasets are:

MediumDocEdit-Chat: Document editing requires iterative feedback and refinements

across multiple turns to ensure coherence and alignment with user intent. We sample 100

Medium articles as goal documents, which are summarized into target problems to guide

the user simulator. After each interaction, task performance is evaluated using the BLEU
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score, measuring similarity between the extracted document and the original articles.

BigCodeBench-Chat: Coding tasks inherently require multiturn interactions, such as

clarifying requirements and debugging. We sample 600 problems from BigCodeBench [222].

For evaluation, we compute the average Pass Rate (PR) of code at the end of the interac-

tions.

MATH-Chat: Math problem solving often requires addressing implicit assumptions, veri-

fying intermediate steps, and clarifying reasoning. We sample 200 level-5 math problems

from MATH [55] to prompt the user simulator, which interacts with the LLMs. Task suc-

cess is measured by the accuracy (ACC) of the final solution, as evaluated by an LLM

judge.

In addition to the above task-specific metrics, we incorporate two task-agnostic scores

across all datasets: 1) Average Token Count, which quantifies the average number of to-

kens generated by the LLM per conversation, reflecting interaction efficiency. 2) Interac-
tivity (ITR), which evaluates engagement levels using an LLM judge (Claude-3.5-Sonnet),

with scores rescaled to an upper bound of 1.

Table 2.2: Statistics of conversational datasets created from MR. Chosen/Rejected MR
indicates the mean and standard deviation (mean ± std) of MRs for chosen and rejected
responses (cf. Figure 2.3).

# Train # Turns Average # Turns Chosen MR Rejected MR

MediumDocEdit-Chat 500 2,303 4.61 0.312 (±0.104) 0.246 (±0.113)
BigCodeBench-Chat 500 2,627 5.25 0.494 (±0.621) 0.207 (±0.763)

MATH-Chat 500 2,527 5.05 0.863 (±0.524) 0.547 (±0.502)

Fine-tuning COLLABLLMs. COLLABLLMs are based on Llama-3.1-8B-Instruct [103]

with LoRA finetuning [60] on the training splits of our benchmarks (Table 2.2). We train

four model variants: 1) Offline models: SFT and Offline DPO are fine-tuned on pre-

generated multiturn conversational datasets guided by Multiturn-aware Rewards (MR) (cf.

Section 2.4.4). 2) Online models: PPO and Online DPO are further trained from the SFT

and Offline DPO models, respectively. The model during online fine-tuning is involved in

the collaborative simulation to compute MRs, which, in turn, dynamically adjust the model

preference.
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Table 2.3: Evaluation results on our multiturn datasets. Green zone: Baselines; Orange
zone: Variants of COLLABLLMs. Rel. Improv. indicates the relative improvements of
CollabLLMs trained with Online DPO over Proactive Base.

MediumDocEdit-Chat BigCodeBench-Chat MATH-Chat

BLEU ↑ #Tokens(k) ↓ ITR ↑ PR ↑ #Tokens(k) ↓ ITR ↑ ACC ↑ #Tokens(k) ↓ ITR ↑
Base 32.2 2.49 46.0 9.3 1.59 22.0 11.0 3.40 44.0

Proactive Base 35.0 2.18 62.0 11.0 1.51 33.7 12.5 2.90 46.0
SFT 35.2 2.21 68.0 11.7 1.35 42.0 13.5 2.88 58.0
PPO 38.5 2.00 78.0 14.0 1.35 40.7 13.0 2.59 52.0

Offline DPO 36.4 2.15 82.0 12.3 1.35 46.7 15.5 2.40 50.0
Online DPO 36.8 2.00 92.0 13.0 1.31 52.0 16.5 2.37 60.0
Rel. Improv. 5.14% 8.25% 48.3% 18.2% 13.2% 54.3% 32.0% 18.3% 36.4%

Baselines. We compare COLLABLLMs against (1) the pretrained Llama-3.1-8B-Instruct

(Base), (2) the base model with proactive prompt engineering (Proactive Base), which

encourages follow-up and clarification questions.

2.6 Simulated Experiments

2.6.1 Main Results: How effective is CollabLLM under simulation

We present the results in Table 2.3 and the takeaways are:

Prompt engineering is helpful, but limited in terms of performance gains and flexibil-
ity. Proactive Base improves base model performance by encouraging follow-up questions

and clarifications. For example, it increases BLEU on MediumDocEdit-Chat from 32.2%

to 35.0% and reduces read tokens by 0.31k compared to the base model. However, these

gains are modest and do not fully address the challenges of multiturn collaboration. We

observe that prompting strategies remain rigid, relying on predefined instructions rather

than adapting dynamically to user needs. For instance, the model sometimes asks clar-

ification questions even when unnecessary, leading to redundant interactions that disrupt

conversation flow.

COLLABLLM improves task performance, efficiency, and engagement. COLLABLLM

achieves 18.5% superior task-specific performance, 13.3% more efficient conversations,
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Figure 2.5: Selected Ablation Study of Reward Mechanisms on MediumDocEdit-Chat.
This figure compares three immediate reward mechanisms with three MR variants. The re-
sults demonstrate that MR consistently improves task-specific performance (BLEU), con-
versational efficiency (# Tokens), and interactivity (ITR).

and 46.3% enhanced interactivity compared to the best baselines. We highlight that COL-

LABLLM engage in more meaningful collaborations, with ITR shows substantial gains.

For MediumDocEdit-Chat, the Online DPO model increases ITR from 0.46 to 0.92.

Moreover, our framework significantly improves conversational efficiency by minimizing

the content users need to review to arrive at the final solution. For MATH-Chat, Online

DPO decreases token count per conversation by 1.03k compared to the base model.

2.6.2 Ablations: What mechanism makes CollabLLM effective

To investigate how components contribute to COLLABLLM’s superior performance, we

conduct an ablation study focusing on the reward mechanisms used during fine-tuning. We

evaluate the following reward mechanisms:

• Variants of Multiturn-aware Reward: We vary the forward sampling window size

w = 1, 2, 3 to assess their ability to capture long-term conversational effects through

simulated collaborations.

• Immediate Rewards evaluate the model’s immediate response based on: 1) Helpfulness:

Assessed by an LLM judge; 2) Extrinsic Reward: Focuses on task-specific metrics like

BLEU while ignoring intrinsic factors such as efficiency; 3) Extrinsic + Intrinsic Reward:

Combines task-specific metrics with efficiency and interactivity measures. This can be

seen as a special case of the multiturn-aware reward function with w = 0.
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Hi, I need help writing a function that tokenizes a text file using NLTK. 

It should be named `task_func` and take a `file_path` as a parameter. Could you help me with that?

Before we start, make sure you have the NLTK installed. 

You can install it using pip:
pip install nltk

Here's the function that tokenizes a text file:
import nltk

from nltk.tokenize import word_tokenize

from nltk.corpus import stopwords

import string

def task_func(file_path):

    

  # Initialize the NLTK data needed for processing text

  nltk.download('punkt')

  nltk.download('stopwords')

  # Open the file in read mode

  with open(file_path, 'r') as file:

      # Read the content of the file

      text = file.read()

  # Convert the text to lowercase

  text = text.lower()

  # Remove punctuation

  text = text.translate(str.maketrans('', '', string.punctuation))

  # Tokenize the text

  tokens = word_tokenize(text)

  # Remove stopwords

  stop_words = set(stopwords.words('english'))

  tokens = [token for token in tokens if token not in stop_words]

  return tokens

This is a basic example of tokenization. You may need to adjust the function 
based on your specific requirements. 

I'd be happy to help with your function! Could you provide the following:

1. The NLTK library's version you're using (or the version you've installed).
2. The specific NLTK tokenizer you'd like to use (e.g., WordTokenizer, RegexpTokenizer, etc.).
3. Confirm if you want me to the function to handle any potential errors (e.g., file not found, 

incorrect file path, etc.)

Also, I assume I don’t need remove any punctuations in the text. Please let me know otherwise.

Here's a simple implementation of the `task_func` function that uses NLTK's basic word tokenization:

import nltk

from nltk.tokenize import word_tokenize

def task_func(file_path):

    try:

        with open(file_path, 'r') as file:

            text = file.read()

            tokens = word_tokenize(text)

            return tokens

    except FileNotFoundError:

        print(f"Error: The file '{file_path}' was not found.")

        return None

If you're using NLTK for the first time, you might need to run nltk.download('punkt’).
Do you need further assistance on that?

I haven't noticed what version of the NLTK I have, but I installed it recently if that helps.
I would like to use the basic word tokenization. The error handling part doesn‘t have to 
be extensive, maybe just something simple if you have suggestions. Finally, you can
keep the punctuations as they are.

Non-collaborative LLM Ours: CollabLLM

A B

Figure 2.6: Case study on BigCodeBench-Chat. The non-collaborative LLM assumes
user needs, adding unnecessary steps like punctuation and stopword removal. In con-
trast, COLLABLLM clarifies tokenizer preferences, error handling, and package instal-
lation, leading to a solution that precisely aligns with user intent.

We present results in Figure 2.5. Interestingly, expanding the forward sampling win-

dow w within the range generally enhances performance and efficiency by better capturing

future interactions. Notably, MR with w = 2 balances the gains and additional costs to

conduct forward sampling, making it well-suited for large-scale fine-tuning. In contrast,

immediate rewards, even with extrinsic and intrinsic components, fall short as they ignore

long-term impact. These findings validate the positive impact of the forward sampling

strategy in MRs.

2.6.3 Case Study: What does CollabLLM learn

We now offer a deeper insight into COLLABLLM’s behavior as shown in Figure 2.6. In this

example, the user request to tokenize a text file is inherently open-ended due to unspecified

factors, such as the NLTK environment, tokenizer selection, and optional preprocessing
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Figure 2.7: Rewards of response A and B in Figure 2.6 show different preferences.

steps. The base LLM makes several arbitrary assumptions, applying lowercase conversion

and stopword removal without user confirmation. The user simulator later corrects these

assumptions, but the final solution remains incorrect due to missing stopwords. In contrast,

COLLABLLM actively clarifies user intent by seeking confirmation on key decisions, en-

suring an aligned final solution with a 100% Pass Rate. This approach also reduces user

effort with lower token usage.

In Figure 2.7, we compare different reward mechanisms for responses A and B of Fig-

ure 2.6, to confirm that these rewards work as intended. The helpfulness rewards favor

response A due to its seemingly more well-round output. Extrinsic rewards assign zero

scores to both, as A provides an incorrect solution and B defers answering. Extrinsic +

Intrinsic rewards slightly favor B for efficiency and engagement. Interestingly, MR assigns

significantly higher rewards to B, especially at w = 2 and w = 3, since the response obtains

useful information and provide a precise answer within the future interaction window.

2.6.4 Generalization: How does CollabLLM generalize to unseen data

Modern foundation models are expected to generalize across a diverse range of tasks be-

yond their training domain. A key question is whether collaborative behaviors learned

by COLLABLLM during fine-tuning transfer effectively to new tasks without additional

adaptation.
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Action-level Accuracy Macro Metric
Ambiguous Non-Ambiguous Accuracy F1

GPT-4o 15.44% 95.60% 55.52% 56.62%

Llama-3.1-8B-Instruct 16.26% 90.40% 53.33% 53.31%
COLLABLLM 52.84% 72.32% 62.58% 55.08%

Table 2.4: Zero-shot generalization to Abg-CoQA, a conversational QA benchmark for
ambiguity identification. Action-level accuracy measures whether the model asks a ques-
tion for ambiguous inputs and provides a direct answer for non-ambiguous ones.

We assess COLLABLLM, trained with online DPO on BigCodeBench-Chat (the cod-

ing assistance task), on Abg-CoQA [49], a question-answering (QA) benchmark where

questions are labeled as ambiguous or non-ambiguous. We use the following prompt for-

mat for the LLMs to answer the question given a story.

1 Can you help me answer a question about the following story?

2

3 {story}

4

5 My question is: {question}

For example:

1 Can you help me answer a question about the following story?

2
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3 I spent last weekend with my grandma and grandpa. I love them

very much! I always look forward to visiting them! They

always do fun things with me. Last weekend, we went to the

zoo together. I saw a great big elephant. It had a long nose.

My grandpa and I played a game to see who could be the most

like an elephant. We stomped around a lot and made trumpeting

noises. I won! Grandma looked on and laughed. I saw a

monkeys too! The monkeys swung through the trees. They even

made monkey noises! Grandma wanted to take a picture of me

with the monkeys, but I was too busy pretending I was monkey

to stand still. After we left the zoo, I went home. We had

dinner together. Then, my grandma read me a story and tucked

me into bed. I had a great time with my grandparents. I love

them a lot. I always look forward to visiting them.

4

5 My question is: Where did they go when they left?

The label of the above question is ambiguous since the user’s query about “Where did

they go when they left?” could mean “Where did they go when they left the zoo?” or

“Where did the grandparents go when they left me?”.

We categorize the model’s responses into two actions—asking a clarifying question or

providing a direct answer—and evaluate action-level accuracy within each question type.

As shown in Table 2.4, GPT-4o and Llama-3.1-8B-Instruct rarely ask clarifying questions

regardless of ambiguity. In contrast, COLLABLLM asks questions about 50% of the time

while maintaining high accuracy on unambiguous inputs. This behavior leads to the high-

est Macro Accuracy across both ambiguous and non-ambiguous sets and improves Macro

F1 over the base model, while leaving room for further improvement against GPT-4o.

These results suggest that COLLABLLM effectively generalizes its learned collabora-
tive strategies beyond its training domain.
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(a) Document Quality Rating ↑ (b) Interaction Rating ↑ (c) Time Spent (s) ↓ (d) Multiturn Interaction Rating ↑

Figure 2.8: Real-world user study with 201 participants interacting with an anonymized AI
assistant randomly sampled from Base, Proactive Base, and COLLABLLM. Participants
rate (a) document quality and (b) overall interaction experience, with additional assess-
ments (d) every three turns. We also measure (c) user spent time to evaluate efficiency.

2.7 Real-world User Study

2.7.1 Interface: What is our collaboration environment

We conduct a large-scale user study on Amazon Mechanical Turk with 201 participants.

Each participant is assigned a document type, randomly selected from blog post, creative

writing, and personal statement, and then chooses a topic from a predefined set. To reflect

real-world scenarios where users begin with only a rough idea of the task, participants

first answer a few topic-related questions with brief responses. Participants then engage

in at least eight turns of conversation with an anonymized AI assistant, which is either

Base, Proactive Base, or COLLABLLM. During the interaction, participants provide an

interaction rating every three turns. After the conversation, they rate the final document

quality and the overall interaction. All ratings use a 1 to 10 scale. We also record total

interaction duration to assess efficiency. All data collection is anonymized to protect user

privacy.

Interface overview. Figure 2.9 shows the landing page. It summarizes the three-step

task, presents a data collection notice and participation notes, and requires participants to

acknowledge the notices before starting.
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Figure 2.9: Overall interface. Landing page describing the three-step writing task, along
with a data collection notice and an important note that participants must acknowledge
before clicking “Let’s Start the Task.”

Step 1: Select intent. In Step 1 (Figure 2.10), participants select a writing intent from an

intent bank given the assigned document type. The interface displays the selected intent

together with pre-writing questions to guide planning.
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Figure 2.10: Step 1 interface. Participants choose an intent from an intent bank. The right
panel shows the selected intent and a list of pre-writing questions, with a button to proceed
to Step 2.

Step 2: Pre-writing preparation. In Step 2 (Figure 2.11), participants jot down pre-

writing notes by answering the provided questions. They can add new questions or remove

existing ones, and the interface enforces minimum completion requirements.
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Figure 2.11: Step 2 interface. Pre-writing form for the selected intent. Participants answer
planning questions in text fields and can add new questions or remove questions. The
interface instructs participants to answer at least six questions, with each answer longer
than eight words.

Step 3: Multi-turn collaboration. In Step 3 (Figure 2.12), participants converse with

the assistant to create the document. The interface shows the selected intent, provides

interaction guidelines and task requirements, and allows participants to view their pre-

writing notes as a reference.
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Figure 2.12: Step 3 interface. Chat interface for collaborating with the assistant. The view
displays the selected intent, task requirements (at least eight exchanges, periodic evaluation
every three exchanges, and a target document length), and a collapsible panel to review pre-
writing notes.

Periodic and final evaluations. During Step 3, participants complete a periodic evaluation

every three exchanges (Figure 2.13). After finishing the task, they complete a final evalu-

ation that includes free-form feedback and separate ratings for interaction experience and

the final document (Figure 2.14).

Figure 2.13: Multi-turn evaluation view. Periodic evaluation form that participants must
submit to continue the conversation. It provides rating guidelines and a 1–10 slider for the
interaction experience over the most recent three exchanges.
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Figure 2.14: Final evaluation view. Post-task survey with free-form questions, a 1–10
interaction rating slider, a 1–10 final document rating slider, and a submission button to
complete the task.

2.7.2 Results: How effective is CollabLLM in the real world

Quantitative Results (Figure 2.8). Across multiple metrics, COLLABLLM consistently

outperforms the baselines. It achieves an average document quality score of 8.50. Specifi-

cally, 91.4% of participants rate COLLABLLM’s document quality as “good” (score 8–9),

and 56.9% as “very good” (score 9–10), compared to 88.5% and 39.3% for Base (Llama-

3.1-8B-Instruct), respectively. Similarly, 63.8% of participants find COLLABLLM highly
engaging, while only 42.6% report the same for Base.

Interestingly, for multiturn interaction, the Base model shows a declining trend in

ratings from turns 6–9, indicating reduced user experience in longer conversations. In

contrast, both COLLABLLM and Proactive Base exhibit increasing ratings over time, with

COLLABLLM consistently achieving higher average ratings every three turns compared to

Proactive Base. This suggests that COLLABLLM maintains sustained engagement more

effectively.

Moreover, COLLABLLM improves task efficiency, reducing time spent by 10.4% com-

pared to the Base model and by 15.6% relative to Proactive Base. While Proactive Base is
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prompted to maintain conciseness, it frequently asks unnecessary questions, causing lower

efficiency. In contrast, COLLABLLM strikes a more streamlined user experience.

Qualitative Results (Table 2.5). We collected a total of 180 strengths and 180 weaknesses

across the three models. Table 2.5 presents representative feedback, while we summarize

here the models’ strengths and weaknesses: The base model generates coherent content

while effectively following user instructions, but it sometimes struggles with maintaining

context in long texts, and can be overly verbose or repetitive in its responses. Proactive

Base excels in responsiveness and adapting to user input but struggles with memory reten-

tion, and could produce repetitive or overly structured content. On the other hand, COL-

LABLLM is highly engaging, effectively guiding users through writing, adapting seam-

lessly to feedback. However, users also point out that COLLABLLM can occasionally feel

bland, lack up-to-date information, and require additional effort to personalize the output.

Overall, COLLABLLM enhances collaboration by guiding users through an interactive and

iterative refinement process, yet future improvements should focus on increasing person-

alization, creativity, and real-time knowledge integration to further optimize human-LLM

collaboration.

2.7.3 Extended Discussion III: What are the differences and similari-
ties between simulated users and real users

While user simulators were employed exclusively during training due to the large-scale

conversation demands of our Multiturn-aware Reward computation, we provide a compar-

ative analysis to study the divergence between user simulators and real users. In Table 2.6,

we summarize key differences and similarities in communication patterns between real and

simulated users.

Although our models were trained using simulated users, the user study demonstrates

that they generalize effectively to real users. This supports the feasibility of simulator-

based training for scalable optimization, while also revealing opportunities to enhance
the realism and diversity of user simulators.
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Table 2.5: Representative feedback from human participants on strengths and weaknesses
of each model.

Model Strengths Weaknesses
Base “Follows great instruction and does

exactly what I’m asking it to do.”, “It
can create a nice form of an outline
to work with.”

“The AI just agreed with me on
pretty much everything. There was
no discussion”, “I didn’t really like
that it kept coming up with different
options”

Proactive
Base

“It is very organized and it actually
asks you for feedback after writing
the revision.”

“The AI seemed to be very redun-
dant and asked me the same ques-
tions over and over.”

Collab-
LLM

“Asking questions and making you
think of things you never thought
of”, “The AI really helped me with
focusing on one part of the story at a
time.”, “It helped really well to nav-
igate what to say and what informa-
tion is needed”

“The AI assistant was not up to date
enough to help with this recent sport-
ing event. The AI assistant also
asked me to repeat information I had
already given it.”

2.8 Safety Evaluation: Is CollabLLM safe to deploy

As the models in this work are collaboratively trained and designed to be more aligned

with the user’s intent, concerns may arise if a user happens to have malevolent intentions.

However, we note that COLLABLLM models were finetuned from Llama-3.1-8B-Instruct,

which has been aligned for safety—so jailbreaking COLLABLLM still poses a significant

challenge. To determine whether collaborative training weakens the safety features inher-

ent to a model (Llama-3.1-8B-Instruct) that has undergone significant alignment steps for

safety, we performed an adversarial evaluation using the Azure AI Evaluation SDK* and

prompted both the baseline and COLLABLLM with various offensive queries intended to

elicit unsafe responses.

Specifically, we performed the following steps:

*https://learn.microsoft.com/en-us/python/api/overview/azure/
ai-evaluation-readme

https://learn.microsoft.com/en-us/python/api/overview/azure/ai-evaluation-readme
https://learn.microsoft.com/en-us/python/api/overview/azure/ai-evaluation-readme
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Table 2.6: Comparison of key differences and similarities in communication patterns be-
tween simulated and real users.

Differences Similarities

• Real users tend to write shorter, fragmented
sentences and may include grammatical errors,
while simulators produce more complete and
polished responses.

• Real users often change directions mid-
conversation and introduce specific personal
details (e.g., “eight dogs”), while simulated
users are typically more predictable and generic.

• Real users express emotion more bluntly and use
informal language, abbreviations, or incomplete
thoughts, while simulators often respond in a
more neutral and formal tone.

• Both develop content iteratively by
revealing information over multiple
turns rather than specifying every-
thing upfront.

• Both request accessible assistance,
such as simplifications, examples,
and actionable guidance.

• Both state preferences about struc-
ture or style and provide feedback
when expectations are met or un-
met.

• Adversarial query selection: We used the SDK’s AdversarialSimulator to gen-

erate adversarial queries (e.g., queries encouraging the LLM to produce hateful com-

ments). We then used the SDK’s harm evaluators (ViolenceEvaluator,

SexualEvaluator, SelfHarmEvaluator, HateUnfairnessEvaluator) to

categorize each query into one of four harm types: violence, sexual, self-harm, and hate.

For each query, we used the highest score among the four evaluators to determine its

harm category. We randomly selected 20 adversarial queries per harm category, resulting

in a total of 80 queries.

• Response generation: We generated responses to these 80 adversarial queries using both

the Llama-3.1-8B-Instruct baseline model and COLLABLLM.

• Harm scoring: We evaluated each model-generated response using all four harm evalu-

ators to ensure comprehensive assessment.

The main safety results are shown in Table 2.7, which presents the average harm scores
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Table 2.7: Harm scores of responses generated by the two models under adversarial
prompting. Score range is 0-7, with values between 0 and 1 indicating “very low” harm.

Model Harm score (0–7 range, ↓)
Violence Sexual Self-harm Hate

Llama-3.1-8B-Instruct 0.88 0.96 0.89 1.01
COLLABLLM 0.95 0.94 1.00 0.99

across the four categories. Although all queries were adversarial and received high harm

scores (typically between 4 and 7 on a 0–7 scale), both the Llama-3.1-8B-Instruct baseline

and COLLABLLM produced responses that were, on average, very safe. Most scores are

in the 0–1 range, which corresponds to “very low” harm. COLLABLLM shows slightly

lower harm in the Sexual and Hate categories and slightly higher harm in the other two.

In terms of defect rate, COLLABLLM produced only one response deemed unsafe by the

SDK (out of 80 queries × 4 categories = 320 evaluations), resulting in a pass rate of 99.7%.

Coincidentally, this is the same pass rate as Llama-3.1-8B-Instruct, which also had one

failed evaluation.

Overall, these results are encouraging. They suggest that COLLABLLM’s training did

not degrade the safety capabilities of the original LLM, even though no additional safety

alignment was performed during COLLABLLM’s training.

2.9 Extended Direction: Improving User Simulators

As we see from the framework, COLLABLLM relies on interaction data and multi-turn

rollouts to shape agent behavior. The multi-turn rollouts are expensive and slow to collect

with real users, and it is often infeasible to run enough iterations to train policies with these

limited dataset. Therefore, a workaround in COLLABLLM is to use an LLM-prompted user

simulator, where an LLM is instructed to play the role of a user and respond to the agent

across multiple turns. This setup is promising because it is feasible, scalable, and easy to

control.
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Figure 2.15: User simulators as a feedback loop for collaborative training and evalu-
ation. Given a current context or conversation, the model produces an action or response.
A user simulator then generates user reactions and provides feedback signals that score the
interaction. The data generated from this loop is used to update or evaluate the model.

2.9.1 Motivation: Why better user simulators matter

However, we found limitations of LLM-prompted simulators. For example, they often

respond in a way that is cooperative, but not representative of how real users behave. A

simulator may accept vague answers, fail to enforce its own constraints consistently, or

provide information that a real user would not know. When this happens, collaborative

training can optimize for behavior that looks good under simulation but does not transfer

well to deployment. This makes simulator quality a central issue for both training and

evaluation.

More specifically, a collaborative agent is trained to perform well over a conversation,

not only to produce a good single response. This means the training signal depends on

how the user reacts across turns. If a simulator reacts differently from real users, then the

agent is effectively trained against the wrong environment. In particular, an overly helpful

simulator can hide important failure modes. It may reward an agent that makes unchecked

assumptions, ignores constraints, or skips clarification, simply because the simulator still
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provides a cooperative next turn. The resulting agent may appear strong in simulated roll-

outs, yet frustrate real users who correct the agent, reject generic answers, or stop the

interaction early.

Better simulators reduce this mismatch by reflecting the factors that drive user reac-

tions beyond surface wording. In real interactions, users have relatively stable preferences,

stances, and habits for how they communicate. These factors influence whether a user ac-

cepts a suggestion, challenges it, becomes dissatisfied, or provides additional constraints.

If a simulator preserves these factors across turns, then collaborative training can reward

behaviors that matter in deployment, such as asking targeted questions, maintaining con-

straints consistently, and adapting when the user disagrees.

2.9.2 Challenges: Why user simulation is difficult

Improving simulators is non-trivial because realistic user behavior is hard to specify and

hard to measure [178].

Non-determinism. Even the same user may respond differently to the same situation, using

different wording or different levels of detail. This makes it a poor goal to reproduce the

exact ground-truth response. For collaborative training, what matters more is whether the

simulator reacts in a way that is consistent with the user’s underlying intent and constraints.

Multiple drivers of behavior. A single response can reflect several factors at once, such as

a preference, a stance, and a communication habit. An LLM-prompted simulator can match

one factor while drifting on another. For example, it may keep the tone consistent but stop

enforcing the original constraint, which changes the training signal the agent receives.

Feedback-loop effects. In multi-turn training, the agent’s behavior changes what the sim-

ulator will say next. This means simulator errors can compound. If the simulator tolerates

mistakes that real users would push back on, the agent never learns to recover. Conversely,

if the simulator overreacts to small mistakes, the agent may learn overly cautious behaviors

that reduce helpfulness.



CHAPTER 2. FROM PASSIVE RESPONDERS TO ACTIVE COLLABORATORS 44

2.9.3 Realistic Simulation for Collaborative Training and Evaluation:
What are the promising approaches?

To make simulators more useful for collaborative training, we aim to make simulated inter-

actions resemble deployment interactions in the aspects that matter for learning and evalu-

ation. Below we list concrete directions and explain how each one connects to training and

evaluation.

Constraint-consistent simulation. A simulator should enforce its own stated constraints

across turns. Practically, this means tracking what the user has said (preferences, require-

ments, refusals) and responding in a way that remains relatively consistent. For collabo-

rative training, this creates a clearer reward for behaviors like clarification and constraint

tracking. For evaluation, it allows stress-testing whether an agent can maintain constraints

over long conversations.

State-aware simulation. Instead of prompting a simulator to imitate surface style, we

can prompt or train it to preserve high-level user states that drive behavior, such as stance,

preference, and communication approach. The simulator then generates a response that

is consistent with these states even if the wording varies. For collaborative training, this

provides a more stable target and reduces overfitting to phrasing. For evaluation, it supports

metrics that test whether an agent preserves the user’s intent and avoids unwanted shifts in

stance or preference.

Calibration with real interactions. Even a carefully designed simulator can drift from real

user behavior. A practical approach is to periodically compare simulator trajectories against

a small set of real user interactions and adjust prompts, state definitions, or training data

accordingly. For collaborative training, this reduces the train-deploy gap. For evaluation, it

increases confidence that benchmark performance reflects real-world performance.

Overall, user simulation is not just a convenience for scaling experiments. It directly

shapes what collaborative training methods learn and how we evaluate them. Improving

simulators therefore strengthens both sides of the loop: it provides more reliable training

signals for methods like COLLABLLM, and it enables evaluation settings that better predict

how agents will behave with real users.
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2.10 Conclusion

Multiturn human-LLM collaboration is increasingly common in real world applications,

from drafting and editing documents to planning workflows and supporting complex anal-

ysis. In these settings, foundation models should act as collaborators rather than passive

responders. They should help clarify intent, surface missing constraints, and adapt over the

course of an interaction, especially when the task is open ended. Yet current LLMs often

fall short: they may make early assumptions, fail to ask useful questions, or optimize for a

locally good response that harms the conversation later.

A central takeaway of this work is that enabling collaboration does not always require

massive changes to the model or the interface. It requires a better objective and a longer lens

for evaluation. The key insight of COLLABLLM is to make LLMs more multiturn aware

by optimizing for long term outcomes, using forward sampling to estimate the downstream

impact of candidate responses. Through extensive simulated and real world evaluations,

we show that COLLABLLM consistently improves collaborative performance over non

collaboratively trained baselines. More importantly, users report interactions that feel more

efficient, engaging, and reliable.

Looking forward, the applications of collaborative AI are broad. Beyond assisting with

everyday tasks, collaborative agents can support higher stakes and higher complexity work,

including scientific and technical problem solving where progress depends on iterative ex-

ploration and careful coordination. Ultimately, our goal is to democratize collaborative

AI so that effective human-AI collaboration is accessible to anyone building AI powered

solutions.
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Chapter 3

Benchmarking Agents in Solving User
Queries
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Figure 3.1: STARK evaluates user-centered reasoning for agents by benchmarking retrieval
on Semi-structured Knowledge Bases (SKBs). Because users naturally express queries over
heterogeneous knowledge that blend textual descriptions and structured relationships, the
benchmark assesses whether agents can accurately interpret these holistic user needs and
retrieve correct answers. It consists of synthesized queries simulating realistic interactions
and human-generated queries, with node entities as ground-truth answers.
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3.1 Introduction

Collaborative agents must understand and respond to complex user queries to effectively

assist users in achieving their goals. A core capability for collaboration is user-centered

reasoning: accurately interpreting what users are asking for, understanding their intent

across multiple constraints, and providing assistance that directly addresses their needs.

Complex user queries require reasoning over heterogeneous knowledge. When users

collaborate with agents, they naturally express complex information needs through natural

language queries [56, 69, 79]. These queries are reasoning-intensive because they require

agents to understand and combine constraints from heterogeneous knowledge sources. By

heterogeneous knowledge, we mean information stored in different representations: un-

structured text (descriptions, reviews, documents) and structured relationships (categories,

citations, gene-protein associations). Users express their needs holistically, referring to

both types of knowledge simultaneously, because they think about their goals as a whole

rather than in terms of how information is stored or queried.

Consider two representative examples. A parent shopping for a tricycle asks: “Can

you help me find a push-along tricycle from Radio Flyer that’s both fun and safe for my

kid?” This query blends a structured constraint (brand = “Radio Flyer”) with textual re-

quirements (“fun and safe”). A medical researcher investigating a disease queries: “What

disease is associated with the PNPLA8 gene and presents with hypotonia as a symptom?”

This query combines structured relationships (gene-disease associations) with textual de-

scriptions (symptom presentations). In both cases, users merge together requirements from

heterogeneous knowledge in a single natural language query, because this is how they nat-

urally express their information needs.

Why retrieval on semi-structured knowledge is critical for collaboration. This pat-

tern is pervasive across domains where collaborative agents operate. In customer support,

users describe their problem (textual) while referencing specific products or account de-

tails (structured). In academic search, researchers combine topic descriptions (textual)

with author affiliations or citation relationships (structured). In travel planning, users spec-

ify destination preferences (textual) alongside budget constraints and date requirements

(structured). Because users naturally blend these information types when collaborating
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with agents, effective retrieval for collaboration requires reasoning across heterogeneous

knowledge representations. These queries over heterogeneous knowledge create a funda-

mental retrieval challenge for collaborative agents: accurately finding relevant items re-

quires reasoning across both textual and relational information simultaneously. To suc-

cessfully retrieve information for users, the agent must: (1) understand the user’s query

and identify what information types are needed, (2) search across both textual descriptions

and structured relationships to avoid missing relevant items, (3) filter results by applying

all user constraints precisely, and (4) return answers the user can verify and act upon. This

retrieval process demands user-centered reasoning: understanding not just what the user

said, but what information they actually need and how to find it.

In these user queries, knowledge must be represented in formats that capture both the

richness of natural language and the precision of structured data. Semi-structured knowl-

edge bases (SKBs) [114, 137, 166] provide this representation by integrating textual de-

scriptions (e.g., “fun and safe” features) with structured relationships (e.g., brand affili-

ations, gene-disease associations). SKBs are ubiquitous in domains where collaborative

agents operate: e-commerce platforms maintain product catalogs with descriptions and

brand relationships [53], academic databases store papers with abstracts and citation net-

works [166], and medical knowledge bases combine disease descriptions with gene-protein

associations [15, 61, 75]. Retrieval on SKBs is therefore essential for collaborative agents

to serve users effectively in these real-world domains.

The gap: Retrieval benchmarks don’t evaluate reasoning over heterogeneous knowl-
edge. Despite the importance of retrieval on SKBs for collaboration, current research has

not adequately evaluated whether systems can perform user-centered retrieval across het-

erogeneous knowledge. Prior benchmarks focused on either purely textual queries over

unstructured documents [40, 51, 68, 76, 78, 90, 187, 189], structured SQL queries over

databases [198, 214], or graph queries over knowledge graphs [5, 8, 13, 46, 54, 153, 156,

195, 196]. Each benchmark evaluates retrieval on only one type of knowledge representa-

tion and cannot assess whether systems can handle the queries over heterogeneous knowl-

edge that users naturally express during collaboration. Moreover, existing retrieval bench-

marks focus on general knowledge from sources like Wikipedia, while collaborative agents
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Table 3.1: Example queries from STARK showing how users naturally express multi-
source information needs during collaboration. Users holistically combine textual de-
scriptions (“durable,” “non-Markovian dynamics”) with relational constraints (“Dart World
brand,” “by Hao-Sheng Zeng”) in a single query, requiring agents to perform user-centered
reasoning across heterogeneous knowledge to retrieve accurate answers.

Example query Title of ground-truth items(s)

STARK-AMAZON

Looking for durable Dart World brand dart flights that <Amazon Standard Flights>
resist easy tearing. Any recommendations? <Dart World Broken Glass Flight> (+12 more)

What are recommended scuba diving weights for experienced divers <Sea Pearls Vinyl Coated Lace Thru Weight>
that would fit well with my Gorilla PRO XL waterproof bag?

STARK-MAG

Search publications by Hao-Sheng Zeng on non-Markovian dynamics. <Distribution of non-Markovian intervals...>
<Comparison between non-Markovian...>

What are some nanofluid heat transfer research papers published by <A Numerical Study on Convection Around A
scholars from Philadelphia University? Suqare Cylinder using AL2O3-H2O Nanofluid>

STARK-PRIME

Could you provide a list of investigational drugs that <(S)-3-phenyllactic Acid>,
interact with genes or proteins active in the epididymal region? <Anisomycin>, <Puromycin>

Search for diseases without known treatments and induce <Intrahepatic Cholestasis>
pruritus in pregnant women, potentially associated with Autoimmune.

Please find pathways involving the POLR3D gene within nucleoplasm. <RNA Polymerase III Chain Elongation>

Which gene or protein associated with lichen amyloidosis can <OSMR>, <IL31RA>

bind interleukin-31 to activate the PI3K/AKT and MAPK pathways?

typically operate on domain-specific knowledge bases (products, papers, medical informa-

tion).

Collaborative agents are mostly powered by large language models (LLMs), which have

shown promise on retrieval tasks [51, 92, 146, 219]. However, it remains unclear whether

LLM-based agents can perform accurate retrieval on SKBs where queries require simulta-

neously searching across textual descriptions and structured relationships. This creates a

critical gap: we lack benchmarks to evaluate whether current retrieval systems, including

LLM-based collaborative agents, can handle queries over heterogeneous knowledge in the

domain-specific settings where users collaborate with agents in real-world scenarios.

Challenge: Benchmarking retrieval on semi-structured knowledge. To enable progress

on collaborative agents, we need retrieval benchmarks that evaluate whether systems can

accurately find information when users express queries over heterogeneous knowledge on

SKBs. Such benchmarks must assess whether retrieval systems can interpret user intent

and return correct answers when queries combine constraints across textual and relational
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knowledge (Table 3.1). However, building retrieval benchmarks for SKBs presents signifi-

cant technical challenges.

First, user queries on SKBs exhibit complex interdependencies between textual and

relational information. A query like “investigational drugs that interact with genes active in

the epididymal region” requires understanding both the textual property (“investigational”)

and the relational constraint (gene activity location), then finding entities that satisfy both

simultaneously. This interdependence makes it difficult to construct precise ground-truth

answers from millions of candidate entities.

Second, to evaluate user-centered reasoning, queries must resemble real-world scenar-

ios where users interact with collaborative systems. Queries should be natural-sounding,

reflect diverse user intents, and require context-specific reasoning, such as inferring im-

plicit user interests or understanding domain-specific terminology. Generating such realis-

tic queries at scale while ensuring quality and coverage is challenging.

Present work: STARK. To address this gap, we present STARK, a large-scale Semi-

structured Textual and Relational Knowledge retrieval benchmark (Figure 3.1). STARK

enables systematic evaluation of whether retrieval systems can accurately find informa-

tion when users express queries over heterogeneous knowledge during collaboration with

agents. By benchmarking retrieval on SKBs, we assess whether systems can interpret the

holistic information needs users naturally express and return correct answers.

The key technical challenge we solve is constructing a large-scale retrieval benchmark

with realistic user queries over heterogeneous knowledge on SKBs. We develop a novel

pipeline that addresses the interdependence of textual and relational information, enabling

us to generate natural queries and construct precise ground-truth answers from millions

of candidate entities. Our pipeline produces queries that require retrieval systems to un-

derstand multiple constraints simultaneously, infer implicit user context, and reason about

domain-specific relationships. We validate query quality through detailed analysis and hu-

man evaluation on naturalness, diversity, and practicality.

We build three SKBs from extensive texts and millions of entity relations from pub-

lic sources, covering diverse domains where collaborative agents operate: e-commerce

(product recommendation), academic research (paper search), and healthcare (precision

medicine). Furthermore, we incorporate 274 human-generated queries to enrich the testing
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scenarios, ensuring our benchmark reflects authentic user needs during collaboration.

Key features of STARK as a retrieval benchmark for collaborative agents:

• Natural queries over heterogeneous knowledge (Table 3.1): Queries incorporate both

textual properties and relational constraints, mirroring how users naturally express in-

formation needs when collaborating with agents. Queries use flexible formats and often

include additional context, such as “I had a dozen 2.5-inch Brybelly air hockey pucks, so

I’m trying to find matching strikers,” reflecting how users provide background informa-

tion during collaboration.

• Retrieval requiring reasoning over heterogeneous knowledge: To return correct an-

swers, retrieval systems must simultaneously search across textual descriptions and struc-

tured relationships, then filter results using all user constraints. Queries require inferring

implicit user interests (e.g., complementary products), understanding specialized termi-

nology (e.g., domain-specific descriptions), and reasoning about multi-hop relationships.

For example, retrieving complementary products requires understanding the user’s stated

context and implicit purchase intent.

• Large-scale domain-specific SKBs: Our benchmark includes three knowledge bases*

from domains where collaborative agents operate: e-commerce (product catalogs), aca-

demic research (paper databases), and healthcare (medical knowledge). Each SKB con-

tains millions of entities and relations, providing realistic evaluation of retrieval at scale

across diverse domains and user needs.

We conduct extensive experiments evaluating retrieval systems on STARK, including LLM-

based approaches, revealing significant challenges in multi-source retrieval. Our experi-

ments highlight performance gaps when retrieving from large-scale SKBs with millions

of entities, and we analyze where current systems fail to accurately find information for

user queries. Finally, we offer insights into building more capable retrieval systems for

collaborative agents in real-world settings.

*Demos of SKBs at https://stark.stanford.edu/skb_explorer.html

https://stark.stanford.edu/skb_explorer.html
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3.2 Related Benchmarks

Understanding user queries is central to building effective collaborative agents. As dis-

cussed in the introduction, users naturally express complex information needs that refer-

ence multiple types of knowledge. Existing QA datasets have approached this challenge

from different angles, each capturing some aspects of user queries but falling short of the

full complexity users express during collaboration.

Benchmarks for user queries on unstructured knowledge. Early QA datasets focused on

user queries that could be answered from unstructured text [40, 76, 85, 113, 135, 160, 174,

188]. While these benchmarks capture how users ask questions about textual content, they

do not reflect user queries that reference structured attributes and relationships in addition

to textual descriptions. STARK evaluates whether systems can interpret user queries that

naturally combine both aspects, reflecting how users holistically express their needs during

collaboration.

Benchmarks for user queries on structured knowledge. Another line of work focuses

on user queries over structured knowledge, such as knowledge graphs [10, 11, 13, 46, 54,

156, 196] or databases [198, 214]. These benchmarks capture the structured aspects of

user queries but restrict systems to predefined entities and relationships, ignoring the rich

textual descriptions users naturally include when asking questions. STARK addresses this

gap by evaluating user-centered reasoning on queries that combine structured constraints

(e.g., specific brands, author names) with textual requirements (e.g., quality descriptions,

topic interests), as users naturally express them.

Benchmarks for user queries on semi-structured knowledge. A smaller set of datasets

attempts to capture user queries that span both textual and structured information [25, 26,

70, 123]. However, these datasets primarily use tables as structured frameworks, which lim-

its the types of relationships they can represent compared to the rich entity networks users

encounter in real collaborative settings (e.g., e-commerce product catalogs, academic cita-

tion networks, biomedical knowledge graphs). STARK advances beyond these approaches

by evaluating user-centered reasoning on semi-structured knowledge bases that integrate

textual descriptions with flexible relational structures, reflecting the complexity of real user



CHAPTER 3. BENCHMARKING AGENTS IN SOLVING USER QUERIES 54

queries during collaboration.

3.3 Formulation: Answering queries over heterogeneous

knowledge

To evaluate collaborative agents on user-centered reasoning, we formalize retrieval on

semi-structured knowledge bases (SKBs) that capture heterogeneous knowledge. A Semi-

Structured Knowledge Base (SKB) consists of a knowledge graph G and a collection of

free text documents D. Formally, let G = (V,E) be the knowledge graph, where V is

the set of nodes and E ⊆ V × V is the set of edges representing relationships between

nodes. D =
⋃

i∈V Di be the collection of free-form text documents associated with the

nodes, where Di is the set of documents associated with node i. For example, the product

knowledge graph in e-commerce can capture relationships between products and brand-

s/colors/categories, and the corresponding text documents include product descriptions,

reviews, etc.

We define the retrieval tasks on our benchmark datasets as follows: Given the knowl-

edge graph G = (V,E), a collection of free text documents D, and a user query Q, the

output is a set of nodes A ⊆ V such that for each node i ∈ A, it satisfies the relational re-

quirements imposed by the structure of G as specified in Q, and the associated documents

Di satisfy the textual requirements specified in Q. This formulation captures how users

naturally express queries over heterogeneous knowledge during collaboration with agents.
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Figure 3.2: Demonstration of Semi-structured Knowledge Bases, where each knowledge
base combines both textual and relational information in a complex way, making the re-
trieval tasks challenging.

3.4 STARK: A Benchmark for User-centered Reasoning

over Semi-structured Knowledge

3.4.1 Semi-structured Knowledge Bases (SKBs)

To evaluate retrieval for collaborative agents in real-world domains, we construct three

large-scale SKBs that represent heterogeneous knowledge where collaborative agents oper-

ate: e-commerce, academic research, and healthcare. In Figure 3.2, each SKB combines re-

lational and textual information for entities, mirroring the knowledge representations agents

must navigate when assisting users. See Table 3.2 for the data statistics.

Amazon Semi-structured Knowledge Base. The SKB features four entity types: product,

brand, color, and category, and five relation types: also bought, also viewed
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Table 3.2: Data statistics of our constructed semi-structured knowledge bases.

#entity #relation avg. #entities #relations #tokenstypes types degree

STARK-AMAZON 4 5 18.2 1,035,542 9,443,802 592,067,882
STARK-MAG 4 4 43.5 1,872,968 39,802,116 212,602,571
STARK-PRIME 10 18 125.2 129,375 8,100,498 31,844,769

between product entities, and has brand/color/category associated with the prod-

ucts. We derive the textual information of product nodes by combining Amazon Prod-

uct Reviews [53] with Amazon Q&A Data [109], providing rich texts including product

descriptions and customer reviews. For other entities, we extract their names or titles as

textual attributes. In total, Amazon SKB comprises around 1.0M entities (product: 0.9M,

brand: 0.1M, category: 1.4k, color: 1.7k) and 9.4M relations (also bought: 2.8M,

also viewed: 1.9M, has brand: 1.7M, has category: 2.3M, has color: 0.6M),

featuring extensive textual data from customer reviews and Q&A.

MAG Semi-structured Knowledge Base. This SKB includes node entities of paper,

author, institute, and field of study. We derive its relational structure by

extracting a subgraph from obgn-mag [61], which contains shared paper nodes with obgn-

papers100M [? ] and all non-paper nodes. We filter out non-English language papers as we

only consider single-lingual queries. The paper documents include their titles and abstracts.

Additionally, we integrate details from the Microsoft Academic Graph database (version

2019-03-22) [152, 166], providing extra textual information like paper venue, author and

institution names. MAG SKB contains around 1.9M entities (author: 1.1M, paper:

0.7M, institution: 8.7K, field: 59.5k) and 39.8M relations (author writes:

13.5M, paper has field: 14.5M, cites: 9.7M, affiliated: 2.0M), demonstrat-

ing a large number of relations associated with paper nodes, especially citation and au-

thorship relations.

Prime Semi-structured Knowledge Base. We leverage the existing knowledge graph

PrimeKG [15] which contains ten entity types including disease, gene/protein,

and eighteen relation types, such as associated with, indication. Compared to
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the Amazon and MAG SKBs, Prime SKB is denser and features a greater variety of relation

types. While PrimeKG provides text information on disease and drug entities, we inte-

grate data from multiple databases for gene/protein and pathway entities such as ge-

nomic position, gene activity summary and pathway orthologous events. Prime SKB con-

tains approximately 129.3K entities (disease: 17K, gene: 27.7K, mol func: 11.2K,

drug: 8K, pathway: 2.5K, anatomy: 14K, phenotype: 15.3K, bio process:

28.6K, cell comp: 4.2K, exposure: 0.8K) and around 8.1M relations.

3.4.2 User-centered Queries on Semi-structured Knowledge Bases

To evaluate whether retrieval systems can perform user-centered reasoning when users ex-

press queries over heterogeneous knowledge, our benchmark (Table 3.3) consists of three

novel retrieval-based question-answering datasets, each comprising synthesized train/val/test

sets with 9k to 14k queries in total and a high-quality human-generated query set. The

queries blend relational and textual constraints as users naturally do during collaboration,

with natural-sounding expressions and flexible formats that reflect real-world collaborative

scenarios.

STARK-AMAZON. The task aims at product recommendation, with 68% of synthe-

sized queries yielding multiple ground truth answers. The dataset prioritizes customer-

oriented criteria, highlighting textual elements such as product quality, functionality, and

style. It incorporates single-hop relational aspects using templates: brand→product,

product→product, color→product, and category→product. These basic tem-

plates combine to form complex relational requirements, such as color→product←brand

representing queries about products of a specific brand in a specific color.

STARK-MAG. Beyond the single-hop requirements in STARK-AMAZON, STARK-MAG

targets academic paper search where users specify both textual and multi-hop relational

constraints. We design seven relational query templates.

• Single-hop templates include (i) author → paper for “Can you list the papers au-

thored by <author>?”, (ii) paper → paper for “Which papers have been cited by

<paper>?”, and (iii) field of study → paper for “Can you provide papers in

<field of study>?”
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• Multi-hop templates include (i) inst → author → paper for “Papers published

by researchers from <institution>?”, (ii) paper → author → paper for “Papers

published by coauthors of <paper>?”, (iii) paper → author → paper ← field

for “Papers sharing a coauthor with <paper> in the same field”, and (iv) inst →

author → paper ← field for “Papers from <institution> in <field>?”

The textual constraints focus on the paper’s topic, methodology, and contribution, etc.

STARK-PRIME. The task is to answer complex biomedicine inquiries. For synthesized

queries, we developed 28 multi-hop query templates to cover various relation types and

ensure their practical relevance. These templates range from 2-hop patterns like (drug

→ gene/protein → drug) for “What drug has common gene/protein carrier with

<drug>?” to complex 3-hop patterns like (anatomy → gene/protein → drug)

for “What is the drug that targets genes or proteins expressed in <anatomy>?” which

aids precision medicine by identifying treatments targeted to specific anatomical areas.

Templates also include negation patterns like (effect/phenotype → [phenotype

absent] → disease ← [!indication] ← drug) for “Find diseases with zero

indication drug and are associated with <effect/phenotype>” and conjunction patterns

that combine multiple relational paths. For drug, disease, gene/protein, and

pathway entities, the queries are a hybrid of relational and textual requirements. For

entities such as effect/phenotype, the queries rely solely on relational data due to

limited textual information. We exhibit three distinct user roles (medical scientist, doctor,

and patient) for generating queries about drug and disease, which diversify the language to

comprehensively evaluate the retrieval systems.

3.4.3 Constructing Synthesized Queries

To generate realistic queries that mirror how users naturally express information needs over

heterogeneous knowledge during collaboration, we present a novel pipeline (Figure 3.3)

that synthesizes queries and automatically generates ground truth answers. The key chal-

lenge is that user queries naturally entangle relational and textual information, requiring

our pipeline to capture this interdependence during synthesis and then disentangle them

during answer filtering. The pipeline involves four steps as follows:
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Table 3.3: Statistics on the STARK benchmark datasets.

#queries #queries w/ average train / val / testmultiple answers #answers

Synthesized
(Sec 3.4.3, 3.4.4)

STARK-AMAZON 9,100 7,082 17.99 0.65 / 0.17 / 0.18
STARK-MAG 13,323 6,872 2.78 0.60 / 0.20 / 0.20
STARK-PRIME 11,204 4,188 2.56 0.55 / 0.20 / 0.25

Human-generated
(Sec 3.4.5)

STARK-AMAZON 81 64 19.50
For testing onlySTARK-MAG 84 34 3.26

STARK-PRIME 98 41 2.77

Instantiate

Semi-structured
Knowledge Base

Relation template

Check satisfaction

e.g., “Belongs to Radio Flyer”

② Textual properties

Products

①
Relational
information

Filtering nodes
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④ Ground truth nodes

③ Query

Gold node Filtered node

“Can you help me find a push-along 
tricycle from Radio Flyer that’s both 

fun and safe for my kid?””

1) “push-along tricycle” (Source from Description)
2) “fun and safe for kids” (Source from Review: “My 

son loves it and still rides it at 3!... Very safe as long
as the big kids don't ride it and scrape their knees…”)

<Tricycle #1>, < Tricycle #2>

Radio Flyer Products

Other nodes

…

Figure 3.3: The construction pipeline to generate our semi-structured retrieval datasets.

• 1) Sample Relational Requirements: For each query, we sample a practical relation

template constructed with expert/domain knowledge, e.g., “(a product) belongs

to <brand>” and ground it with sampled entities (i.e., a specific brand), e.g., “be-

longs to Radio Flyer”. This relational requirement yields a set of candidate entities, i.e.,

products belonging to Radio Flyer. We construct relational templates that reflect real-

istic user queries. For example, Amazon templates include “(brand → product)”

for queries like “Can you list the products made by <brand>?” and “(product →

product)” for “Which products are similar to <product>?” MAG templates include

multi-hop patterns like “(institution → author → paper)” for “What papers

have been published by researchers from <institution>?” Prime templates include com-

plex medical queries like “(anatomy → gene/protein → drug)” for “What is
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Figure 3.4: Distribution of query and answer lengths on STARK datasets.

the drug that targets the genes or proteins expressed in <anatomy>?” which aids preci-

sion medicine inquiries.

• 2) Extracting Textual Properties: We randomly sample a candidate entity from the

first step, referred to as the gold answer, from which LLMs extract properties that align

with the interests of specific roles (e.g., customers, researchers, or doctors) in its textual

document. In Figure 3.3, we extract multiple properties about the functionality and user

experience from a Radio Flyer product.

• 3) Combining Textual and Relational Information: We use two LLMs to synthesize

queries from textual properties and relational requirements, enhancing diversity and re-

ducing bias arising from relying on a single LLM. The first LLM focuses on generating

natural, role-specific, and style-consistent (e.g., ArXiv searches) queries. The second

LLM enriches the context and rephrases queries, which poses the need for advanced

reasoning to comprehend them under complex contexts.

• 4) Filtering Additional Answers: Finally, we employ multiple LLMs to verify if the

candidates from the first step meet the extracted textual properties. Only candidates

passing all LLM verifications are included in the final ground truth set. To assess the

precision of this filtering mechanism, we compute the average ratios for the gold answers

to be verified, which are 86.6%, 98.9%, and 92.3% on the three datasets, highlighting our

efficacy in yielding high-quality ground truth answers.

This dataset construction pipeline is automatic, efficient, and broadly applicable to the

SKBs in our formulation.
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Figure 3.5: Query diversity measurement.

Shannon Entropy Type-Token Ratio

STARK-AMAZON 10.39 0.179
STARK-MAG 10.25 0.180
STARK-PRIME 9.63 0.143

Reference article 10.44 0.261

Figure 3.6: Average relative composition
of relational vs. textual information.

Textual Information Relational Information

STARK-AMAZON

STARK-MAG
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3.4.4 Analysis: Distribution and human evaluation on synthesized data

To validate that our benchmark captures realistic user queries over heterogeneous knowl-

edge, we analyze the synthesized query distributions and conduct human evaluation on

query quality.

• Query and Answer Length. Query length (in words) reflects the amount of user-

provided context information, while the number of answers indicates query ambigui-

ty/concreteness. Figure 3.4 shows similar query length distributions across the datasets,

with most queries around 16 words. Longer queries (up to 50 words) often mention other

entities or provide detailed context. Notably, STARK-AMAZON has a significant long-

tail pattern, with about 22% of the answers have more than 30 entities, reflecting diverse

e-commerce recommendations and ambiguous user queries.

• Query Diversity. A diverse set of queries poses challenges for broader applicability to

meet varying user demands. We measure query diversity using two metrics. Shannon

Entropy [143] quantifies uncertainty in word distribution:

H(X) = −
n∑

i=1

p(xi) log p(xi),

where p(xi) is the probability of word xi. Type-Token Ratio (TTR) [159] measures lexi-

cal diversity: TTR = V/N , where V is unique words and N is total words. Higher values

indicate greater lexical diversity. Table 3.5 shows high Shannon Entropy and steady TTR
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Table 3.4: Positive/Non-negative rates (%) from human evaluation.

Naturalness Diversity Practicality

STARK-AMAZON 73.6 / 89.5 68.4 / 89.5 89.5 / 94.7
STARK-MAG 94.7 / 100 73.7 / 84.2 68.4 / 84.2
STARK-PRIME 67.8 / 92.8 71.4 / 82.1 71.4 / 89.3

Average 78.7 / 94.1 71.0 / 85.3 76.4 / 89.4

across all datasets. For reference, we compute these metrics for the Wikipedia page of

Barack Obama†.

• Proportionality of Relational vs. Textual Information. Our benchmark queries feature

the composition of textual and relational information. To understand the distribution of

information types, we calculate the average ratio of relational to textual requirements by

word count in the queries across each dataset. Note that the ratios do not directly reflect

their importance in determining final answers. Figure 3.6 shows varying ratios, which

highlights different emphases on textual versus relational requirements and challenges

retrieval systems to adapt to different distributions.

Human evaluation. We qualitatively assess sampled queries from our benchmark for nat-

uralness (resembling natural conversation), diversity (covering various question structures

and complexities), and practicality (relevance to real-world situations) with 63 participants.

Evaluation results, converted from a 5-point Likert-like scale to a positive/tie/negative

scale, show positive and non-negative rates in Table 3.4. On average, 94.1%, 85.3%, and

89.4% of participants rated the queries neutral or above in naturalness, diversity, and prac-

ticality, respectively. These results validate the quality of our benchmark and its potential

for diverse and realistic retrieval tasks.
†https://en.wikipedia.org/wiki/Barack_Obama

https://en.wikipedia.org/wiki/Barack_Obama
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3.4.5 Constructing Human-Generated Queries

To ensure our benchmark reflects authentic user-centered reasoning during collaboration,

we engaged 31 participants (22 native English speakers) to generate 263 queries across

three SKBs, capturing how real users naturally express information needs over heteroge-

neous knowledge. Participants were given randomly sampled entity IDs and asked to ex-

plore the SKBs using our interactive platform at https://stark.stanford.edu/

skb_explorer.html. They followed these instructions: (1) review the entity’s doc-

ument and connected entities/multi-hop paths, (2) identify interesting aspects from both

relational structures and textual information, (3) write queries such that the entity satis-

fies all requirements, without leaking the entity name. Participants were encouraged to be

creative with query content and include additional context, with no restrictions on expres-

sion. We manually verified and filtered the ground truth answers to ensure correctness.

Table 3.3 shows the statistics of the human-generated datasets. Finally, we analyzed the

commonalities and differences between synthesized and human-generated queries.

Table 3.5: Comparison of human-generated and synthesized queries showing commonali-
ties across query types.

Query Type Human-generated Query Synthesized Query
Short and Direct Red sweatshirt for proud Montreal

Canadiens
Suggestions for a Suunto bike mount?

Specific
Author & Field

Find me papers that discuss improving
condenser performance authored by
Stojan Hrnjak

Show me papers by Seung-Hyeok Kye that
discuss separability criteria.

Complex Context

Help me. I am trying to diagnose a pa-
tient with persistent joint pain, and I sus-
pect a condition where the bone is dy-
ing due to compromised blood supply,
often linked to factors like steroid use,
... what’s the name of this sneaky bone-
killing culprit?

I’m experiencing joint pain accompanied
by swelling... I’m concerned about med-
ications aggravating my fuzzy eyesight
and potential blood clotting complica-
tions. Could you recommend treatments
while minimizing these side effects?

Commonality. The number of answers of synthesized and human-generated queries are

comparable, indicating a similar level of query ambiguity. Moreover, we observe that most

https://stark.stanford.edu/skb_explorer.html
https://stark.stanford.edu/skb_explorer.html
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styles of human-generated queries are covered in the synthesized dataset. For example, Ta-

ble 3.5 highlights their similarities in short product queries, specific author/field inquiries,

and complex contextual queries.

Difference. We find that human-generated queries often exhibit more unique expressions

compared to synthesized ones, such as ”Give me a fat cross and road tire that works with

my Diamondback bicycle tube” and ”this sneaky bone-killing culprit”. This discovery

suggests a future direction for our benchmark to incorporate modern and dynamic language

nuances.

3.5 Experimental Setup

To assess whether current retrieval systems can perform user-centered reasoning when

users express queries over heterogeneous knowledge, we conduct extensive experiments

evaluating various retrieval approaches on STARK. Our experiments reveal significant

challenges in retrieval over heterogeneous knowledge, highlighting where current systems

fail to accurately find information for user queries that collaborative agents must handle.

We extensively evaluate six classes of retrieval models described below.

• Sparse Retriever: BM25 [136] is a traditional yet powerful sparse retrieval method

based on term frequency-inverse document frequency (TF-IDF). It computes relevance

scores by considering the frequency of query terms in documents, adjusted for term rarity

and document length.

• Small Dense Retrievers: DPR [78], ANCE [183], and QAGNN [193]. These compact

models generate dense embeddings for both queries and documents, computing retrieval

scores based on embedding similarities. They serve as baselines for comparison with

LLM-based dense retrievers.

• LLM-based Dense Retrievers: text-embedding-ada-002 (abbrev. ada-002) [115],

voyage-large-2-instruct (abbrev. voyage-l2-instruct) [2], LLM2Vec-Meta-Llama-
3-8B-Instruct-mntp (abbrev. LLM2Vec) [7], and GritLM-7b [111]. These models

leverage LLMs to generate dense embeddings that are more contextually expressive.
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• Multivector Retrievers: multi-ada-002 [115] and ColBERTv2 [138]. Beyond ada-002

which represents a document as an embedding, multi-ada-002 splits each document into

overlapping chunks and embeds them using the same encoder as the query. Similar-

ity scores between the query and chunks are aggregated using the average of the top-3

similarities, which we found to perform best. ColBERTv2 represents each document

as multiple token-level embeddings for fine-grained matching, capturing richer semantic

information.

• LLM Rerankers: Claude3 and GPT-4 rerankers [32, 220]. These models improve the

precision of top-k ada-002 results by reranking them using large language models. We

employ GPT-4-turbo (gpt-4-1106-preview) and Claude3 (claude-3-opus), set-

ting k = 20 for synthesized queries and k = 10 for human-generated queries. Given a

query, the LLMs assign a satisfaction score from 0 to 1 to each candidate entity based on

textual and relational information. Due to high computational costs, we evaluate these

rerankers on a random 10% sample of test queries.

• Agent-Based Retrievers with Tools: ReAct [191] and Reflexion [150]. These methods

enable LLMs to interactively use tools, reason about observations, and perform actions.

ReAct conducts reasoning and action in an in-context and interleaved manner to enable

LLMs to interactively analyze observed information and perform actions. Reflexion uses

self-reflection on the current task completion and stores these reflections in an episodic

memory buffer to enhance decision-making in subsequent trials.

We implement both methods using Claude3 Opus (claude-3-opus) as the backbone

LLM. Both agent-based retrievers have access to a function library of twenty-one tools,

summarized in Table 3.6. These tools enable the agents to retrieve textual and relational

information from the underlying SKBs.

The performance of these models are measured using standard retrieval metrics below.

• Hit@k assesses whether the correct item is among the top-k results from the model. We

used k = 1 and k = 5 for evaluation. At k = 1, it evaluates the accuracy of the top

recommendation; at k = 5, it evaluates the precision in broader recommendation sets.
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Function Name Input Description

Information Access Tools
ParseAttributeFromQuery query, attributes Parse query into dictionary based on attributes
GetTextEmbedding string (list) Embed N strings into N tensors
GetRelevantChunk query, node id Get relevant chunk of node info for query
GetFullInfo node id Get full information of the node
GetEntityDocuments node id Get text information of the node

Relational Structure Tools
GetRelationInfo node id Get relation information of the node
GetRelationDict node id Get relation dict (keys: relation type, values:

neighbors)
GetRelatedEntities node id Get nodes related to the specified node
GetEntityIdsByType type Get IDs of nodes with specified type
GetEntityTypes node id Get type of the node
GetEntityEmbedding node ids (list) Get embedding indices of nodes

Semantic Matching Tools
ComputeEmbeddingSimilarity emb 1, emb 2 Compute cosine similarity of two embeddings
ComputeQueryEntitySimilarity query, node ids Compute embedding similarity between query

and nodes
ComputeExactMatchScore string, node ids Compute exact match score for string in node

info
TokenMatchScore string, node ids Compute token recall scores between string and

nodes

LLM-based Reasoning Tools
SummarizeTexts texts (list) Use LLM to summarize texts
ClassifyEntities node ids, classes Use LLM to classify nodes into classes
Classify texts, classes Use LLM to classify texts into classes
ExtractRelevantInfo texts, extract term Use LLM to extract relevant info from texts
CheckRequirements node ids, requirement Use LLM to check if nodes satisfy requirement
GetSatisfactionScore node ids, query Use LLM to score nodes based on query

Utility Tools
FINISH final answer list Indicate end of task with final answer

Table 3.6: Function library on STARK. Tools are grouped into four categories: information
access, relational structure, semantic matching, and LLM-based reasoning.

• Recall@k measures the proportion of relevant items in the top-k results. For synthesized

queries, k = 20 is used, as the answer length of all of the queries in our benchmarks are

equal or smaller than 20. This metric offers insight into the model’s ability to identify all

relevant items, particularly in scenarios where missing any could be critical.

• Mean Reciprocal Rank (MRR) is a statistic for evaluating the average effectiveness of

a predictive model. It calculates the reciprocal of the rank at which the first relevant item

appears in the list of predictions. This metric emphasizes the importance of the rank of
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Table 3.7: Testing results on STARK-Syn(thesized). Best results in bold.

STARK-AMAZON STARK-MAG STARK-PRIME

Hit@1 Hit@5 R@20 MRR Hit@1 Hit@5 R@20 MRR Hit@1 Hit@5 R@20 MRR
Non-Agentic Retrieval Systems (Full Test Set)

BM25 44.94 67.42 53.77 55.30 25.85 45.25 45.69 34.91 12.75 27.92 31.25 19.84
DPR (roberta) 15.29 47.93 44.49 30.20 10.51 35.23 42.11 21.34 4.46 21.85 30.13 12.38

ANCE (roberta) 30.96 51.06 41.95 40.66 21.96 36.50 35.32 29.14 6.53 15.67 16.52 11.05
QAGNN (roberta) 26.56 50.01 52.05 37.75 12.88 39.01 46.97 29.12 8.85 21.35 29.63 14.73

ada-002 39.16 62.73 53.29 50.35 29.08 49.61 48.36 38.62 12.63 31.49 36.00 21.41
voyage-l2-instruct 40.93 64.37 54.28 51.60 30.06 50.58 50.49 39.66 10.85 30.23 37.83 19.99

LLM2Vec 21.74 41.65 33.22 31.47 18.01 34.85 35.46 26.10 10.10 22.49 26.34 16.12
GritLM-7b 42.08 66.87 56.52 53.46 37.90 56.74 46.40 47.25 15.57 33.42 39.09 24.11

multi-ada-002 40.07 64.98 55.12 51.55 25.92 50.43 50.80 36.94 15.10 33.56 38.05 23.49
ColBERTv2 46.10 66.02 53.44 55.51 31.18 46.42 43.94 38.39 11.75 23.85 25.04 17.39

LLM Rerankers (Random 10% Sample)
Claude3 Reranker 45.49 71.13 53.77 55.91 36.54 53.17 48.36 44.15 17.79 36.90 35.57 26.27

GPT4 Reranker 44.79 71.17 55.35 55.69 40.90 58.18 48.60 49.00 18.28 37.28 34.05 26.55
Agent-Based Retrieval Systems (Full Test Set)

ReAct 42.14 64.56 50.81 52.30 31.07 49.49 47.03 39.25 15.28 31.95 33.63 22.76
Reflexion 42.79 65.05 54.70 52.91 40.71 54.44 49.55 47.06 14.28 34.99 38.52 24.82

the first correct answer, which is crucial in many practical applications where the first

correct answer is often the most impactful.

3.6 Results: How do models perform on STARK

Table 3.7 presents comprehensive results on synthesized queries, and Table 3.8 shows re-

sults on human-generated queries from the STARK benchmark.

Performance varies significantly across model classes and domains. On synthesized

queries, we observe substantial variation in performance. Among non-agentic methods

evaluated on the full test set, ColBERTv2 achieves the highest Hit@1 on Amazon (46.10%),

while GritLM-7b leads on MAG (37.90%) and Prime (15.57%). LLM rerankers, evaluated

on a random 10% sample, achieve 40.90% Hit@1 on MAG (GPT-4 Reranker) and 18.28%

on Prime (GPT-4 Reranker). Agent-based methods show competitive performance, with

Reflexion reaching 42.79% Hit@1 on Amazon and 40.71% on MAG.

Performance patterns differ across domains. Amazon queries yield the highest Hit@1

scores (up to 46.10%), while Prime queries prove most challenging with peak Hit@1 of

only 18.28%. The MAG dataset shows intermediate difficulty with best Hit@1 reaching
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Table 3.8: Testing results on STARK-Human(-Generated). Best results in bold.

STARK-AMAZON STARK-MAG STARK-PRIME
Method Hit@1 Hit@5 R@20 MRR Hit@1 Hit@5 R@20 MRR Hit@1 Hit@5 R@20 MRR

Non-Agentic Retrieval Systems
BM25 27.16 51.85 29.23 18.79 32.14 41.67 32.46 37.42 22.45 41.84 42.32 30.37

DPR (roberta) 16.05 39.51 15.23 27.21 4.72 9.52 25.00 7.90 2.04 9.18 10.69 7.05
ANCE (roberta) 25.93 54.32 23.69 37.12 25.00 30.95 27.24 27.98 7.14 13.27 11.72 10.07

QAGNN (roberta) 22.22 49.38 21.54 31.33 20.24 26.19 28.76 25.53 6.12 13.27 17.62 9.39
ada-002 39.50 64.19 35.46 52.65 28.57 41.67 35.95 35.81 17.35 34.69 41.09 26.35

voyage-l2-instruct 35.80 62.96 33.01 47.84 22.62 36.90 32.44 29.68 16.33 32.65 39.01 24.33
LLM2Vec 29.63 46.91 21.21 38.61 16.67 28.57 21.74 21.59 9.18 21.43 26.77 15.24

GritLM-7b 40.74 71.60 36.30 53.21 34.52 44.04 34.57 38.72 25.51 41.84 48.10 34.28
multi-ada-002 46.91 72.84 40.22 58.74 23.81 41.67 39.85 31.43 24.49 39.80 47.21 32.98

ColBERTv2 33.33 55.56 29.03 43.77 33.33 36.90 30.50 35.97 15.31 26.53 25.56 19.67
LLM Rerankers

Claude3 Reranker 53.09 74.07 35.46 62.11 38.10 45.24 35.95 42.00 28.57 46.94 41.61 36.32
GPT4 Reranker 50.62 75.31 35.46 61.06 36.90 46.43 35.95 40.65 28.57 44.90 41.61 34.82

Agent-Based Retrieval Systems
ReAct 45.65 71.73 35.95 58.81 27.27 40.00 35.95 33.94 21.73 33.33 41.09 28.20

Reflexion 49.38 64.19 35.95 58.96 28.57 39.29 35.95 36.53 16.52 33.03 41.09 23.99

40.90%. Similar patterns appear in Recall@20 and MRR metrics.

Human-generated queries show consistent trends. On human-generated queries, perfor-

mance is generally higher than on synthesized queries, but relative rankings among meth-

ods remain similar. LLM rerankers achieve the strongest performance: Claude3 Reranker

reaches 53.09% Hit@1 on Amazon, 38.10% on MAG, and 28.57% on Prime. Among

non-agentic embedding-based methods, multi-ada-002 performs best on Amazon (46.91%

Hit@1), while GritLM-7b leads on MAG (34.52% Hit@1) and Prime (25.51% Hit@1).

Agent-based methods show strong performance, with Reflexion achieving 49.38% Hit@1

on Amazon and 28.57% on MAG.

Despite higher absolute scores on human-generated queries, all methods still show sub-

stantial room for improvement, with no method exceeding 54% Hit@1 on any dataset.

To understand why current methods struggle on retrieval over heterogeneous knowl-

edge, we organize our analysis into failure modes that examine the fundamental limitations

of each model class.
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3.6.1 Failure Analysis I: Dense and sparse retrieval models

This section analyzes the fundamental limitations of single-vector dense and sparse re-

trieval approaches when handling queries over heterogeneous knowledge.

Small dense retrievers struggle with heterogeneous knowledge. Among small dense

retrievers, we observe that finetuned DPR and QAGNN exhibit insufficient performance

despite being specifically trained on the datasets. This underperformance is likely due to

their relatively small model sizes and the risk of overfitting during training. These models

achieve only 15.29% Hit@1 (DPR on Amazon) and 12.88% Hit@1 (QAGNN on MAG),

demonstrating that compact models struggle to capture the complex interdependencies be-

tween textual and relational information in SKBs. The entity documents can be hard to

differentiate without capturing detailed information from both textual and relational as-

pects, a capability these smaller models lack.

LLM-based dense retrievers show improvement but remain limited. Among larger

LLM-based dense retrievers, ada-002 benefits from superior pretrained embeddings and

significantly outperforms smaller models, achieving 39.16% Hit@1 on Amazon. GritLM-
7b delivers the strongest performance among single-vector dense retrievers on the full

test set, achieving 42.08% Hit@1 on Amazon, 37.90% on MAG, and 15.57% on Prime.

voyage-l2-instruct also performs competitively, reaching 40.93% Hit@1 on Amazon. In

contrast, LLM2Vec underperforms due to its limited context length, which is insufficient

for encoding the lengthy documents in the SKBs that contain both extensive textual de-

scriptions and relational information.

Despite improvements from using LLM-based embeddings, these single-vector dense

retrievers face a fundamental limitation: they compress all textual and relational informa-

tion into a single embedding. This compression makes it difficult to simultaneously capture

fine-grained textual semantics and structured relationships, as the model must balance rep-

resenting both types of information in a fixed-dimensional vector space.

Sparse retrieval remains competitive but fundamentally limited. Interestingly, BM25,

despite its simplicity, proves to be a strong baseline, outperforming many dense retrieval

models. On Amazon, BM25 achieves 44.94% Hit@1, even surpassing many sophisticated

dense retrievers like ANCE (30.96% Hit@1) and matching some LLM-based retrievers.
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This demonstrates that term-frequency approaches can capture some aspects of textual

queries effectively, particularly when queries contain distinctive keywords that appear in

relevant documents.

However, BM25 faces a fundamental limitation: it cannot reason about relational con-

straints in the knowledge graph. It treats all text equally, whether describing textual proper-

ties or listing relational connections, without understanding the semantic differences. This

limits its ability to handle queries over heterogeneous knowledge that require understanding

both textual descriptions and structural relationships simultaneously. For example, when a

query asks for products from a specific brand with certain features, BM25 cannot distin-

guish between brand relationships and feature descriptions. It simply matches keywords

without understanding their different roles in satisfying the user’s information need.

3.6.2 Failure Analysis II: Multivector retrievers

Multivector retrievers represent an advancement over single-vector approaches by using

multiple embeddings to represent each document. This section analyzes multi-ada-002
and ColBERTv2, which employ different strategies for multivector representation.

Multivector approaches show improvement over single-vector methods. multi-ada-
002 splits each document into overlapping chunks and embeds them separately, aggre-

gating similarity scores using the average of the top-3 chunk similarities. This approach

achieves 40.07% Hit@1 on Amazon and 25.92% on MAG, generally outperforming the

single-vector ada-002 (39.16% on Amazon). The improvement demonstrates that using

multiple vectors per document enhances retrieval effectiveness by allowing the model to

capture different aspects of the document’s content separately.

ColBERTv2 takes a more fine-grained approach, representing each document with

multiple token-level embeddings. This fine-grained representation allows ColBERTv2 to

capture subtle semantic nuances between queries and documents, achieving strong perfor-

mance with 46.10% Hit@1 on Amazon and 31.18% on MAG. On Amazon, ColBERTv2

achieves the highest Hit@1 among all non-agentic retrieval systems, demonstrating the

value of token-level matching for certain types of queries.

Multivector retrievers still struggle with complex heterogeneous queries. Despite their
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sophistication, multivector retrievers generally underperform compared to LLM rerankers,

especially in terms of Hit@k metrics. For instance, on the random 10% sample, Col-

BERTv2’s best Hit@1 (46.10% on Amazon) is comparable to GPT-4 Reranker (44.79%),

but it significantly underperforms on MAG (31.18% vs. 40.90%). This suggests that while

fine-grained representations effectively capture semantic information, they may not fully

grasp the nuanced relevance judgments required for top-tier retrieval performance when

queries involve complex interdependencies between textual and relational information.

Fundamental limitation: Similarity-based matching without reasoning. The funda-

mental limitation of multivector retrievers is that, despite their sophistication, they still op-

erate primarily through embedding similarity matching. They lack explicit mechanisms to

reason about the logical structure of queries that combine textual constraints (e.g., “fun and

safe”) with relational constraints (e.g., “from Brand X”). While token-level or chunk-level

representations can capture more granular semantic information than single vectors, they

cannot perform the multi-step reasoning required to understand how different constraints

should be integrated. This limitation becomes particularly evident on the more complex

MAG and Prime datasets, where queries often require multi-hop reasoning over knowledge

graph structures. For example, a query might require first identifying papers from a specific

institution, then filtering by research topic.

3.6.3 Failure Analysis III: Single-agent reranker

LLM rerankers improve but remain suboptimal. The rerankers, utilizing powerful

LLMs like GPT-4 (gpt-4-1106-preview) and Claude3 (claude-3-opus), excel

by re-evaluating the top candidates and assigning satisfaction scores based on a deeper

understanding of the query and document content. This process allows them to better dis-

cern subtle contextual cues and relational information that dense retrievers might overlook.

Consequently, LLM rerankers enhance retrieval precision at the top ranks, achieving the

best performance among non-agentic methods with 40.90% Hit@1 on MAG and 18.28%

on Prime.

However, regardless of the higher computational costs of the rerankers, their perfor-

mance remains suboptimal. For instance, the Hit@1 scores for the GPT-4 reranker are only
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A B C D

Title: Nonlinear piezoelectricity in 
… Modeling and experimental 
identification

Abstract: … model for … nonlinear 
piezoelectric … linear piezoelectric 
modeling … nonlinear coefficients

Institute: University of Michigan

Cites paper: 
1. … nonlinear piezoelectric 
vibrational … 2. … piezoelectric  
energy 4. … piezoelectric … 
(15 cited papers have related key 
words)

Title: Nonlinear optimization of 
acoustic energy harvesting using 
piezoelectric devices

Abstract: … piezoelectric inserts 
… nonlinear processing … 
piezoelectric actuators …

Institute: Institut national des 
sciences Appliquées de Lyon

Cites paper: 7. … piezoelectric 
conversion … 9. … piezoelectric 
vibration … 
(2 cited papers have related key 
words)

Title: Modelling of hysteretic 
behavior of piezoceramic materials 
under electrical loading

Abstract: … piezoceramic materials 
… deformation of piezoceramics …

Institute: École nationale 
d'ingénieurs du Val de Loire

Cites paper: 
1. Ultrasonic characterization of 
electrochemically etched porous 
silicon 
(0 cited paper has related key 
words)

Title: Modelling nonlinearity in 
piezoceramic transducers: …

Abstract: Quadratic nonlinear 
materials … weak nonlinearity … 
nonlinear response … nonlinear 
equivalent electrical circuits

Institute: École nationale 
d'ingénieurs du Val de Loire

Cites paper: 1. … fouling in a planar 
setup … 2. Second order ultrasonic 
guided wave mutual interactions … 
(0 cited paper has related key words)

Are there any Physics research 
papers from École nationale 

d'ingénieurs du Val de Loire that 
discuss nonlinear modeling of 

piezoelectric elements?

Ground truth:  [A , B] 

:ada-002 Claude3 Reranker 

R
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Figure 3.7: A case study on STARK-MAG shows that ada-002 overranks non-ground truth
papers C and D due to repeated keywords in the relational information “cites paper”. After
reranking with Claude3, it correctly prioritizes ground truth papers A and B with accurate
reasoning and analysis.

about 18% on STARK-PRIME and 41% on STARK-MAG, indicating that the top-ranked

answers are frequently incorrect. Similarly, the Recall@20 metrics are below 60% across

all datasets, with the GPT-4 reranker achieving Recall@20 scores of 55% on STARK-

AMAZON, 49% on STARK-MAG, and 34% on STARK-PRIME. This suggests that the

ranking results miss a significant portion of relevant answers. The MRR scores are also

relatively low, especially for STARK-PRIME, where the GPT-4 reranker attains an MRR

of only around 27%.

Case study: The need for multi-step reasoning. To illustrate the importance of user-

centered reasoning over heterogeneous knowledge, we present a case study in Figure 3.7,

comparing the ada-002 model with the Claude3 Reranker. In this example, the user query

requests papers from a specific institution on a particular topic, naturally combining re-

lational constraints (institution affiliation) with textual requirements (topic). The ada-002

model fails to address the relational aspect of the query because it embeds entire documents

without detailed analysis. This leads to high relevance scores for irrelevant papers that fre-

quently mention keywords like ”nonlinear modeling” and ”piezoelectric elements” but do
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not satisfy the relational requirement. In contrast, the LLM reranker significantly improves

the results by reasoning about both the textual and relational aspects of the query, resulting

in scores that more accurately reflect relevance. This underscores the need for multi-step

reasoning to handle user queries that span heterogeneous knowledge.

Why rerankers still fail. The insufficient performance may be attributed to the fun-

damental challenge of reasoning over heterogeneous knowledge. User queries in SKBs

require simultaneously understanding textual descriptions and relational constraints, de-

manding multi-step user-centered reasoning that current retrieval systems struggle to per-

form. Rerankers, while capable of better understanding than embedding-based methods,

still operate in a single-shot manner. They evaluate each candidate independently without

iteratively refining their understanding through interaction with the knowledge base. This

limits their ability to perform complex multi-step reasoning required for queries like “What

disease is associated with the PNPLA8 gene and presents with hypotonia as a symptom?”

which requires first identifying diseases associated with the gene, then filtering by symptom

descriptions.

3.6.4 Failure Analysis IV: Single-agent retriever with tools

Agent-based methods show promise but face limitations. Agent-based retrieval methods

like ReAct and Reflexion represent a different paradigm, where LLMs can iteratively use

tools to search, filter, and reason over the knowledge base. Table 3.7 shows that these meth-

ods achieve competitive performance, with Reflexion reaching 42.79% Hit@1 on Amazon,

40.71% on MAG, and 14.28% on Prime. This demonstrates that enabling iterative tool use

and reasoning can improve retrieval over purely embedding-based approaches.

However, several key limitations prevent these methods from achieving strong perfor-

mance:

(1) Limited tool selection strategies: ReAct agents cannot optimize their tool usage

based on task-specific feedback. They tend to select tools based on the LLM’s prior knowl-

edge, which may not be optimal for the given retrieval task. We observe that ReAct agents

apply similar tools across various queries and struggle to explore alternative tool usage

even with extensive in-context reasoning.
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(2) Inability to learn from experience: While Reflexion attempts to use self-reflection

to improve, it struggles with “overfitting” to specific examples. Reflexion agents are eas-

ily misled by specific entity characteristics, leading to inappropriate action sequences that

don’t generalize well. For instance, an agent might develop a strategy that works for one

type of product but fails on others.

(3) Lack of systematic optimization: Both methods rely on the LLM’s inherent rea-

soning capabilities without systematic optimization of the agent’s behavior for the specific

retrieval task. They cannot effectively learn which combinations of tools work best for dif-

ferent query patterns or how to sequence operations to efficiently navigate the knowledge

base.

Figure 3.8: A case study on STARK-AMAZON showing ReAct’s brittle tool usage. The
agent ignores brand constraints, applies overly restrictive string matching, and returns zero
results despite access to multiple search tools.

Case study: Brittle tool usage leads to trivial solutions. To illustrate these limitations

concretely, we present a case study in Figure 3.8 showing how ReAct agents can produce

trivial answers despite having access to multiple tools. In this example from STARK-

AMAZON, the user asks for TUSA swim fins with a split fin design for better propulsion,

naturally combining textual requirements (split fin design, better propulsion) with relational

constraints (TUSA brand).

The ReAct agent’s failure demonstrates the brittle nature of hand-engineered prompting
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strategies. In Thought 1 and Action 1, the agent computes embedding similarity based

on product descriptions but completely ignores the brand constraint. This illustrates the

limited tool selection strategy (limitation 1), where the agent applies tools based on generic

patterns rather than carefully analyzing what the specific query requires. In Thought 2 and

Action 2, the agent performs string matching on the exact phrase “split fin design for better

propulsion,” which returns all zeros because no product description contains this precise

wording. The agent fails to recognize that this approach is too restrictive and does not

explore alternative strategies like matching individual terms or using semantic similarity

for the textual constraints while applying exact matching for the brand.

Finally, in Thought 3, the agent synthesizes these misleading intermediate results.

Rather than recognizing that the zero results indicate a problem with its approach, the agent

produces zero final answers. This failure illustrates how single-agent retrievers with tools

can easily produce trivial solutions when they lack systematic optimization (limitation 3)

to learn which tool combinations work best for different query patterns.

These findings highlight significant gaps in current retrieval capabilities, revealing sub-

stantial challenges that must be addressed to enable collaborative agents to effectively serve

users in real-world scenarios. The performance ceiling of single-model methods, whether

embedding-based, reranking-based, or single agents, suggests that new approaches are

needed to handle the complexity of reasoning over heterogeneous knowledge.

3.6.5 Retrieval Latency

Latency is crucial for practical retrieval systems, as users expect quick responses. In Ta-

ble 3.9, we evaluated the latency of various models using a single NVIDIA A100-SXM4-

80GB GPU. We observed that the DPR and QAGNN models exhibit lower average latency,

making them suitable for time-sensitive applications. In contrast, the ada-002 and multi-

ada-002 models have moderate latency due to multiple API calls. However, when combined

with LLM rerankers, the latency increases significantly due to the computational demands

of these large models. Therefore, it is important to balance accuracy and latency, especially

for complex queries that require advanced reasoning capabilities.
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Table 3.9: Latency (s) of the retrieval systems on STARK.

DPR QAGNN ada-002 multi-ada-002 Claude3 Reranker GPT4 Reranker

STARK-AMAZON 2.34 2.32 5.71 4.87 27.24 24.76
STARK-MAG 0.94 1.35 2.25 3.14 22.60 23.43
STARK-PRIME 0.92 1.29 0.54 0.90 29.14 26.97

Average 1.40 1.65 2.83 2.97 26.33 25.05

3.7 Conclusion

We introduce STARK, the first benchmark for evaluating agents on user-centered reason-

ing over semi-structured knowledge bases (SKBs), which are knowledge sources that com-

bine unstructured text with structured relational data. STARK features natural queries that

blend textual and relational constraints across three diverse domains: e-commerce product

search, academic literature discovery, and biomedical knowledge retrieval. We contribute

an automated pipeline to generate realistic user queries requiring reasoning across both

textual descriptions and structured relationships, along with 274 human-generated queries

capturing authentic user needs.

Our experiments evaluate six classes of retrieval methods and reveal fundamental chal-

lenges across all current paradigms. Consider a query like “find papers on machine learning

written by Stanford researchers that cite work on neural networks.” Answering this requires

identifying relevant topics from text, traversing authorship and citation relationships, and

verifying that all constraints are satisfied. Embedding-based retrievers capture textual se-

mantics but miss relational structure. Sparse retrievers match keywords but cannot traverse

relationships. LLM rerankers reason effectively but operate in a single-shot manner with-

out iterative refinement. Agent-based retrievers show promise through iterative tool use

but cannot learn from their mistakes or systematically improve their strategies. The perfor-

mance ceiling across all methods, with no approach exceeding 54% Hit@1, highlights sub-

stantial room for improvement and motivates multi-agent architectures where agents can

collaborate to optimize query-solving strategies. STARK paves the way for such research

by providing a rigorous testbed for developing and evaluating next-generation multi-agent

systems.



Chapter 4

Learning from Experience through
Contrastive Reasoning

4.1 Introduction

The previous chapter established comprehensive benchmarks for evaluating whether agents

can learn from experience on retrieval tasks over semi-structured knowledge bases. Our

experiments tested state-of-the-art agentic baselines including ReAct [191] and Reflex-

ion [150], which maintain memory of past interactions. Despite having this memory, these

systems revealed a consistent pattern: they fail to improve when exposed to similar queries

multiple times, repeating the same mistakes across attempts. This raises a critical question:

what specific mechanisms do agents lack that prevents them from learning?

To answer this, we analyze what happens when agents attempt the similar types of query

repeatedly. Consider an agent tasked with finding products that match multiple user con-

straints. On the first attempt, it might miss a key constraint and return irrelevant results. On

subsequent similar queries, the agent has access to the full history of what it tried before and

what succeeded or failed. Yet it repeats the same oversight. The problem is not memory:

the agent can see past attempts. Rather, the agent cannot extract the critical insight from this

history. It cannot identify that “when queries mention brand names, I systematically ignore

them and focus only on product categories,” nor can it generate the instruction “always

extract brand constraints explicitly before searching.” This analysis reveals that learning

77
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from experience requires two distinct capabilities that current agents fundamentally lack.

First, agents need the ability to conduct contrastive analysis: comparing successful attempts

against failed ones to identify systematic differences in their reasoning patterns. Second,

agents need to translate these comparative insights into explicit, actionable instructions that

guide future attempts. Existing optimization methods [27, 35, 170, 185, 192, 208, 218] typ-

ically focus on refining individual responses but do not provide mechanisms for this kind

of systematic learning across multiple attempts.

Present work: AVATAR. To address these challenges, we introduce AVATAR, a framework

that enables agents to learn from experience by recognizing their limitations and generating

actionable instructions to address them. Our key insight is that agents can learn more robust

strategies by contrasting their performance on tasks where they succeed versus tasks where

they fail. We leverage this insight to build a system consisting of two collaborative agents:

a comparator agent (“comparator”) and an actor agent (“actor”). The comparator agent

analyzes performance patterns across multiple attempts and generates holistic instructions

through contrastive reasoning, while the actor agent uses these instructions to improve

its strategies. This collaboration, with contrastive reasoning at its core, enables agents

to recognize systematic gaps in their current approaches and translate these insights into

improved performance, allowing them to gradually learn how to solve harder tasks. We

demonstrate our framework on the STARK benchmarks, an image retrieval task [130],

and general question-answering tasks [94, 189, 221]. Specifically, AVATAR includes two

phases:

• Optimization phase. The core of our framework (Figure 4.1) is the collaboration be-

tween the comparator agent and the actor agent for learning from experience. The com-

parator agent automatically generates holistic instructions to help the actor agent rec-

ognize its limitations and address them effectively. Through contrastive reasoning, the

comparator agent takes positive and negative task samples—where the actor currently

succeeds and fails, respectively—to identify systematic gaps in the actor’s strategies.

Critically, this comparison reveals not just what failed, but why it failed: which assump-

tions were incorrect, which steps were missing, and which reasoning patterns led to er-

rors. Unlike per-sample instructions, which can easily overfit to individual examples, by
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Optimized Actor & Actions

Tools Positive & negative queries

(question, answer)
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Optimization
phrase Current

actions
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reasoning

Initial instructions

Actions
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GeneratePrompt

Figure 4.1: Overview of AVATAR. AVATAR is a multi-agent system consisting of an ac-
tor agent (actor) and a comparator agent (comparator). (a) During optimization, the actor
agent generates actions to answer user queries by leveraging the provided tools. Then, the
comparator agent contrasts queries where the actor performs well (positive) versus poorly
(negative), automatically generating holistic instructions through contrastive reasoning to
teach the actor more effective strategies for decomposing complex requests and coordi-
nating tool usage (cf. Section 4.4). (b) At deployment, the actor agent with optimized
instructions can effectively answer new user queries.

constructing multiple samples as a “batch,” the comparator agent can extract more robust

insights about the actor’s systematic weaknesses. Through batch-wise contrastive reason-

ing, the system provides effective and adaptive instructions, helping the actor recognize

recurring patterns in its failures and learn how to address them. Following previous meth-

ods [118, 150, 192, 215], we also maintain a memory bank with selected past instructions

to prevent the actor agent from repeating previous mistakes.

• Deployment phase. After the optimization phase, the actor agent with best-performing

instructions can be selected for new user queries. The iterative optimization through our

AVATAR framework updates the actor agent for more effective and generalizable strate-

gies, enabling it to apply learned lessons to novel tasks at deployment. In Figure 4.2 (b),

the optimized actor agent demonstrates three key improvements from learning through
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contrastive reasoning: 1) recognizing when initial assumptions are incorrect and adjust-

ing its approach, 2) identifying which tool selection strategies work versus which fail and

adapting accordingly, and 3) learning from past synthesis mistakes to produce more ac-

curate results, enabling it to successfully address user queries where it previously failed.

Experimental evaluation. We evaluate AVATAR on the STARK datasets introduced in

the previous chapter, an image retrieval benchmark [130], and three general question-

answering datasets [94, 189, 221]. Our multi-agent system consistently outperforms state-

of-the-art methods, showing a substantial 14% improvement in Hit@1 on retrieval tasks.

With only 25 iterations of multi-agent collaboration, AVATAR boosts Hit@1 from 5.1%

to 28.6% on FLICKR30K-ENTITIES and Recall@20 from 30.3% to 39.3% on STARK-

PRIME. For general QA datasets, AVATAR outperforms state-of-the-art methods by 13%

on average. Our key contributions are:

• We introduce AVATAR, a framework that enables agents to learn from experience, where

a comparator agent and an actor agent collaborate through contrastive reasoning to help

agents recognize their limitations and generate actionable instructions to address them.

• We demonstrate our framework on four retrieval tasks over semi-structured knowledge

bases and three QA tasks, where agents using AVATAR learn to improve their perfor-

mance over multiple attempts, significantly outperforming existing methods that fail to

learn from experience.

• We provide comprehensive analysis of how contrastive reasoning systematically im-

proves the actor’s ability to recognize what went wrong in failed attempts, understand

why strategies failed, and translate these insights into improved performance on collabo-

rative tasks.

4.2 Related Work

Agents for complex user queries. Recent research has leveraged the remarkable language

understanding and reasoning abilities of LLMs [9, 150, 173, 190, 191] to build agents that
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Input: Q1: “Can you suggest any TUSA swim fins that has a split fin design for better propulsion?”
Action space (GetEntityTypes, GetEntityDocuments, StringMatching, …)

Output: Answer(s)

Thought 1: Compute similarity scores based on the product description
Action 1: ComputeEmbeddingSimilarity[“swim fins”, GetEntityDocuments()]
Result/Obs 1: s1 ← similarity scores  Ignore the brand information “TUSA”

Thought 2: Check the functionality requirement
Action 2: StringMatching[“split fin design for better propulsion”, GetEntityDocuments()]
Result/Obs 2: s2 ← string matching scores  All zeros due to no perfect match

Thought 3: Synthesize the final result
Action 3: Multiply[s1, s2]
Result/Obs 3: s ← final scores  All zeros which lead to a trivial solution

...
Final Result: answers ← GetTopkEntities[s, k=5]  Poor task performance

Input: Any query (demonstration example: Q1); Action space (GetEntityTypes, …)
Output: Answer(s)

 Accurately decompose the query into multiple aspects
Action 1: ParseAttributeFromQuery[query, (brand, type, material, features)]
Result 1: subquery ← { brand: “TUSA”, type: “swim fins”, material: NA,

features: “split fin design for better propulsion” }

 Use embedding tool to filter entities
Action 2: ComputeEmbeddingSimilarity[subquery.type, GetEntityTypes()] 
Result 2: s1 ← type similarity scores
Action 3: GetTopk[s1, k=20]
Result 3: candidates ← top-20 entities with the highest type similarity

 Use token match tool for flexible common token matching
Action 4: GetEntityBrand[candidates]
Result 4: brands ← brands of the top-20 entities
Action 5: TokenMatchScore[subquery.brand, brands]
Result 5: s2 ← brand matching scores

 Use LLM reasoning API to validate the required functionality
Action 6: GetSatisfictionScoreByLLM[subquery.features, GetEntityDocuments()]
Result 6: s3 ← feature scores by LLM reasoning

...
 Synthesize final scores with optimized parameters

Action 7: WeightedSum[s1, s2, s3, coefficients=(0.43, 0.37, 0.20)]
Result 7: s ← combined scores

...
Final Result: answers ← GetTopkEntities[s, k=5]   Excellent task performance

c

Q1:Can you suggest any TUSA swim fins that 
has a split fin design for better propulsion?

[Q’1：Looking for a durable 15-inch wide NFL 
car flag that can hold up in windy conditions”,

A1 (Ground truth entity IDs)：[17, 105, 2517]]
...

(Qn, An)

Q2:What's a high-quality fishing sinker from 
Sportsman Supply Inc. that's designed to 
avoid snags on rocks and weeds?

Small-scale Q&A Pairs Testing Queries

Optimization Deploy

(a) ReAct: Unoptimized Agent

(b) AVATAR: Optimized Agent

Figure 4.2: AVATAR decomposes the query into multiple interpretable constraints, im-
plements strategic tool usage with flexible matching, and synthesizes results with learned
parameters from the optimization phase to successfully answer the user’s query.

can interact with environments [27, 41, 64, 81, 93, 105, 107, 148, 177, 191] and leverage

external tools [41, 112, 120, 124, 131, 139, 145, 221, 223]. For example, ReAct [191] con-

ducts reasoning and action in an interleaved way to retrieve information from Wikipedia.

However, as shown in the previous chapter, effectively addressing complex user queries

requires agents to decompose multi-constraint requests, strategically coordinate tool usage,

and synthesize information from heterogeneous sources, which remains challenging for

current approaches.
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Agents for retrieval over heterogeneous knowledge. Previous research has applied LLM

agents to Information Retrieval (IR) systems through pretraining [12, 51, 67, 193], rerank-

ing [59, 154], and prompting techniques [54, 81]. These agents support downstream col-

laborative tasks, such as retrieval-augmented generation [92, 112, 118] and knowledge-

intensive question answering [127, 189]. However, as our STARK evaluation demon-

strated, these LLM agents usually employ heuristic prompts or rely on few-shot exam-

ples [81, 104, 148, 191], which lack systematic optimization for multi-step reasoning over

heterogeneous constraints.

Agent optimization through learning. In the field of optimizing LLM agents, previous

works have modified the parameters of LLM backbones through fine-tuning or instruction

tuning to enhance agent capability [17, 65, 87, 95, 121, 124, 132, 157, 186, 194, 204] or

generated better prompts through iterative prompt tuning [54, 81, 170, 185, 192]. Recently,

Zhang et al. [208] conducted agent training by iteratively updating the agents’ functions

according to the execution history, and ExpeL [209] extracts insights from successful and

failed action sequences. However, these single-agent approaches do not explicitly focus

on systematically improving agents’ ability to handle complex user queries that require de-

composing multi-constraint requests and coordinating heterogeneous information sources.

Additionally, enhancing agents’ generalization abilities [52, 120, 168] to novel user queries

in real-world collaborative scenarios has received less attention. In our work, we introduce

a multi-agent system where a comparator agent and an actor work together to solve com-

plex user queries. We focus on automatically generating holistic instructions via a novel

contrastive reasoning mechanism within this multi-agent framework that helps the actor

agent learn robust strategies for solving complex user queries. Compared to fine-tuning ap-

proaches, our multi-agent system only requires a small subset of training queries and tool

descriptions, making it more adaptable and less computationally intensive.

4.3 Formulation: Agent systems for complex queries

During human-AI collaboration, users naturally express complex queries that combine mul-

tiple constraints across diverse information sources. Consider a query like “find papers on

graph neural networks published after 2020 by authors who have also worked on knowledge
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graphs.” This query involves multiple constraints (topic, publication date, author expertise)

that must be decomposed, verified against different information sources, and synthesized

into a coherent answer. Building agent systems that can effectively handle such multi-step,

multi-constraint queries requires careful formulation of the core components.

Tools. We define tools or APIs as a set of implemented functions with specified input and

output variables. We denote the tool space as T = {fk : Ifk → Ofk | k = 1, 2, . . .}, where

fk maps the input Ifk to the output Ofk . For example, tools can include search APIs for

accessing external knowledge, encoder models that generate vector representations from

text or image data, or classifiers that output probabilities over a list of classes. The diversity

of available tools determines what types of constraints the agent system can address.

Agent Systems. An agent system consists of one or more LLM agents that coordinate to

complete a task. Each agent, defined as A : P → α, is controlled by verbal prompts to

generate a sequence of actions. Here α denotes the action sequence [α1, . . . , αL], where

each action is defined by a tuple (f ∈ T , i ∈ If , o ∈ Of ), consisting of a tool function,

specified input(s), and a designated variable that receives the output(s). Each action can

leverage outputs from previous actions, and agents within the system can pass intermediate

results to one another. The final action αL renders the results for the task.

Multi-step problem-solving. Real-world user queries are rarely simple lookups. Users

often pose requests with multiple constraints that span different information sources, and

key requirements may only become clear after several interaction steps. For example, a

query like “find papers on graph neural networks published after 2020 by authors who have

also worked on knowledge graphs” involves constraints on topic, publication date, and

author expertise that must each be verified against different parts of the knowledge base. A

single tool call or a straightforward retrieval step cannot address such queries; instead, the

agent system must decompose the problem, execute multiple steps, and integrate findings

into a coherent response. Solving these multi-constraint queries with agent systems can be

structured into three stages:

• Understanding and decomposition: The agent system first interprets the user’s request

and breaks it into subproblems, each targeting a specific constraint or information need.

This decomposition clarifies what must be retrieved or verified at each step.
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Table 4.1: Key differences between AVATAR and prevailing agent methods. AVATAR
demonstrates the ability to: 1) self-improve on specific tasks, 2) retain memory through-
out the optimization process, 3) enhance the agent’s generalization capability, and 4) au-
tonomously generate holistic, high-quality prompts for better tool usage. Please refer to
Section 4.4 for details.

Self-Improvement Memory Generalization Holistic Prompt Generation

ReAct [191] ✗ ✗ ✗ ✗

Self-refine [107] ✔ ✗ ✗ ✗

Reflexion [150] ✔ ✔ ✗ ✗

AVATAR (Ours) ✔ ✔ ✔ ✔

• Tool-assisted execution: The agent system then selects and invokes tools from the tool

space T to address each subproblem. This stage may involve querying different knowl-

edge sources, filtering candidates against constraints, or performing computations on

intermediate results.

• Synthesis and response formulation: Finally, the agent system integrates the interme-

diate results to construct a response. This synthesis may require reasoning about how

different pieces of evidence relate, resolving conflicts, and organizing the output so the

user can verify that their constraints have been satisfied.

Retrieval tasks exemplify this multi-step structure. Given a user query, the goal is

to identify a ranked list of relevant entities from the entity space of a knowledge base,

where ground truth answers are used to evaluate prediction quality. The agent system must

comprehend the user’s request and its underlying constraints, use the provided tools to

search and filter across a potentially large and multimodal knowledge space, and finally

integrate all gathered information to produce an accurate and well-justified response.

4.4 AVATAR: Actor-Comparator System for User Queries

As described in Section 4.3, solving complex user queries requires agent systems to decom-

pose multi-constraint requests, strategically coordinate tool usage, and synthesize results
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from heterogeneous sources. This section describes how we build an agent system that can

learn to handle such queries effectively.

We begin by defining the actor agent, which is responsible for generating action se-

quences to answer user queries (Section 4.4.1). However, as we discuss, a single actor

agent faces fundamental challenges: it cannot easily recognize its own limitations or iden-

tify why certain strategies fail. This motivates augmenting the system with a comparator

agent that provides an external perspective, analyzing where the actor succeeds and fails to

generate holistic instructions for improvement (Section 4.4.2). Together, these two agents

form the AVATAR multi-agent system. In Table 4.1, we highlight four critical aspects of

our approach compared with prevailing agent frameworks [107, 150, 191].

4.4.1 Actor: The single agent and its limitations

Actor definition. The actor agent is responsible for answering complex user queries by

generating action sequences. Given initial instructions that describe the task and available

tools, the actor produces a sequence of actions, each invoking a tool from the tool space

T , to decompose the user’s request, gather relevant information, and synthesize a response.

These actions can be expressed as code (e.g., Python function calls) along with natural

language explanations of how the tools are employed.

Limitations of existing approaches. Prevailing agent frameworks like ReAct [191] rely on

hand-engineered prompts that work for simple cases but exhibit brittle behavior on complex

user queries. As shown in Table 4.1, ReAct lacks the ability to self-improve, retain memory,

or generalize to new query patterns.

Methods like Self-refine [107] and Reflexion [150] attempt to address this by having

the agent reflect on its own performance. However, these self-reflection approaches face a

fundamental limitation: a single agent cannot easily recognize its own systematic gaps.

When an agent fails on a complex user query, the failure may stem from multiple interacting

factors: incomplete decomposition of constraints, inappropriate tool selection, or flawed

synthesis of results. Self-reflection on individual failures tends to produce narrow fixes that

address surface-level symptoms rather than underlying patterns.
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The core challenge. Complex user queries require the agent to coordinate multiple inter-

acting components: how it decomposes multi-constraint requests, which tools it selects for

each constraint, and how it synthesizes intermediate results. Instructions generated from

a single failed query may identify one specific issue but miss systematic gaps that man-

ifest across different query patterns. Moreover, strategies that work well for one type of

query may fail on others, leading to poor generalization. Without an external perspective

to analyze performance across multiple queries, the actor cannot learn robust strategies for

fulfilling diverse user requests.

4.4.2 Comparator: Enable learning from contrastive reasoning

The limitations described above motivate augmenting the actor with an external agent that

can provide the perspective it lacks. We introduce the comparator agent, which analyzes

the actor’s performance across multiple queries to identify systematic gaps and generate

holistic instructions for improvement.

Key insight. Rather than relying on the actor to reflect on individual failures, the compara-

tor takes a fundamentally different approach: it contrasts queries where the actor succeeds

against queries where it fails. By examining what distinguishes successful from unsuccess-

ful cases, the comparator can identify patterns that the actor itself cannot see, for example,

that failures consistently involve queries with subtle brand mentions, or that the actor tends

to miss implicit constraints in longer requests. This contrastive reasoning enables the com-

parator to generate instructions that address root causes rather than surface symptoms.

Contrastive reasoning process. The comparator’s analysis proceeds in two steps:

Step 1: Constructing positive and negative query sets. As shown in Figure 4.1,

the comparator agent samples a set of user queries and evaluates the actor agent’s cur-

rent action sequence on each. Based on performance, queries are categorized into positive

(well-performing) and negative (poorly-performing) groups. Specifically, we define two

thresholds, ℓ and h (where 0 < h ≤ ℓ < 1): queries with evaluation metric above ℓ are

classified as positive, while those below h are classified as negative. We then sample a

mini-batch of b queries with an equal split (b/2 each) for contrastive analysis.

Step 2: Generating holistic instructions. The comparator contrasts the two groups to
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identify what distinguishes successful from unsuccessful cases. This analysis reveals sys-

tematic gaps in how the actor handles complex queries, including patterns in decomposition

failures, tool selection errors, or synthesis problems that recur across negative examples.

The comparator then generates instructions that address these gaps, providing guidance

on how to improve decomposition strategies, which tools to prefer for specific constraint

types, and how to better synthesize results. These instructions are appended to the actor’s

prompts for the next iteration.

Why batch-wise contrastive reasoning works. We draw an analogy to deep neural net-

work training, where extremely small batch sizes introduce high variance in gradient es-

timates. Similarly, instructions generated from a single failed query tend to be noisy and

narrow. By constructing batches of positive and negative queries, the comparator can ex-

tract a more robust “gradient,” identifying patterns that consistently distinguish success

from failure rather than idiosyncratic features of individual examples.

This batch-wise approach offers three advantages:

• It encourages comprehensive instructions that address all three stages of query-solving

(decomposition, tool coordination, synthesis) rather than focusing on one surface-level

fix.

• Contrastive reasoning directly targets the relationship between query patterns and tool

effectiveness, helping identify which strategies work for which types of constraints.

• By analyzing failures across diverse queries, the comparator generates instructions that

generalize to novel cases rather than overfitting to specific examples.

Demonstration example. Figure 4.3 illustrates the comparator’s analysis in action. When

contrasting positive and negative queries, the comparator observes that failures consistently

involve queries with more complex product descriptions, more subtle brand mentions, and

additional relevant product requirements. From these patterns, it identifies three systematic

gaps in the actor’s approach: (1) incomplete decomposition that misses detailed product

features, (2) inappropriate tool selection that uses embedding similarity for brand matching

when more precise verification is needed, and (3) insufficient synthesis that fails to incor-

porate related products. The comparator then generates instructions addressing each gap,
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“Looking for Santa Cruz skateboard decks.
I'm interested in the traditional circle motif, preferably 
in white, red, or yellow color schemes”

“What are some adjustable
caps from Top of the World 
featuring the SEC logo on the 
side? “

Actions

“What are the affordable and 
quality car emblems from the 
Football Fanatics brand? “

“Where can I find Aminco silicone rubber
bracelets that will match my NFL Tampa 
Bay Buccaneers wristbands?. “

Action 1: attribute ← ParseAttributeFromQuery[query, (brand)]
. . .

Action 3: brand_score ← ComputeEmbeddingSimilarity[
attribute.brand, GetEntityDocuments()]

<Task & Tool description>, <Actions>
Post-action execution, the queries exhibited varying performances.
Well-performing queries: <positive query list>
Poorly performing queries: <negative query list>
Your task:
1) Contrast the two groups of queries.
2) Examine the actions focusing on key query characteristics.
3) Identify systematic discrepancies in the actions.

<Contrastive Reasoning>
Some queries with straightforward product features yielded good 
results, while those with specific product descriptions and more 
implicit brand mention underperformed. 
This suggests that the actions may not effectively capture and 
utilize details related to specific features.

<Suggested Improvement>
I suggest to better parse and utilize query attributes, 
including type, and any mentioned products.
Moreover, actions should employ better tools for accurate 
brand matching and more sophisticated scoring that 
leverages both textual and relational info.

Action 1: attribute← ParseAttributeFromQuery[query, (brand, features, type, related_products)]
. . .
Action 5: brand_score ←  CheckRequirementByLLM[attribute.brand, GetEntityDocuments()]
Action 6: candidates ← GetRelatedProducts[attribute.related_products]

Updated Instructions (Partial)

Task for Comparator

Actor

Comparator

Actions

Iteration 𝒕

Iteration (𝒕 + 𝟏)

Generate 
Updated   

Instructions

Prompt

Generate

Input

Figure 4.3: Demonstration example during optimization. Best viewed in color. The com-
parator contrasts positive and negative queries to identify systematic gaps, then generates
holistic instructions that help the actor improve query decomposition, tool coordination,
and result synthesis.

for example, recommending that the actor replace the embedding tool with an LLM veri-

fication tool for precise constraint matching. These instructions help the actor learn robust

strategies that transfer to new queries with similar characteristics.

4.4.3 AVATAR System: Optimization and deployment

Having defined the actor and comparator agents, we now describe how they work together

in the complete AVATAR system.

Iterative optimization. The optimization proceeds iteratively. In each iteration, the com-

parator samples queries, evaluates the actor’s current performance, constructs positive and

negative sets, and generates instructions through contrastive reasoning. These instructions

are appended to the actor’s prompts, and the actor generates revised action sequences. This

cycle repeats, with each iteration refining the actor’s strategies based on the comparator’s

analysis.
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Logistic instructions. In addition to the comparator’s strategic instructions, we incorporate

two types of logistic instructions to ensure actions are valid and efficient:

• Validity check: Triggered during action execution to verify correct function calls and

valid tool usage.

• Timeout error: A mechanism that triggers an error if processing exceeds a threshold,

prompting the actor to adopt more efficient strategies.

Memory bank. To prevent the actor from repeating previous mistakes, we maintain a

memory bank following Shinn et al. [150]. The memory stores tuples of action sequences,

comparator instructions, and performance metrics. To manage context size, we retain only

the top-5 action sequences with the best performance. This enables the actor to learn from

both immediate instructions and historical results.

Deployment. After optimization, the actor with best-performing instructions can be de-

ployed to handle new user queries. As shown in Figure 4.1, the optimized actor uses

the learned strategies for decomposing multi-constraint requests, coordinating tool usage,

and synthesizing results. Because these strategies were derived from contrastive reasoning

across diverse queries, they generalize effectively to novel user requests.

4.5 Experiments: Evaluating agent systems

Tasks and Evaluation. We conduct experiments to evaluate how effectively AVATAR

helps agents solve complex user queries across diverse collaborative scenarios:

• STARK [182]: The semi-structured knowledge base benchmark introduced in Chapter 3.

The function library for this task is shown in Table 4.3.

• FLICKR30K-ENTITIES [130]: An image retrieval dataset where user queries combine

textual descriptions with visual references. Users express requests like “a person in a red

shirt near a bicycle,” requiring agents to coordinate phrase matching across annotated

bounding boxes and descriptive text. We assess task performance using Hit@1, Hit@5,
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Function Name Input Description

Information Access Tools
ParseAttributeFromQuery query, attributes Parse query into dictionary based on attributes
GetBagOfPhrases image ids (list) Get list of phrases for each image
GetEntityDocuments image ids (list) Get text information for each image
GetClipTextEmbedding string (list) Embed strings into embeddings
GetPatchIdToPhraseDict image ids (list) Get patch id to phrase dict for each image

Visual Information Tools
GetImages image id lst (list) Return images with corresponding ids
GetClipImageEmbedding image lst (list) Embed images into tensors
GetImagePatchByPhraseId image id, patch id Return patch image for given image and patch id

Semantic Matching Tools
ComputeEmbeddingSimilarity emb 1, emb 2 Compute cosine similarity of two embeddings
ComputeF1 string to match, strings Compute F1 score between string and each target
TokenMatchScore string to match, strings Compute recall score between string and each

target
ComputeExactMatchScore string to match, strings Compute exact match score for each target

LLM-based Reasoning Tools
Vqa question, image lst Use LLM to answer question based on images
ExtractVisualAttributes attribute lst, image lst Use LLM to extract attributes from images

Utility Tools
FINISH final answer list Indicate end of task with final answer

Table 4.2: Function library on FLICKR30K-ENTITIES. Tools are grouped into five cate-
gories: information access, visual information, semantic matching, LLM-based reasoning,
and utility.

Recall@20, and Mean Reciprocal Rank (MRR) metrics. The function library for this

task is shown in Table 4.2.

• Question-answering benchmarks: HotpotQA [189], ArxivQA [94], ToolQA [221],
where users ask complex questions requiring multi-hop reasoning and information syn-

thesis. We sample 100, 100, and 40 training queries, and 100, 100, and 60 testing queries

for the three benchmarks, respectively. We use exact match (EM) score on HotpotQA.

For ArxivQA and ToolQA, we use the LLM judge score for more reliable evaluation.

Baselines. We compare AVATAR with several agent frameworks. As discussed in Sec-

tion 4.4.1, ReAct [191] and Reflexion [150] represent prevailing approaches that either

lack self-improvement capabilities or rely on single-instance reflection. We additionally

compare against:
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Function Name Input Description

Information Access Tools
ParseAttributeFromQuery query, attributes Parse query into dictionary based on at-

tributes
GetTextEmbedding string (list) Embed strings into embeddings
GetRelevantChunk query, node id Get the relevant chunk of information for the

node based on the query
GetFullInfo node id Get the full information of the node
GetEntityDocuments node id Get the text information of the node

Relational Information Tools
GetRelationInfo node id Get the relation information of the node
GetRelationDict node id Get the relation dictionary for the node
GetRelatedEntities node id Get the nodes related to the specified node
GetEntityIdsByType type Get the IDs of nodes with the specified type
GetEntityTypes node id Get the type of the node
GetEntityEmbedding node ids (list) Get the embedding indices of nodes

Semantic Matching Tools
ComputeEmbeddingSimilarity emb 1, emb 2 Compute cosine similarity of two embed-

dings
ComputeQueryEntitySimilarity query, node ids Compute embedding similarity between

query and nodes
ComputeExactMatchScore string, node ids Compute exact match score for each node
TokenMatchScore string, node ids Compute recall score between string and

node info

LLM-based Reasoning Tools
SummarizeTextsByLLM texts (list) Use LLM to summarize the provided texts
ClassifyEntitiesByLLM node ids, classes Use LLM to classify nodes into classes
ClassifyByLLM texts, classes Use LLM to classify texts into classes
ExtractRelevantInfoByLLM texts, extract term Use LLM to extract relevant information

from texts
CheckRequirementsByLLM node ids, requirement Use LLM to check if nodes satisfy require-

ment
GetSatisfactionScoreByLLM node ids, query Use LLM to score nodes based on query

Utility Tools
FINISH final answer list Indicate end of task with final answer

Table 4.3: Function library on STARK. Tools are grouped into five categories: informa-
tion access, relational information, semantic matching, LLM-based reasoning, and utility.

• ExpeL [209] extracts insights from successful and failed action sequences, retrieving and

including them in the context during inference. We apply ExpeL on the QA datasets.

• Retroformer [192] reinforces LLM agents and automatically tunes their prompts by

learning a retrospective model through policy gradient. We compare the performance of

AVATAR with the reported result by Retroformer on HotpotQA.
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We include AVATAR-C, which removes the Comparator from our optimization pipeline.

This comparison aims to validate the effectiveness of the Comparator.

LLM backbones. For the knowledge retrieval tasks, we use claude-3-opus as the

backbone LLM. For the QA tasks, we use gpt-4 for HotpotQA for fair comparison with

previous methods and gpt-4o for ArxivQA and ToolQA.

Function library. For STARK, we use the function library described in Table 4.3. For the

image retrieval tasks, our function library provides access to visual and textual informa-

tion, including tools for retrieving annotated phrases, computing embedding similarities,

and evaluating visual attributes (Table 4.2). For the QA tasks, we provide web search

tools: WEB SEARCH for general-purpose web queries, ARXIV SEARCH for retrieving aca-

demic paper metadata, WIKI SEARCH for Wikipedia lookups, and RETRIEVE FROM DB

for database retrieval (ToolQA only). We used the same function library across all agent

methods.

General pipeline. For AVATAR, we optimize the agent for a fixed number of epochs

and select the instruction with the highest performance. We use the same initial prompt

structure, the metric Recall@20 or Accuracy for constructing positive and negative queries,

and hyperparameters (ℓ = h = 0.5, b = 20) for all datasets.

4.5.1 STaRK: Semi-structured knowledge base retrieval

We evaluate AVATAR on the STARK benchmark introduced in Chapter 3, which requires

agents to retrieve entities from semi-structured knowledge bases combining relational graph

structure with free-text documents. User queries in STARK involve multiple heterogeneous

constraints that must be verified against different parts of the knowledge base.

Takeaway 1: Multi-agent system outperforms baselines on semi-structured retrieval.
Table 4.4 shows that AVATAR consistently outperforms both embedding-based methods

and agent baselines across all three STARK datasets. On AMAZON, AVATAR achieves

49.87% Hit@1, a 16.6% relative improvement over Reflexion. On MAG, which involves

academic paper retrieval with complex relational constraints, AVATAR improves Hit@1

by 9.0% over Reflexion. The gains are particularly notable on PRIME, where AVATAR
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Table 4.4: Retrieval performance (%) on STARK benchmark. AVATAR achieves up to
16.5% relative improvement in Hit@1 over the best baseline. We compare AVATAR against
embedding-based retrieval (multi-ada-002) and agent baselines. Results for other non-
agentic baselines are reported in Chapter 3.

AMAZON MAG PRIME

Hit@1 Hit@5 R@20 MRR Hit@1 Hit@5 R@20 MRR Hit@1 Hit@5 R@20 MRR

multi-ada-002 40.07 64.98 55.12 51.55 25.92 50.43 50.80 36.94 15.10 33.56 38.05 23.49
ReAct 42.14 64.56 50.81 52.30 31.07 49.49 47.03 39.25 15.28 31.95 33.63 22.76
Reflexion 42.79 65.05 54.70 52.91 40.71 54.44 49.55 47.06 14.28 34.99 38.52 24.82
AVATAR-C 40.92 63.63 53.68 51.73 33.25 52.17 47.88 41.34 8.82 23.82 30.32 16.20
AVATAR 49.87 69.16 60.57 58.70 44.36 59.66 50.63 51.15 18.44 36.73 39.31 26.73

Relative
16.6% 6.3% 9.9% 12.2% 9.0% 9.6% -0.3% 8.7% 20.7% 5.0% 2.1% 7.7%

Improvement

achieves 18.44% Hit@1 compared to 15.28% for ReAct and 14.28% for Reflexion, demon-

strating that multi-agent contrastive reasoning is especially effective when queries require

coordinating constraints across diverse information types.

Takeaway 2: The Comparator enables systematic improvement through contrastive
analysis. The comparison between AVATAR and AVATAR-C (which removes the Com-

parator) reveals the critical role of multi-agent collaboration. Without the Comparator’s

contrastive reasoning, AVATAR-C performs worse than even single-agent baselines on

PRIME (8.82% vs 15.28% Hit@1 for ReAct). This demonstrates that validity checks and

timeout mechanisms alone are insufficient; the Comparator’s ability to identify systematic

gaps across queries is essential for learning robust strategies.

Takeaway 3: Multi-agent contrastive reasoning systematically improves query han-
dling. Figure 4.4 presents concrete cases illustrating how the Comparator helps the Actor

learn to solve complex user queries. By contrasting queries where the Actor succeeds ver-

sus fails, the Comparator identifies three types of systematic gaps: (1) information omission

where the Actor misses key constraints from user requests, (2) ineffective tool usage where

the Actor applies inappropriate tools for specific constraint types, and (3) suboptimal syn-

thesis where the Actor fails to properly weight results from different sources. The instruc-

tions generated by the Comparator address these gaps, leading to more robust strategies

that generalize to novel user queries.
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Figure 4.4: Representative instruction types from the Comparator for solving complex user
queries. We show three cases where the Comparator guides the Actor towards (1) better
divide-and-conquer strategies for decomposing multi-constraint requests, (2) more effec-
tive differentiation between good and bad tool usage for coordinating heterogeneous con-
straints, and (3) adjustments in weights to synthesize results from multiple information
sources.
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Table 4.5: Retrieval performance (%) on FLICKR30K-ENTITIES. AVATAR achieves up to
13.0% relative improvement in MRR over the best baseline.

Hit@1 Hit@5 R@20 MRR

clip-vit-large-patch14 37.2 56.4 72.8 46.3
ReAct (claude3) 38.8 54.8 71.6 46.1

Reflexion (claude3) 28.4 53.2 75.2 41.2
AVATAR-C (claude3) 28.8 53.2 78.4 40.0

AVATAR (claude3) 42.4 63.0 79.2 52.3

Relative Improvement 9.2% 11.7% 5.3% 13.0%

4.5.2 Flickr30K: Image retrieval with multi-modal queries

We experiment on FLICKR30K ENTITIES [130], an image retrieval dataset where users

express queries combining textual descriptions with visual references. The dataset contains

30k images, each with annotated bounding boxes and descriptive phrases. Formally, each

sample consists of an image vi, its descriptive caption qi (which serves as the query), and

entity bounding box information Ti = {(cij, pij)}bij=1, where cij is the coordinate of the

j-th bounding box and pij describes the entity within it. The agent can access images

and bounding box information but not captions (to prevent information leakage). Each

user query requires agents to understand natural language descriptions (“a person in a red

shirt”) and coordinate them with visual elements (“near a bicycle”), then retrieve images

that satisfy both constraints.

Takeaway 4: Batch-wise contrastive reasoning prevents overfitting to specific exam-
ples. Table 4.5 shows that our multi-agent system achieves significant improvements over

existing methods, and Figure 4.5 illustrates the optimization dynamics over iterations.

While ReAct agents struggle to coordinate textual and visual constraints, often applying

tools based on generic patterns, AVATAR learns to systematically decompose multi-modal

user requests and apply appropriate tools through multi-agent collaboration. In contrast,

Reflexion agents struggle with “overfitting,” where they are easily misled by specific image

data, leading to inappropriate actions (e.g., trying to “extract the color of a hat” from images

without hats). Our multi-agent system effectively avoids such pitfalls through batch-wise
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Figure 4.5: AVATAR’s optimization dynamics on FLICKR30K-ENTITIES. Performance
improvement over iterations.

contrastive reasoning, which provides a broader perspective on how to handle diverse user

queries.

Takeaway 5: The multi-agent system discovers novel strategies beyond tool usage.

Figure 4.6 shows the final action sequence optimized by AVATAR on FLICKR30K-ENTITIES.

Through multi-agent optimization, the Actor skillfully manages input queries and leverages

Inverse Document Frequency (IDF) scores to refine phrase matching, ultimately synthe-

sizing accurate answers. Beyond using existing tools, our multi-agent system can help

the Actor develop high-level strategies, such as IDF-based reweighting for multi-constraint

queries, suggesting a promising direction for multi-agent systems that can adapt their strate-

gies to complex user needs.

4.5.3 QA Benchmarks: Multi-hop reasoning tasks

We apply AVATAR to three widely used QA benchmarks where users ask complex ques-

tions requiring multi-hop reasoning. For ToolQA, we test AVATAR on two different do-

mains: SciREX, which focuses on extracting information from full-length machine learn-

ing papers, and Agenda, which involves personal agenda-related questions. Both datasets
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Input: Any query (example: "A man with pierced ears is wearing glasses and an orange hat .");
   Action Space: {GetImages, GetEmbeddingSimilarity, GetVisualAttributesByLLM, , ...]
Output: Retrieved Image IDs

✅ Remove empty spaces or non-alphabetic characters
Action 1: CleanQueryText[query]
Result 1: normalized_query ← "a man with pierced ears is wearing glasses and an orange hat"

✅ Get all phrases from the knowledge base
Action 2: GetBagofPhrases()
Result 2: phrases_list ← [["a man", "grass", "sky"], ["a", "cat", ...]]

✅ Compute IDF for phrase importance
Action 3: ComputeIDFScores[Flatten[phrases_list]]
Result 3: idf_scores ← {"pierced": 0.5, "man": 0.0012, ...}

✅ Get visual attributes for the candidate images
Action 4: GetVisualAttributesByLLM[GetImages(), ["color", "object", "action", "count"]]
Result 4: visual_attributes ← {node_id_1: {"color": "red", ...}, node_id_2: {...}, ...}

✅ Evaluate textual and visual relevance
Action 5: [‘,‘.join(list) for list in phrases_list]
Result 5: phrase_sentences ← ["a man, grass, sky", "a, cat, playground”,...]

✅ Evaluate textual and visual relevance
Action 6: ComputeEmbeddingSimilarity[normalized_query, phrase_sentences]
Result 6: text_scores

Action 7: ComputeEmbeddingSimilarity[normalized_query, visual_attributes]
Result 7: visual_scores

✅ Match query phrases with node attributes using IDF scores
Action 8: MatchQueryPhrases[normalized_query.split(), visual_attributes]
Result 8: phrase_match_scores

✅ Reweight the phrase_match_scores with IDF score
Action 9: ReweightByIDFScore[phrase_match_scores, idf_scores]
Result 9: reweighted_match_scores

✅ Aggregate scores with weighted parameters
Action 10: WeightedSum[text_scores, visual_scores, reweighted_match_scores, weights=(0.5, 0.3, 0.2)]
Result 10: aggregated_scores

✅ Normalize scores for final ranking
Action 11: NormalizeScores[aggregated_scores]
Result 11: normalized_scores = {node_id: normalized_score, ...}

Final Result: answers = GetTopkEntities[normalized_scores, k=5]
✅ Excellent task performance

Figure 4.6: Optimized action sequence by AVATAR on FLICKR30K-ENTITIES. The Actor
learns to parse query attributes, compute semantic similarity scores using IDF weighting,
and synthesize results by combining multiple matching strategies.

have easy and hard versions with varying complexity in user queries.

Takeaway 6: Contrastive reasoning is especially effective for challenging multi-hop
queries. Table 4.6 shows that our multi-agent system consistently outperforms state-of-

the-art methods across all three QA datasets, with especially strong results on TOOLQA.
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Table 4.6: Performance (%) on three QA benchmarks. Last row shows the relative im-
provements over the best metric value in each column.

HOTPOTQA ARXIVQA
TOOLQA

SCIREX-EASY SCIREX-HARD AGENDA-EASY AGENDA-HARD

CoT 28.0% 58.0% 1.7% 0.0% 0.0% 0.0%
ReAct 40.0% 72.0% 31.7% 17.5% 38.3% 3.33%

Reflexion 46.0% 77.0% 28.3% 13.3% 30.0% 3.33%
ExpeL 39.0% 73.0% 36.7% 14.5% 56.6% 1.67%

Retroformer (#retry=1) 51.0% - - - - -
AVATAR-C 41.0% 73.0% 31.7% 13.3% 31.7% 1.67%

AVATAR 53.0% 84.0% 37.5% 23.3% 60.0% 4.17%

Relative Improvement 3.92% 9.09% 2.18% 33.1% 5.82% 25.0%

Table 4.7: Performance (%) on selected QA benchmarks. Relative improvements are com-
puted over the best non-AvaTaR baseline.

Method HOTPOTQA ARXIVQA TOOLQA (SciREX-hard)

ReAct 40.0% 72.0% 17.5%
Reflexion 46.0% 77.0% 13.3%

AvaTaR 53.0% 84.0% 23.3%

Relative Improvement +13.0% +9.1% +33.1%

In SCIREX-HARD, which focuses on extracting complex information from long scien-

tific papers where user questions combine multiple constraints, AVATAR shows a 33.1%

improvement, while in AGENDA-HARD, it achieves a 25.0% relative gain. These improve-

ments are attributed to the multi-agent system’s ability to generate optimized instructions

through contrastive reasoning that help the Actor systematically decompose complex user

questions, identify what information sources to query, and synthesize answers that address

all aspects of the user’s request. The gains are particularly pronounced on hard versions,

demonstrating that multi-agent contrastive reasoning is especially effective for teaching the

Actor to handle the most challenging multi-constraint user queries.

Discussion: How multi-agent contrastive reasoning helps solve complex user queries.

Across all experiments, we observe consistent patterns in how our multi-agent system helps

solve complex user queries:
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• Query decomposition: By contrasting successful and failed queries, the Comparator

identifies systematic gaps in how the Actor decomposes requests. The Actor often misses

implicit constraints or fails to recognize when constraints should be applied sequentially

versus in parallel.

• Tool coordination: Contrastive reasoning reveals patterns in tool usage, where the Ac-

tor learns which tools work best for specific constraint types and how to combine their

outputs.

• Result synthesis: The Comparator helps the Actor learn synthesis strategies for weight-

ing and integrating information from heterogeneous sources to produce answers that sat-

isfy all user constraints.

This systematic learning through multi-agent contrastive reasoning enables the Actor to

generalize to novel user queries, as evidenced by strong performance on held-out test sets

across all benchmarks.

4.6 Conclusion

In this chapter, we introduced AVATAR, a multi-agent system designed to solve complex

user queries during human-AI collaboration. The system consists of two components: an

Actor that generates action sequences to answer queries, and a Comparator that analyzes

the Actor’s performance through contrastive reasoning to generate holistic instructions for

improvement.

The key insight behind AVATAR is that a single agent cannot easily recognize its own

systematic gaps. By introducing an external Comparator that contrasts successful and failed

queries, we enable the identification of patterns that the Actor itself cannot see. The batch-

wise contrastive reasoning mechanism extracts robust “gradients” by analyzing multiple

queries simultaneously, addressing systematic gaps in query decomposition, tool coordina-

tion, and result synthesis.

Our experiments across seven diverse datasets demonstrate the effectiveness of this

approach. On the STARK benchmark from the previous chapter, AVATAR achieves up
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to 16.6% relative improvement in Hit@1 over the best baselines. On multi-modal image

retrieval and question-answering tasks, the multi-agent system consistently outperforms

existing methods, with especially strong gains on challenging queries requiring multi-hop

reasoning.

Limitations and looking ahead. While AVATAR demonstrates that multi-agent collabo-

ration through contrastive reasoning improves performance over single-agent approaches,

several limitations point toward the need for principled system-level optimization:

• AVATAR’s two-agent architecture (Actor and Comparator) represents a fixed topology;

scaling to systems with many specialized agents working together requires new mech-

anisms for coordination.

• The Comparator generates instructions based on query-level performance, but in larger

systems with multiple interacting agents, optimizing one agent in isolation may not

improve overall system performance if other agents are misaligned.

• The contrastive reasoning mechanism lacks formal guarantees about convergence or

alignment between local agent improvements and global system goals.

These limitations motivate the next chapter, where we address the fundamental chal-

lenge of scaling multi-agent benefits: how can we ensure that individual agents in a com-

pound agentic system remain aligned with shared collaborative goals? We introduce a

framework that learns globally aligned reward functions for each agent, enabling effective

optimization of systems with heterogeneous agents while maintaining alignment with user

needs.
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Chapter 5

Optimizing Large-scale Multi-Agent
Collaborators
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Figure 5.1: Overview of OPTIMAS. Given a multi-agent or compound AI system’s hetero-
geneous configurations (e.g., prompts, parameters) across multiple components, OPTIMAS

maintains globally aligned Local Reward Functions (LRFs) as the system evolves, where
each supervises a component and assigns higher local rewards to outputs with higher sys-
tem performance (aka. global rewards). It iteratively adapts LRFs and optimizes each
component to maximize its local reward for effective system optimization.

5.1 Introduction

In the previous chapter, addressing user queries benefits significantly from multi-agent ar-

chitectures. A two-agent system with an Actor and Comparator can solve complex user

queries more effectively than a single agent through contrastive reasoning. This raises a

102
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natural question: Can we scale these benefits further by building larger multi-agent sys-

tems with many specialized agents working together toward shared goals?

Indeed, modern AI systems increasingly employ such multi-agent systems—also re-

ferred to as compound AI systems in the literature [201]—that integrate multiple agents

and specialized components, such as Large Language Models (LLMs), tool-calling agents,

and machine learning models like retrievers [39, 81, 200]. Throughout this chapter, we

use these terms interchangeably to refer to systems where multiple AI components col-

laborate to serve user needs. These agents collaborate to process heterogeneous data

sources and solve complex user tasks through specialized subtask allocation [21, 77, 91,

201, 216]. While compound agentic systems have yielded performance advantages over

single agents [39, 63, 88, 92, 102], they introduce a fundamental challenge for human-AI

collaboration: how do we ensure that individual agents remain aligned with the shared col-

laborative goal? These systems can be highly sensitive to the failure of individual agents,

which leads to cascading failures in serving user needs [14, 16, 128, 161]. For example,

if one agent misinterprets a user query, it can retrieve irrelevant information. This leads

to downstream agents operating on incorrect inputs, producing unreliable outputs that fail

to address the user’s actual needs. Therefore, optimizing compound agentic systems as a

whole is crucial for maintaining alignment with user goals and achieving reliable global

system performance (i.e., global rewards).

However, optimizing compound agentic systems end-to-end to maintain alignment with

shared goals is fundamentally challenging:

• These systems are non-differentiable, preventing gradient-based optimization.

• Individual agents have heterogeneous configurations: some agents are controlled by

textual prompts, others by numerical parameters, model selection choices, or even fine-

tunable weights.

• Evaluating whether the entire agentic system serves user needs requires running all

agents together, which is costly.

Previous works have largely focused on optimizing individual agents in isolation, such

as improving agent prompts through textual feedback [81, 107, 181, 185, 200] or select-

ing better models through iterative search [21, 22]. Yet these approaches fail to maintain
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alignment across the full system. For example, a perfectly optimized query-understanding

agent can still fail if paired with a poorly configured retrieval agent. Even when individual

agents are well optimized, they may collaborate suboptimally because upstream agents lack

visibility into what inputs work best for downstream agents. This misalignment means pre-

vious methods require costly system runs over many configurations to find settings where

agents work well together, leading to low data efficiency and potential failures in serving

user needs.

Present work. To address the challenge of scaling multi-agent systems while maintaining

alignment, we propose OPTIMAS (Figure 5.1), a unified framework for optimizing com-

pound agentic systems effectively and data-efficiently. The core idea is to achieve collec-
tive intelligence through aligned local optimization: we learn a globally aligned Local

Reward Function (LRF) for each agent, such that independently improving each agent’s lo-

cal performance still reliably improves the overall system’s ability to serve user needs. We

show that under mild conditions, our approach converges reliably, providing strong theoret-

ical guarantees for this alignment-based optimization. Furthermore, since the learned LRFs

enable optimizing individual agents locally, OPTIMAS achieves higher data efficiency by

avoiding extensive runs of the entire agentic system to achieve high global reward.

Specifically, each LRF estimates how an individual agent’s output contributes to the

overall system goal. All LRFs share an LLM backbone with agent-specific projection

heads to produce tailored rewards. We propose a lightweight adaptation mechanism us-

ing mini-batch preference data to ensure these LRFs remain aligned with the shared goal as

the system evolves (Figure 5.3). Leveraging this decentralized structure, OPTIMAS applies

appropriate optimization methods to each agent based on its configuration type, for exam-

ple, reinforcement learning for model parameters [133, 140] or metric-guided search for

prompts and hyperparameters [97, 116, 185]. Overall, OPTIMAS iteratively updates het-

erogeneous agent configurations toward higher global reward by using each adaptive LRF

as a local objective. By optimizing each agent to maximize its local reward while main-

taining alignment, OPTIMAS reduces costly full-system runs and maintains higher data

efficiency.
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Figure 5.2: Five real-world compound AI systems. The goal is to automatically optimize
configurations across a heterogeneous set of components and parameters, e.g., model pa-
rameters, prompts, model selection choice, and hyperparameters. See Section 5.5.2 for
details.

We conduct extensive experiments to evaluate OPTIMAS across five real-world com-

pound agentic systems (Figure 5.2) that assist users with challenging tasks such as behavior-

driven product recommendation and medical analysis. OPTIMAS consistently outperforms

strong baselines, achieving an average relative improvement of 11.92% with higher data

efficiency, while baseline methods occasionally improve performance. For example, while

DSPy improves performance on the multi-hop QA system, it degrades performance on

other collaborative tasks like product recommendation. In contrast, OPTIMAS is the only

method that improves performance across all five tasks, demonstrating that our approach

successfully scales multi-agent benefits. This is consistent with our theoretical guarantee

(Section 5.4.4) that maintaining alignment between local agent optimization and global

system goals enables effective scaling of compound agentic systems.
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5.2 Related work

Multi-agent systems. Multi-agent systems show significant advantages. Small multi-agent

systems (2-3 agents) with specialized roles can solve complex user queries more effectively

than single agents [39, 102, 181]. However, scaling to larger compound agentic systems

introduces the challenge of maintaining alignment across many heterogeneous agents. Our

work addresses this scaling challenge by developing methods to keep individual agents

aligned with shared collaborative goals.

Optimizing single agents. Prior work extensively optimizes individual agents, focusing on

prompts for Large Language Models (LLMs) in single-step generation [18, 50, 107, 150,

175, 185, 197, 199]. However, these methods are limited in their ability to handle complex

collaborative tasks. For example, addressing complex user queries often requires combin-

ing multiple agents, such as query understanding agents, retrieval agents, and synthesis

agents, to serve user needs effectively.

Optimizing multi-agent compound systems. Compound agentic systems consisting of

multiple agents enable more complex planning and specialized processing for collabora-

tive tasks [39, 81, 102, 191, 206]. Previous studies typically optimize different agents

separately, such as optimizing agent prompts [81, 181, 200], fine-tuning model weights

using supervised learning [30, 210] or reinforcement learning [28, 99], developing model

routing [21] and layer grouping [20] strategies, and selecting hyperparameters [43, 100,

129, 171]. In contrast, OPTIMAS enables end-to-end optimization across all agents in the

compound system while maintaining alignment with shared goals.

Reward modeling and alignment for multi-agent systems. To maintain alignment in

multi-agent systems, recent works break down global rewards (e.g., answer accuracy) into

more targeted signals for individual agents (i.e., dense/process rewards). Representative

approaches include leveraging or bootstrapping from human step-wise annotations [98,

144, 164]; hierarchical planning that assigns rewards to error correction steps [169]; using

Monte Carlo Tree Search to assign credit to intermediate reasoning steps [19, 72, 106, 141,

167] or actions [29, 34]. Recently, Chen et al. [30] leverage Bayesian optimization to de-

compose global losses into local losses for optimizing model weights. OPTIMAS differs by
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dynamically maintaining alignment between local agent rewards and global system goals

through preference-based adaptation. This design scales to compound agentic systems with

heterogeneous agents, is applicable to both differentiable and non-differentiable configura-

tions, and does not require fixed decomposition or extensive retraining. The aligned local

optimization avoids extensive full-system runs and offers higher data efficiency for scaling

multi-agent systems. Moreover, we provide theoretical analysis to prove the convergence

of our framework. We highlight our key contributions in Table 5.1.

Table 5.1: A comparison of OPTIMAS with selected methods. OPTIMAS optimizes com-
pound systems with heterogeneous configurations and enables higher data efficiency with
local optimization to reduce number of system runs. We prove OPTIMAS’s convergence
under mild conditions.

Supports Optimizes
Data efficiency Convergence guarantee

compound system heterogeneous config.

OPRO [185] ✗ ✗ ✗ ✗

DSPy [81] ✔ ✗ ✗ ✗

TextGrad [200] ✔ ✗ ✗ ✗

LLMSelector [21] ✔ ✗ ✗ ✔

OPTIMAS ✔ ✔ ✔ ✔

5.3 Formulation: What is the objective for multi-agent

systems

Compound AI system. A compound AI system is represented as a directed acyclic graph

G = (C, E), where C = {Ck}Kk=1 is a set of K distinct components (task nodes) and E is

the set of all possible directed edges between components. A component of the compound

system can be an LLM, a general machine learning model, a model selector, etc.We denote

the input and output to each component Ck as xk and yk, respectively. The system input is

treated as a source node C0.

The system can operate with dynamic planning: for each input instance x, the connec-

tions E(x) ⊆ E between the components can be adaptive. A directed edge (Ci, Cj) ∈ E(x)
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indicates that the output of component Ci is routed as input to component Cj when pro-

cessing instance x. By default, we assume the component indices follow the topological

order over E , meaning that Ci is the upstream component of Cj if i < j.

Component configurations. A component Ck : (xk;vk) 7→ yk is controlled by a configu-

ration policy vk. The configuration space V can either be empty (indicating no optimizable

configuration for the component), discrete (e.g., textual prompts or model selections), or

continuous (e.g., model parameters or hyperparameters). We denote the joint configuration

policy by v = (v1, . . . ,vK).

Forward execution. For a given input x and configuration policy v, the system executes

components in topological order over the edge set E(x): yk = Ck

(
{yi | Ci ∈ pa(Ck)}; vk

)
,

where pa(Ck) denotes all the parents of component Ck over E(x). For clarity, we define

the overall system as f(x; v) := y, where y is a collection of outputs from one or more

components.

Optimization objective. Given a dataset D with initial inputs and a user-defined global

reward function R : X × Y → R that evaluates the final system output, the optimization

goal is to find the configuration policy v⋆(x) that maximizes the expected global reward:

v⋆ = argmax
v

Ex∼D
[
R(x, f(x; v))

]
. (5.1)

5.4 OPTIMAS: Unified Multi-Agent System Optimization

Challenges. Directly optimizing the objective in Eq. 5.1 is difficult. As the configuration

spaces are typically non-differentiable, gradient-based optimization cannot be used. More-

over, each policy vk may control a different configuration type, so the joint policy v can

span heterogeneous spaces. Therefore, previous efforts [21, 81, 200, 210] largely focus on

optimizing the policy for single types of configurations, which simplifies the optimization

problem; however, this also leads to suboptimal compound systems.

Key intuition. To address the challenges, our approach (Figure 5.3) learns Local Reward
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Figure 5.3: OPTIMAS optimization iteration. At each iteration, OPTIMAS updates a com-
ponent Ck by first collecting a mini-batch of preference data and adapting its Local Reward
Function rk to remain aligned with the global task metric. This alignment helps ensure that
optimizing the component to maximize its local reward also improves the global reward.

Functions (LRFs) that align with the global reward for individual components, allowing lo-

cal and independent optimization on heterogeneous components using different optimiza-

tion approaches.

Such local-global alignments (Section 5.4.1) encourage the global reward to increase

during local optimizations (Section 5.4.3). Moreover, as the system configurations change

during optimization, the LRFs should be adapted to remain aligned. To ensure alignment,

OPTIMAS employs a lightweight adaptation mechanism that updates LRFs with mini-

mal data sampled from the system, preserving consistency with the global reward (Sec-

tion 5.4.2).

5.4.1 Local Reward Functions: Align local with global objective

Definition (Local Reward Function (LRF)). An LRF on component Ck is defined as

rk : (xk, yk)→ R, which evaluates the component’s output yk given the context xk.

Implementation. We implement all LRFs with a LLM backbone ϕ and separate linear
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heads hk for a component Ck. The backbone encodes the concatenated text inputs [xk, yk]

into an embedding, and the corresponding head projects this embedding to a scalar reward

value. Using such a multitask neural network ensures scalability with large number of

components and reduces memory costs. Specifically, each LRF is modeled as:

rk(xk, yk) = hk ◦ ϕ([xk, yk]), for all k if vk is non-empty. (5.2)

Property (Local–global alignment). An LRF rk is said to be aligned with the global

reward R if, for every input x and for any two candidate outputs y+k , y
−
k of Ck,

rk(xk, y
+
k ) ≥ rk(xk, y

−
k )

=⇒ Edownstream

[
R
(
x, f(x;v−k)

) ∣∣ y+k ] ≥ Edownstream

[
R
(
x, f(x;v−k)

) ∣∣ y−k ], (5.3)

where v−k denotes the configurations of all downstream components (those that directly or

indirectly receive information originating from Ck). The expected global reward for each

candidate output is estimated via Monte Carlo sampling. This involves executing the down-

stream components with the candidate output and the outputs from the non-downstream

components fixed, capturing their stochasticity, and averaging the resulting global rewards

from the final system outputs.

Objective of reward functions. To make each LRF rk conform to the local-global align-

ment property, we collect Dk(v), a preference dataset under the current system configura-

tion v, and train each rk using a pairwise log-sigmoid ranking loss:

Lk(Dk(v)) = −E(xk, y
+
k , y−k )∼Dk(v)

[
log σ

(
rk(xk, y

+
k )− rk(xk, y

−
k )

)]
, (5.4)

The collection of Dk(v) follows the following steps: 1) execute the compound system

up to Ck and record the partial trajectory
〈
x, (x1, y1), . . . , (xk−1, y k−1)

〉
; 2) sample two

candidate outputs for Ck (e.g., via higher-temperature decoding or alternate hyperparame-

ters); and 3) estimate their expected task metrics according to the expectation terms on the

right-hand side of Eq. 5.3. The output with the higher expected value is labeled as y+k , and

the other as y−k in Dk(v).
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5.4.2 Adaptation: How to maintain alignment during optimization

Problem: Misaligned LRFs in the evolving system. As the system configuration changes

during optimization, LRFs trained under a previous configuration vt may become inaccu-

rate under the updated configuration vt+1. Specifically:

• After updating Ck, the same outputs from its upstream component Ci (i < k) may lead

to different global reward, making ri misaligned.

• Its downstream components Cj (j > k) now receive inputs generated by the updated Ck,

which may fall outside the distribution seen by their LRFs.

These shifts accumulate over time, degrading the local–global alignment property (Eq. 5.3)

that LRFs are designed to satisfy.

However, retraining all LRFs from scratch after every configuration update is expen-

sive. To address this, we develop a lightweight adaptation strategy that incrementally re-

fines the LRFs as the system changes, maintaining alignment without full retraining.

Stage 1: Initial reward modeling. Given the initial system configuration and a dataset

with initial inputs, we first construct an offline preference dataset for each component and

train its LRF to convergence. This offline phase establishes well-aligned LRFs that accu-

rately reflect each component’s contribution to the global reward.

Stage 2: Online reward function adaptation. When any configuration changes, we sam-

ple a small batch of input data and construct a mini-batch of preference data Bk for each

component Ck using the steps described in Section 5.4.1. We then optimize the LRF on Ck

on the objective Lk(Bk) following the definition in Eq. 5.4. To enable stable optimization

and improve data efficiency, we maintain a buffer of previously generated preference data

in Bk. This adaptation helps maintain the local-global alignment property in Eq. 5.3.

5.4.3 Optimization: How to optimize with aligned reward functions

Local Optimization. As each component has its own LRF, OPTIMAS flexibly applies a

specialized optimization method for each component. Given a globally aligned LRF rk,
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we perform local optimization on each component Ck to improve its configuration vk.

Specifically, we solve:

vt+1
k = arg max

vk∈Vk

Exk

[
rk
(
xk, Ck(xk;vk)

)]
subject to d

(
vk,v

t
k

)
≤ δ, (5.5)

where vt
k is the configuration before the t-th iteration, d(·, ·) is a distance function over

configurations, and δ defines a trust region that bounds allowable updates. This constraint

ensures that rk is used within a region where it is expected to produce reliable evaluations.

In practice, explicitly setting the trust region threshold δ can be difficult due to heteroge-

neous configuration types (e.g., continuous weights or discrete tokens). Instead, we adopt

a conservative number of update steps to restrict the magnitude of change during each

iteration.

The specific optimization approach depends on the configuration type:

• Prompt tuning. For textual prompts, we apply prompt optimization algorithms [181,

185], using rk as the evaluation metric. We sample multiple prompts limited by a max

number of prompt candidates. The prompts are ranked by average reward over validation

instances, and the best-performing prompt is selected.

• Model fine-tuning. When Ck is an LLM or neural model with trainable parameters, we

apply reinforcement learning algorithms, e.g., Proximal Policy Optimization (PPO) [140],

using rk as the critic. The model parameters are updated for a small and fixed number of

steps.

• Model selection and hyperparameter tuning. For discrete or low-dimensional con-

tinuous configurations, such as model selection, tool routing, or scalar hyperparameters,

we formulate the optimization as a sampling problem parameterized by a probabilistic

distribution. Since these configurations are instance-specific, the expectation in Eq. 5.5

reduces to a single input. For each input x, we evaluate a set of candidate configurations

using the LRF rk, and compute a probability distribution over candidates proportional

to exp{rk(xk, Ck(xk;vk))}. This distribution is then used to sample the configuration

update for the current iteration.

Under a conservative update to the configuration of a component Ck, the expected
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global reward is guaranteed to maintain or improve, if the local-global alignment property

in Eq. 5.3 holds.

Overall algorithm (Algorithm 1). Starting with the initial system configuration, OPTI-

MAS leverages initial reward modeling to learn a set of LRFs that are well-aligned with the

global reward. At each optimization iteration, OPTIMAS randomly selects a component to

optimize, conducts local optimization, and if the local configuration change leads to im-

proved global reward, it updates the system and adapts the LRF using minimal amount of

data. To prevent potential cascading errors, the new configuration is accepted only if it

improves the global reward on a small validation set. Since the optimization with LRFs is

conducted locally, the number of system runs to achieve a high global reward is reduced,

as we later show in the experiments.

5.4.4 Theory: Why does local optimization improve global rewards

We prove that the local–global alignment property holds for the LRFs constructed in Sec-

tion 5.4.1.

Theorem 5.4.1. Under the conditions specified below, the maximizer of Eq. 5.4 satisfies the

local-global alignment property Eq. 5.3. In addition, maximizing rk(x,Ck(xk;vk)) over vk
and maximizing R(x, f(x;v−k) | Ck(xk;vk)) over vk will yield the same solution.

According to the procedure described in Section 5.4.1, the positive and negative pairs

are determined by comparing the expected task metrics. We assume the estimated metrics

at y+k and y−k are chosen following

P(y+k is labeled as positive) =

σα

(
Edownstream

[
R
(
x, f(x;v−k(x))

) ∣∣ y+k ]− Edownstream

[
R
(
x, f(x;v−k(x))

) ∣∣ y−k ]),
where σα(u) = 1

1+exp(−αu)
is the sigmoid function with parameter α > 0. α = +∞

corresponds to the case where the pairs are chosen deterministically.

Proof. We first present a lemma.
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Algorithm 1 OPTIMAS: Multi-agent System Optimization with Locally Aligned Local
Reward Functions
Require: Components C = {C1, . . . , CK}
Require: Initial configuration v0 = (v0

1, . . . ,v
0
K)

Require: Initial reward function parameters Θ0 = {θ01, . . . , θ0K}
Require: Global reward R(·), preference dataset size k, total iterations T
Require: Training dataset D and validation dataset Dv

1: v∗ ← v0

2: Θt ← Θ0

3: for t = 0, . . . , T − 1 do
4: // Scheduler: choose a component to optimize
5: it ∼ Uniform

(
{1, . . . , K}

)
6: // Local optimization for the chosen component Cit

7: if Cit is an LLM with prompts then
8: ṽ t+1

it
← PROMPTOPTIMIZATION(vt

it , θ
t+1
it

)
9: else if Cit has trainable weights then

10: ṽ t+1
it
← PPOTRAIN(vt

it , θ
t+1
it

)
11: else if Cit has a hyperparameter configuration then
12: ṽ t+1

it
← HYPERPARAMETERSEARCH(vt

it , θ
t+1
it

)
13: ṽ← vt with vt

it replaced by ṽ t+1
it

14: // Validation
15: if

∑
xv∈Dv

R
(
xv, f(xv; ṽ)

)
>

∑
xv∈Dv

R
(
xv, f(xv;v

t)
)

then
16: vt+1 ← ṽ; v∗ ← vt+1

17: // Reward-model adaptation
18: Dt ← COLLECTPREFERENCEDATA(D,Θt, k) // create k (x+, x−) pairs
19: Θt+1 ← REWARDMODELTRAIN(Θt, Dt)
20: else
21: vt+1 ← vt; Θt+1 ← Θt

22: return v∗

Lemma 5.4.1. Suppose (x, y) ∈ Rp × {−1, 1} follows the distribution P(y = 1 | x) =

σ1(p
∗(x)) for some function p : Rp → (0, 1). Then

argmax
p

E[log(σ1(y · p(x)))] = p∗.

Proof. We take the derivative of the left-hand side with respect to p and set it to 0:

E
[
σ1(y · p(x)) · σ1(−y · p(x))

σ1(y · p(x))
· y

]
= 0,
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which is equivalent to

E[σ1(−y · p(x)) · y] = 0.

We then have

σ1(−p(x))σ1(p
∗(x))− σ1(p(x))σ1(−p∗(x)) = 0,

and therefore p(x) = p∗(x).

Applying this lemma, we can obtain the solution to Eq. 5.4 is α · Edown[R(f(x;v−k)) |
yk] for some positive α, and therefore it satisfies the local-global alignment property Eq. 5.3.

In the following, we then prove that maximizing rk(x, πk(x)) over vk and maximizing

R(x, f(x;v−k) | πk(x)) over vk will yield the same solution.

Lemma 5.4.2. Assume the local-global alignment property Eq. 5.3 holds for component

Ck. Let v(x) and ṽ(x) be two configuration policies that differ only in the policy for

component Ck; denote the corresponding local outputs by yk and ỹk, respectively. If

Ex

[
rk
(
xk, ỹk

)]
> Ex

[
rk
(
xk, yk

)]
,

then

Ex

[
R
(
x, f(x; ṽ(x))

)]
≥ Ex

[
R
(
x, f(x;v(x))

)]
.

Proof. Fix an arbitrary input instance x. Because the two policies differ only at Ck, all

other component configurations remain the same, so we can write

f
(
x;v−k(x), yk

)
and f

(
x;v−k(x), ỹk

)
,

where v−k(x) denotes downstream configurations (independent of the choice at Ck). By

assumption on the expected local reward, we have rk(xk, ỹk) ≥ rk(xk, yk) for almost every

x. Applying the alignment property Eq. 5.3 pointwise yields

Edownstream
[
R
(
x, f(x;v−k(x), ỹk)

) ∣∣xk

]
≥ Edownstream

[
R
(
x, f(x;v−k(x), yk)

) ∣∣xk

]
.
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Taking the expectation over x (law of total expectation) gives

Ex

[
R
(
x, f(x; ṽ(x))

)]
≥ Ex

[
R
(
x, f(x;v(x))

)]
.

Hence increasing the expected local reward for Ck cannot decrease, and may strictly in-

crease, the expected global objective.

Since solving (5.1) is generally challenging, we introduce some regularity conditions

to make the convergence analysis tractable.

As the configurations v are heterogeneous, where some of the coordinates are dis-

crete, and some are continuous, without loss of generality, we assume the first M con-

figurations v(1) = {v1, ...,vM} are continuous, and the last (K − M) configurations

v(2) = {vM+1, ...,vK} are discrete. We write the objective function Ex∼D
[
R(x, f(x; v)

]
as l(v) = l(v1,v2, ...,vK) := l(v(1),v(2)).

Assumption 5.4.1. Suppose for any given configuration v(2), the initial level set {v(2) :

l(v(1),v(2)) ≤ l(v0,(1),v(2))} is a compact set, where v0,(1) is the initialization used in the

algorithm for v(1). In addition, for every component k and every fixed v−k, l(·,v−k) has a

unique maximizer.

Theorem 5.4.2. Under Assumption 5.4.1, the algorithm will converge to the component-

wise maximum, that is, the limit point v∗ satisfies

l(v∗) ≥ l(vk,v
∗
−k),

for any k ∈ [K] and any vk.

Proof. We first show that the algorithm is essentially performing coordinate maximization

on l(v). Given a previous configuration vt, at time t, the updated configuration vt+1 only

changes the configuration of a single component, say, Ck. As the change is solved by maxi-

mizing rk(x,Ck(xk;vk)), by Theorem 5.4.1, this is equivalently maximizing l(vk,v−k) for

the k-th coordinate.
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To rule out cycling, we first prove that the discrete block v(2) stabilizes. Consider the

sequence (v1,(1),v1,(2)), (v2,(1),v2,(2)), ..., (vt,(1),vt,(2)), .... We first show that there exists

T > 0, such that for all k > 0, vT+k,(2) = vT,(2).

As v(2) are discrete, there are finitely many different configurations. In addition, ac-

cording to the assumption that the coordinate-wise maximum is unique, each update will

result in a strict increase in the objective function. Therefore, after a finite number of

iterations, v(2) will not change.

Now when we consider all the iterations that are later than the time T , v(2) is fixed, and

we only need to consider the update regarding v(1). In this case, we apply Theorem 4.1 of

[163] and complete the proof.

In fact, our theoretical analysis shows that by conducting local optimization, OPTI-

MAS is essentially performing coordinate maximization. Therefore, existing convergence

results for coordinate maximization directly apply. Note that the block-coordinate (round-

robin) updates adopted in OPTIMAS do not guarantee global optimality in non-convex

problems, but this does not constitute a flaw unique to our method; rather, it reflects a

standard limitation of non-convex optimization broadly, and our global convergence guar-

antees only hold under additional structural assumptions, such as Polyak-Łojasiewicz or

Kurdyka-Łojasiewicz conditions.

5.5 Experimental Setup

5.5.1 Benchmarks and Evaluation

We evaluate OPTIMAS on five real-world tasks (Figure 5.2):

• AMAZON (Behavior-Driven Next-Item Recommendation) [74]: The corpus is derived

from the Amazon MMLU dataset. Each instance consists of a user’s historical behavior

sequence (views, clicks, purchases) and the target “next item” to be recommended. We

split it into 335 / 60 / 99 user sequences (train / validation / test) after filtering malformed

entries. The evaluation metric is accuracy, i.e., whether the predicted item matches the

ground truth.
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• PUBMEDQA (Medical Analysis based QA) [73]: This dataset contains biomedical

abstracts paired with yes/no/maybe answers to research questions. We keep the origi-

nal “expert” split and discard ambiguous samples, resulting in 475 / 25 / 500 question-

abstract pairs. Our compound system frames the task as three-way classification; exact-

match accuracy is reported.

• STARK-PRIME (Semi-Structured KB Retrieval) [182]: This benchmark blends free-

text passages with relational triples from biomedical knowledge graphs. Queries are

natural-language questions; relevance labels are automatically propagated from the orig-

inal STaRK annotations. We use the original dataset split: 495 / 51 / 96 queries. Perfor-

mance is measured by Hit@1, the proportion of queries for which the top-ranked result

is a ground truth item.

• HOTPOTQA (Retrieval-Augmented Multi-Hop QA) [189]: We keep the official train/de-

v/test splits: 1000, 250, and 100 questions respectively. Each example contains a question

and its human-annotated answer. We report answer-level F1 score.

• BigCodeBench (Self-Verified Code Generation) [222]: We use a subset of the full-

instruction subset of BigCodeBench due to efficiency considerations. After proportion-

ally reducing the data, we obtain 500 / 25 / 70 coding tasks. Each sample includes a

natural-language specification and reference unit tests. Our metric is pass@1: the pro-

portion of generated programs that pass all tests in one try.

5.5.2 Multi-Agent System Design

We design a compound system per benchmark with diverse and common patterns for agen-

tic systems. Table 5.2 summarizes each pipeline’s modules. All systems are accessible in

our code repository.

The table illustrates how different modules require different types of optimization, from

prompt tuning and model-parameter fine-tuning (PPO) to discrete model selection and hy-

perparameter search. By unifying these heterogeneous updates within our OPTIMAS frame-

work, we effectively coordinate local improvements to achieve consistent global reward

gains.
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Table 5.2: Modules, models, and optimization methods. See system-specific details
below for the search spaces of Model Selection, Aggregator, and Retriever.

System Module Model Config Optimization

Amazon
Session Analyzer Qwen 2.5 1.5B Model Params (lr=10−5) PPO (RL)
Candidate Profiler Qwen 2.5 1.5B Model Params (lr=10−5) PPO (RL)
Next Item Decider GPT-4o-mini Prompt Prompt Opt.

PubMed

Context Model Selector – Model Selection (LLMs) Hyperparam Search
Context Analyst One of {gpt-4o, . . .} Prompt Prompt Opt.
Solver Model Selector – Model Selection (LLMs) Hyperparam Search
Problem Solver One of {gpt-4o, . . .} Prompt Prompt Opt.

STARK-PRIME
Text Scorer Claude 3 Haiku Prompt Prompt Opt.
Relation Scorer Claude 3 Haiku Prompt Prompt Opt.
Aggregator – Coefficients ∈ {0.1, 1.0} Hyperparam Search

HotpotQA

Question Rewriter GPT-4o-mini Prompt Prompt Opt.
Info Extractor GPT-4o-mini Prompt Prompt Opt.
Retriever – k ∈ {1, 5, 10, 25} Hyperparam Search
Hint Generator GPT-4o-mini Prompt Prompt Opt.
Answer Generator GPT-4o-mini Prompt Prompt Opt.

BigCodeBench
Code Generator Claude 3 Haiku Prompt Prompt Opt.
Unit Test Generator Claude 3 Haiku Prompt Prompt Opt.
Final Code Generator Claude 3 Haiku Prompt Prompt Opt.

System-specific details.

• AMAZON: Session Analyzer and Candidate Profiler both use the Qwen 2.5 1.5B model;

we optimize their model parameters with PPO reinforcement learning [140]. This helps

each module better encode task-specific knowledge, i.e., user sessions and product candi-

dates. The final Next Item Decider is a GPT-4o-mini module, whose prompt we optimize.

• PUBMEDQA: Two modules (Context Model Selector and Solver Model Selector) each

do discrete model selection from a list of seven LLMs (GPT-4o, GPT-4o-mini, GPT-

3.5-turbo, GPT-4-turbo, Claude-3.5-Haiku, Claude-3.5-Sonnet, Claude-3.7-Sonnet). At

inference time, these selectors use a reward model to pick the best LLM for each input

instance. The Context Analyst and Problem Solver modules then receive the chosen

model and optimize only the prompt for improved medical QA performance.

• STARK-PRIME: We have two scoring modules (Text Scorer, Relation Scorer), both us-

ing Claude 3 Haiku with prompt optimization. The Aggregator merges these two scores;

we tune two numeric weights, relation weight and text weight, each set in
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{0.1, 1.0}.

• HOTPOTQA: Four GPT-4o-mini modules (Question Rewriter, Info Extractor, Hint Gen-

erator, Answer Generator) each rely on prompt optimization to improve multi-hop rea-

soning. The Retriever has a key hyperparameter k, the number of passages to retrieve,

which we search over {1, 5, 10, 25}.

• BigCodeBench: All three modules (Code Generator, Unit Test Generator, Final Code

Generator) are Claude 3 Haiku LLMs; each uses prompt optimization to iteratively refine

code solutions based on test outcomes.

5.5.3 Baselines

We compare OPTIMAS against the following baselines:

• Unoptimized: The system uses default settings for all components.

• LLMSelector [21]: A lightweight policy selects the best LLM per component via model

routing, without updating other configurations. Only applicable on PUBMEDQA. We run

LLMSelector with the LLMDIAGNOSER to estimate per-module performance, following

their procedure. We perform two rounds of allocation updates with 100 training examples

each round.

• REINFORCE [175]: A policy-gradient baseline that directly updates the parameters of

local LLM components to maximize the task reward. This method is only applicable

on AMAZON, where we deploy two locally hosted LLMs with trainable parameters. We

optimize each component with REINFORCE using sampled trajectories from the full

system and propagate the scalar reward back to the corresponding module-level policy.

We use 16 rollouts per step to estimate the expected system performance, with learning

rate 10−5 for 100 training steps.

• Hierarchical Behavior Cloning (HBC) [86]: A hierarchical imitation learning method

that optimizes components to produce outputs similar to those that lead to high global

rewards. We collect successful trajectories to approximate ground truth intermediate

outputs, and then perform supervised updates on the local components to mimic the ideal
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behavior. We run HBC using the collected preference dataset by replacing the original

reward model with the embedding similarity score.

• TextGrad [200]: A gradient-based prompt tuning method using estimated gradients from

black-box LLMs to improve prompt efficacy. We run TextGrad using GPT-4o mini

to optimize each component’s prompt independently in separate epochs. Validation is

performed every two optimization steps using 20 held-out validation instances.

• DSPy [81, 116]: A prompt optimization framework using the MIPRO algorithm that

jointly refines module-level instructions and few-shot demonstrations. For fair compari-

son, we disable the few-shot example and system prompt optimization and only conduct

optimization on the user instructions. We dynamically set the number of iterations for

the MIPRO optimizer to match the budget of system runs in Table 5.6.

Moreover, we include a single-LLM reference that prompts an LLM to complete the

task directly, which serves to justify our compound system design.

For TextGrad, DSPy, and OPTIMAS, we consistently use the same 20 held-out valida-

tion instances on each dataset to select the best configurations.

5.5.4 Optimization Setup

At each optimization iteration t, we randomly select a module to optimize. Before on-

policy optimization, we train a reward model on preference pairs (“chosen” vs. “rejected”

system outputs) so it can assign higher scores to better outputs. Table 5.3 highlights the

main hyperparameters for this stage.

After training the reward model, we run iterative on-policy optimization for each mod-

ule in the compound AI system. Table 5.4 lists the key hyperparameters. When a module

is selected, we collect a small preference dataset, retrain (or adapt) the reward model as

needed, and then locally optimize that module’s parameters or prompts to maximize its

local reward.

All experiments were run on a node with 8 NVIDIA A100 GPUs (80 GB memory each);

depending on the complexity of the compound system and hyperparameters, training and

optimization typically finished in 2–8 hours.
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Table 5.3: Key hyperparameters for the local reward model training. We use LoRA for
memory efficiency and an early-stopping mechanism based on the evaluation loss to reduce
overfitting.

Parameter Value

Base model Llama 3 8B Instruct
LoRA rank 32
LoRA alpha 16
Maximum sequence length 2048 tokens
Learning rate 2e-6
Number of epochs 25
Batch size 32

Table 5.4: Key hyperparameters for on-policy optimization. The train size limits how
many examples are used to train each module’s local configuration, while the search size
sets how many samples we use when searching for the best local update.

Parameter Value / Description

Train size 50
Search size 50
Prompt candidates 3
Local optimization steps 3
Fresh input size 20
Validation size 20

5.6 Results

5.6.1 Main Results: How well does OPTIMAS compare to baselines

We compare OPTIMAS with the baselines under similar numbers of system runs. Under this

controlled data cost (Table 5.6), OPTIMAS consistently improves global rewards across all

compound systems, achieving an average relative improvement of 11.92% compared to the

best baseline.

For REINFORCE, while it yields performance gain from the unoptimized baseline,

OPTIMAS outperforms it by around 3%. Moreover, REINFORCE requires collecting the
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Table 5.5: Performance of each method on the compound systems. The best and second-
best results in each column are highlighted. Relative improvement is computed with respect
to the best baseline.

AMAZON

Product Rec.
(Acc.)

PUBMEDQA
Medical Analysis

(Acc.)

STARK-PRIME

Complex Retrieval
(MRR)

HOTPOTQA
RAG
(F1)

BIGCODEBENCH

Verified Code Gen.
(Pass Rate)

Single LLM 20.20±1.43 54.13±2.73 0.00±0.00 21.58±1.24 35.47±0.34
Unoptimized 21.21±3.78 57.46±0.75 40.73±0.64 33.80±1.51 36.67±1.35
REINFORCE 21.89±2.65 – – – –
LLMSelector – 67.93±0.09 – – –
HBC 21.55±2.07 58.80±0.58 36.95±0.59 21.16±0.97 27.78±2.08
TextGrad 20.88±3.53 56.96±2.24 41.31±1.67 24.86±1.19 35.71±0.10
DSPy 18.18±0.82 60.26±0.40 41.40±0.04 44.90±0.32 33.81±2.75
OPTIMAS 24.24±0.82 69.13±0.33 50.54±0.70 50.48±1.48 38.92±0.36
Rel. Improv. 14.3% 1.8% 22.1% 12.4% 9.0%

Table 5.6: Number of equivalent runs on the entire systems (in thousands). We compare
TextGrad, DSPy, and OPTIMAS from Table 5.5. We control the optimization process of
each to use comparable system runs.

AMAZON PUBMEDQA STARK-PRIME HOTPOTQA BIGCODEBENCH Average

TextGrad 0.32 0.70 0.70 2.12 0.18 0.80
DSPy 0.24 0.66 0.66 2.09 0.28 0.79
OPTIMAS 0.31 0.52 0.51 2.02 0.21 0.71

reward signal from downstream Monte Carlo sampling, which requires more than three

times the data compared to OPTIMAS. While the strong baseline DSPy shows notable

improvements on some datasets (e.g., a 21.6% gain on HOTPOTQA), its performance may

be inconsistent and can even degrade the system (e.g., a 14.3% drop on the AMAZON

dataset). For LLMSelector, it requires 2.8k times of forwarding through the entire system,

which is 3× more expensive than OPTIMAS.

5.6.2 Optimization Dynamics: How do configurations evolve

We study how the configurations change in the local optimization. Within a small num-

ber of iterations, OPTIMAS achieves a substantial average improvement of 41.7% over the

initial global reward on the validation sets, using lightweight and data-efficient updates.
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Interestingly, we observe mixed updates on prompts, model parameters, and hyperparame-

ters, which can lead to improved global reward. For example, updating the prompt of Text

Scorer in the 9th iteration improves global reward from 0.49 to 0.56. Among these cases,

they involve optimizing different components to achieve the highest global reward empiri-

cally, showing the importance of being able to optimize different types of configurations.

Table 5.7: Average pairwise ranking accuracy on validation sets. This measures how often
the method assigns a higher score to the output with higher expected global reward.

AMAZON PUBMEDQA STARK-PRIME HOTPOTQA BIGCODEBENCH Avg.

LLM Judge 51.25% 49.54% 54.37% 50.00% 42.45% 49.52%
OPTIMAS 84.93% 65.28% 76.64% 72.40% 90.57% 77.96%

5.6.3 Alignment Quality: How well do LRFs align with global rewards

We conduct extensive in-depth studies to understand the mechanism in OPTIMAS. To mea-

sure alignment quality of LRFs, we compute pairwise ranking accuracy: the probability

that an output with higher global reward receives a higher score than an output with lower

global reward. This reflects how well the learned LRFs align with global rewards. We

compare against an LLM Judge, which prompts a gpt-4o model to score the outputs of

components based on 20 in-context examples. This approach is similar to prior methods

such as TextGrad, which rely on few-shot reasoning over textual patterns. In Table 5.7,

LLM Judge performs closer to random guessing, due to the diversity and stochasticity of

component outputs that make it difficult to reason reliably. In contrast, our LRFs achieve

substantially higher performance. Moreover, LRFs internalize the local-global alignment

within their weights without relying on limited in-context examples, enabling more precise

alignment.

5.6.4 Sensitivity: Does better alignment lead to better optimization

To understand how alignment quality affects global reward, we conduct controlled exper-

iments, where we select a key component, apply local reward models with varying align-

ment quality to optimize it, and measure the average global reward achieved after updating
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Component Config. Config. Before Config. After

Next Item

Decider
Prompt

Pick the next item based on 

summary + feedback.

Based on the provided summary and feedback, select the next item that 

best aligns with the user's preferences and recommendations. Ensure 

that your choice reflects the desired characteristics outlined in the 

summary, while incorporating any constructive feedback received.

Candidate

Profiler
Parameters

< Model parameter change>
Session

Analyzer
Parameters

Candidate

Profiler
Parameters

Next Item

Decider
Prompt

Based on the provided summary and 

feedback, select the next item that 

best aligns with the user's 

preferences and recommendations. 

Ensure that your choice reflects the 

desired characteristics outlined in 

the summary, while incorporating 

any constructive feedback received.

Analyze the provided context (summary of user browsing 

behavior) and feedback (item-by-item assessments) to determine 

which candidate item the user is most likely to engage with next in 

their e-commerce session. Return only the index number of the 

chosen item. Consider how well each item aligns with the detected 

user intent from the context and the specific strengths/weaknesses 

noted in the feedback. Prioritize items that complement rather than 

duplicate what the user has already viewed.

Appendix

(a) AMAZON system
Appendix

Component Config. Config. Before Config. After

Aggregator Hyperparameter
{‘relation_weight’: 

0.1, 'text_weight': 0.1}
{'relation_weight’: 1.0, 'text_weight': 0.1}

Text

Scorer
Prompt

Given a question and a 

list of 5 entities with their 

property information, 

assign each entity a 

relevance score between 

0 and 1 based on how 

well its properties match 

the requirements 

described in the question.

You are tasked with assessing the relevance of five entities based 

on a specific question. For each entity, carefully analyze its 

properties in relation to the question\'s requirements. Assign a 

relevance score from 0 to 1, where 0 means no relevance and 1 

means complete relevance. Please provide a brief justification for 

each score, highlighting both direct matches and any relevant 

implicit connections. Strive for clarity and precision to ensure 

that the scores accurately reflect the entities\' relevance to the 

question.

Text

Scorer
Prompt

~(Same as “Config.

After” in the last row )

Given a question and a list of 5 entities, each with detailed 

property information, assign a relevance score between 0 

and 1 to each entity based on the following criteria:

(b) PRIME system

Component Config. Config. Before Config. After

Keyword

Extractor
Prompt

Extract keywords from the query to 

retrieve relevant content.

Extract the essential keywords and phrases from the 

following query to enhance content retrieval. Focus on 

the most impactful terms that represent the main idea.

Hint

Generator
Prompt Generate useful hints to answer the query.

Generate relevant and actionable hints to effectively 

address the given query, ensuring clarity and 

conciseness in your responses.

Answer

Generator
Prompt

Given some hints, directly answer the 

query with a short answer for the query.

Given 3 to 5 clear and relevant hints, provide a direct 

and concise answer to the query in no more than 10 

words. Your response should strictly focus on the 

question without any additional context or elaboration. 

If the hints are ambiguous, unclear, or insufficient to 

formulate an answer, clearly indicate that more 

information is needed for a proper response.

Retriever Hyperparameter (number of retrieved passages) k=1 k=5

Answer

Generator
Prompt

Given 3 to 5 clear and relevant hints, provide a direct 

and concise answer to the query in no more than 10 

words. Your response should strictly focus on the 

question without any additional context or elaboration. 

If the hints are ambiguous, unclear, or insufficient to 

formulate an answer, clearly indicate that more 

information is needed for a proper response.

Please provide a clear and direct answer to 

the following query, using the hints. Limit 

your response to 5 words or less, and include 

any relevant numerical data. Avoid any 

additional explanations or context.

Appendix

(c) HOTPOTQA system

Figure 5.4: Global reward and configuration updates over optimization iterations. We show
results for the three compound AI systems. For conciseness, we only show the local opti-
mization steps that lead to an increase in global reward on the validation sets. The annota-
tions show the optimized components.
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(a) Candidate Profiler on AMAZON (b) Answer Generator on HOTPOTQA

Figure 5.5: Effect of alignment quality on global rewards. Local reward models with vary-
ing alignment quality are used to optimize a selected component in each task, where we
observe that higher alignment quality yields higher global rewards.

the component. In Figure 5.5, we show a strong positive correlation between the LRF’s

alignment quality and the global reward improvement.

5.6.5 Interpretability: What do the learned reward functions capture

Given some hints, 
directly answer the query with a short answer.

(local reward=0.17, global reward=0.32)

Before optimizing with LRF:

After:

Given 3 to 5 clear and relevant hints, 
provide a direct and concise answer to the 

query in no more than 10 words

…. 
(local reward=0.22, global reward=0.36)

(a) Local-Global Reward Correlation (b) Prompts for Answer Generator on HotpotQA (c) Length-Local Reward Correlation

Figure 5.6: An interpretability study on what is learned by LRFs. With (a) a well-aligned
LRF, we find that (b) the optimized prompt explicitly constrains the output length of the
component. We attribute this to (c) the LRF preferring short outputs, which is consistent
with the use of F1 as global metric.

An important aspect of system optimization is interpretability, i.e., whether the configu-

ration updates are reliable and understandable. We provide a study in Figure 5.6, where the

LRF learns to favor concise answers. In fact, it is more feasible to interpret configuration
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updates with LRFs. Specifically, one can perturb the component outputs in certain ways,

and observe the changes in local rewards to obtain insights.

Local vs. global reward landscapes.

Table 5.8: Alignment between local and global reward landscapes on HOTPOTQA. Sweep-
ing the retriever’s top-k reveals closely aligned local and global reward landscapes.

k 1 2 3 5 10 15 25

Local reward 0.4247 0.5578 0.5695 0.6124 0.6117 0.5949 0.5123
Global reward 0.3398 0.3493 0.3325 0.3598 0.3645 0.3568 0.3465

To better understand how local objectives reflect global performance, we sweep the

retriever’s top-k setting on HOTPOTQA and compare local and global rewards (Table 5.8).

The two landscapes are closely aligned: both are unimodal and peak at nearby values (k=5

for the local reward and k=10 for the global reward). The top-3 configurations {5, 10, 15}
coincide, differing only in the order of the top-2. This alignment shows that the local

reward provides a reliable proxy for the global objective, lending empirical support to our

theoretical guarantee that local optimization drives system-level gains.

5.6.6 Efficiency: How data- and compute-efficient is OPTIMAS

We conduct extensive studies to show the data efficiency with varying dataset size and

computational efficiency with lightweight models. Moreover, we provide cost estimates on

the AMAZON system compared to DSPy and TextGrad.
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Figure 5.7: Impact of training data size on evaluation accuracy for the HOTPOTQA system.
OPTIMAS maintains robust performance even with reduced training data, demonstrating
only a 5.19% absolute performance drop when using just 12.5% of the data compared to
the full dataset.

Data efficiency. To evaluate the data efficiency of OPTIMAS, we examine how the amount

of training data (system runs) affects the performance of learned LRFs. We train local

reward models on the HOTPOTQA system using varying percentages of available train-

ing data: 12.5%, 25%, 50%, 75%, and 100%. Each model is trained for 3 epochs, and

performance is measured by pairwise ranking accuracy.

OPTIMAS maintains reasonable performance across different data sizes as shown in

Figure 5.7. Even with only 12.5% of the data, the system achieves 65.46% accuracy (92.7%

of full-data performance), while 25% of the data yields 67.22% accuracy (95.1% of full-

data performance). The diminishing returns beyond 25% data suggest that the core patterns

for local-global alignment can be captured efficiently from limited preference data.

This data efficiency is particularly valuable in practice, where collecting extensive pref-

erence data through system runs can be computationally expensive. Combined with the

reduced computational cost of local optimization, these results demonstrate that OPTI-

MAS provides a practical solution for optimizing complex compound AI systems even in

resource-constrained environments.
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Table 5.9: Effect of LRF backbone size on pairwise ranking accuracy (%) on HOTPOTQA.
Lightweight backbones are competitive with larger ones.

Backbone size Pairwise accuracy (%)

1B 72.58
3B 70.04
8B 71.20

LRF backbone size. We also examine whether the size of the LRF backbone affects align-

ment quality. On HOTPOTQA, we compare 1B, 3B, and 8B backbones (Table 5.9). Per-

formance remains comparable across sizes, with pairwise accuracies of 72.58%, 70.04%,

and 71.20%, respectively. The lack of clear benefit from larger backbones suggests that

lightweight models are sufficient for this task, making local optimization both effective and

computationally efficient.

Prompt candidates per step. Another factor is the number of candidate prompts consid-

ered at each optimization step. On HOTPOTQA, we vary this number from 3 to 10 and

measure the resulting global performance (Table 5.10). The best F1 score is achieved with

7 candidates, although results with fewer candidates remain competitive. These findings

indicate that exhaustive candidate pools are unnecessary, and that modest numbers already

yield strong performance with lower computational cost.

Table 5.10: Effect of number of prompt candidates on global performance (F1) on HOT-
POTQA. We vary the number of candidate prompts per optimization step.

# candidates 3 5 7 10

Final F1 0.2822 0.1945 0.2968 0.2405

New inputs for LRF adaptation. Finally, we explore how many new inputs are needed

when adapting the LRFs. On HOTPOTQA, we test adaptation with 10 to 40 new inputs

(Table 5.11). Performance improves up to about 20 inputs, after which gains plateau and

even slightly decline. This suggests that effective adaptation can be achieved with relatively

small amounts of new data, reinforcing the practicality of our approach in scenarios where
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data collection is limited.

Table 5.11: Effect of new inputs for LRF adaptation on global performance (F1) on HOT-
POTQA. Number of new inputs used to collect preference pairs for LRF adaptation vs. final
global performance.

# new inputs 10 20 30 40

Final F1 0.2773 0.2822 0.2659 0.2533

Cost estimation. We report a detailed breakdown of the cost on the AMAZON system. This

is the only system where components have trainable local models and thus requires PPO

training. For all methods, we measure cost in terms of full system runs, i.e., one invocation

of the system, and assume that all components contribute equally to the per-run cost. We

label the three components on Amazon system as A,B,C in topological order.

Table 5.12: Cost-performance comparison on the AMAZON system. Individual cost com-
ponents are shown in actual runs, with total runs measured in thousands (k). “LRF training”
and “LRF adaptation” only apply to OPTIMAS, which learns trainable local reward func-
tions. DSPy and TextGrad optimize only the prompt of the last component C, and we
report their cost as an effective number of full system runs.

Method LRF training LRF adaptation Validation cost Total runs (k) Performance (%)

OPTIMAS 120 100 93 0.31 24.24
TextGrad – – 320 0.32 20.88
DSPy – – 240 0.24 18.18

For OPTIMAS, the total of ≈ 0.31k effective full system runs decomposes into three

parts: (i) LRF training: we collect 60 initial preference pairs per component; each pair

requires 2 full system runs, giving 60 × 2 = 120 runs; (ii) LRF adaptation: during local

optimization, we update the LRFs 5 times, each time collecting 10 new preference pairs

per component, again with 2 runs per pair, for a total of 5 × 10 × 2 = 100 runs; and (iii)

global validation: whenever a local update is predicted to improve the global metric, we

evaluate the new configuration on a held-out validation set. We use 20 validation inputs

and observe 7 such updates, but the effective cost is discounted by a factor of 2/3 due to
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cached trajectories: 20× 7× 2
3
≈ 93.

For DSPy and TextGrad, we follow their standard setup and optimize only the prompt

for the final component C, while holding A and B fixed. To obtain a fair cost comparison

in terms of effective full system runs, we (i) pre-compute a pool of 20 validation inputs by

running A and B once, and then (ii) run only C during optimization. Assuming A, B, and

C have comparable cost, we convert the number of C-only calls into an effective number

of full system runs by dividing by three.

Under this cost-normalized view, OPTIMAS achieves the best global performance while

using a comparable (slightly lower) effective number of full system runs than TextGrad and

only moderately more than DSPy. This demonstrates that local optimization with learned

reward functions can deliver stronger performance without incurring prohibitive cost.

Additional PPO training cost. Beyond system-run cost, OPTIMAS incurs additional com-

pute for training local models with PPO. We measure this cost in GPU-hours. For each

local PPO update on the AMAZON system, we train for 3 epochs on a single NVIDIA

A100-SXM4-80GB GPU. Averaged over 5 runs of local optimization, each run takes ap-

proximately 12 minutes, yielding a total of about 6 GPU-hours (equivalently, 1.5 hours on

4 GPUs). This one-time training overhead is modest relative to the cost of repeated system

evaluations and is only required for systems with trainable local components.

5.7 Conclusion

The central question of this chapter, i.e., how to scale multi-agent systems while main-

taining alignment with shared goals, has a surprisingly elegant answer: give each agent a

learned local reward function that reflects how its decisions affect the whole system. When

these local rewards are properly aligned with the global objective, agents can be optimized

independently yet still improve collective performance.

Key Insights. Two findings from this work challenge conventional assumptions.

First, the prevailing view is that optimizing agents in isolation doesn’t necessarily im-

prove systems because each agent ignores how its outputs affect downstream components.

We show that this limitation can be mitigated: when local reward functions are trained to
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correlate with global performance, local optimization becomes a principled strategy (while

it is true that it should satisfy certain conditions, as we discuss in the theory section).

Second, the degree of alignment between local rewards and global outcomes is the

pivotal factor. When alignment is strong, local optimization reliably improves global per-

formance; when alignment is weak, local improvements may not translate to global gains.

This insight highlights the importance of learning high-quality local reward functions that

accurately reflect global objectives.

Limitations and Open Questions. The framework rests on assumptions that may not

hold universally. We assume each agent’s outputs can be evaluated without running the

full system, which breaks down in systems with feedback loops where downstream agents

influence upstream behavior. We assume a single global objective, but users often have

multiple, conflicting goals.

More fundamentally, the learned reward functions capture correlation rather than cau-

sation. If the global metric changes or downstream components are modified, the learned

preferences may become misleading. Building reward functions that capture more robust

notions of output quality is an important direction for future work.



Chapter 6

Conclusion

This thesis studies how to build capable AI agents that effectively collaborate with human

users. While modern foundation models demonstrate remarkable capabilities in reason-

ing and planning, they often fail at basic collaboration: making unwarranted assumptions,

missing opportunities to clarify intent, and optimizing for local responses that harm the

conversation overall. We addressed these challenges through three interconnected research

directions: training agents for collaborative behaviors (Part I), building agent systems that

recognize their limitations and effectively address them (Part II), and scaling these systems

while maintaining alignment with shared goals (Part III).

6.1 Summary of Contributions

Table 6.1 summarizes the contributions of this thesis across three dimensions: the collabo-

rative behaviors we enable in AI agents, the systems we develop to achieve these behaviors,

and the benchmarks we create to evaluate collaborative AI.

133
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Part I Part II Part III

Collaborative Behaviors Learning from
Experience

Scaling with Alignment

Core Insight Agents trained on
single-turn rewards
generate passive
responses

Agents cannot recognize
their own limitations or
learn from experience

Local optimization can
conflict with global
system goals

Approach Multiturn-aware
rewards that capture
long-term effects

Contrastive reasoning to
identify limitations and
generate actionable
instructions

Globally aligned local
reward functions for
each agent

System COLLABLLM: forward
sample trajectories with
user simulators

AVATAR:
Actor-Comparator
architecture with
batch-wise feedback

OPTIMAS: learned
reward alignment with
lightweight online
adaptation

Evaluation Multiturn benchmarks STARK datasets Five multiagent systems

Table 6.1: Thesis contributions. Each part addresses a challenge in building collaborative
AI: enabling collaborative behaviors in individual agents, building systems that recognize
limitations and learn from experience, and maintaining alignment as systems scale.

6.1.1 Part I: Training Collaborative Agents

In Chapter 2, we identify that current LLMs are trained with objectives that favor single-

turn success over multiturn collaboration. This leads to agents that make early assump-

tions, fail to ask useful clarifying questions, and produce responses that harm the conver-

sation later. We introduce COLLABLLM, a framework that transforms non-collaborative

agents into effective collaborators by optimizing for long-term conversation outcomes. The

key insight is that collaborative behavior emerges naturally when agents are trained with a

multiturn-aware objective that considers the downstream impact of each response. Through

extensive simulated and real-world evaluations, we demonstrate that COLLABLLM agents

markedly outperform non-collaboratively trained baselines, with users reporting more effi-

cient, engaging, and creative interactions.
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6.1.2 Part II: Enabling Agents to Learn from Experience

Chapter 3 establishes that agents fail to learn from experience even when they have ac-

cess to memory and past interactions. We introduce STARK, a benchmark for evaluat-

ing whether agents can improve on retrieval tasks over semi-structured knowledge bases

when exposed to similar queries multiple times. Our experiments reveal that state-of-the-art

agentic baselines including ReAct and Reflexion repeat the same mistakes across attempts,

demonstrating a systematic failure to recognize their own limitations and learn from past

errors.

Chapter 4 addresses this limitation by enabling agents to recognize what went wrong

and generate actionable guidance for improvement. We introduce AVATAR, a framework

where a Comparator agent analyzes patterns across successful and failed attempts to iden-

tify systematic gaps in the Actor agent’s strategies. Through contrastive reasoning, the

system reveals not just what failed, but why it failed, enabling the agent to extract insights

it cannot recognize on its own. AVATAR achieves up to 16.6% relative improvement over

the best baselines on STARK and demonstrates that agents can systematically learn to im-

prove their performance on collaborative tasks over multiple attempts.

6.1.3 Part III: Scaling Up Collaborative Multi-Agent Systems

Chapter 5 addresses the challenge that emerges as multi-agent systems grow: individual

agents optimized in isolation may pursue local objectives that conflict with shared collab-

orative goals. We introduce OPTIMAS, a framework that learns globally aligned reward

functions for each component in a compound AI system. The framework provides theoret-

ical guarantees that local optimization leads to global improvement, develops lightweight

adaptation mechanisms for evolving systems, and demonstrates consistent gains across five

diverse benchmarks. This work completes the thesis arc by showing that effective collab-

oration at scale requires not just capable individual agents, but principled mechanisms to

ensure alignment between local and global objectives.
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6.2 Vision for the Future

We point to several directions where collaborative AI can have huge impact.

Scientific discovery through human-AI teams. Consider a researcher investigating a

rare disease. Today, they must manually search across genomic databases, clinical liter-

ature, and drug interaction networks, often missing connections that span these sources.

A collaborative system could change this: an agent trained with multiturn-aware rewards

(Part I) would ask clarifying questions about the researcher’s hypothesis before search-

ing; a multi-agent architecture like AVATAR(Part II) would coordinate specialized agents

to query heterogeneous knowledge bases while learning from which search strategies suc-

ceed; and aligned reward functions (Part III) would ensure that each agent optimizes for

the researcher’s actual goals rather than proxy metrics like retrieval volume. Extending

these methods to support iterative hypothesis refinement would enable genuine scientific

partnership.

Personalized education at scale. Effective tutoring requires understanding not just what a

student asks, but what they are struggling to articulate. The multiturn-aware training from

Part I provides the foundation: agents that learn to ask diagnostic questions rather than

immediately providing answers. A student working through calculus might interact with

a system that notices they consistently struggle with implicit differentiation, asks targeted

questions to identify the conceptual gap, and coordinates with a visualization agent to pro-

vide geometric intuition. The multi-agent coordination from Parts II and III enables such

systems to combine specialized capabilities, such as problem generation, hint provision,

and progress tracking, while remaining aligned with the student’s learning objectives.

Collective creativity and problem-solving. The most ambitious applications involve

many humans and many agents working together. Consider a software team building a

complex product: one engineer commands an agent army for code generation and refac-

toring, another leads agents handling testing and debugging, while a third coordinates doc-

umentation and API design. These human-agent teams must then collaborate with each

other, with product managers defining requirements, and with designers shaping the user

experience. No single participant, human or AI, holds all the answers. The challenge is
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ensuring that every contributor, whether an individual agent, a human-led team, or the full

organization, optimizes for the shared product vision rather than local metrics. The path

forward lies not in building ever-more-powerful individual agents, but in designing systems

where diverse capabilities at every level combine into coherent collaboration.

6.3 Concluding Remarks

This thesis advances the vision of collaborative AI: systems that do not merely execute

tasks, but work alongside humans to achieve goals that neither could accomplish alone. We

have shown that enabling collaboration requires rethinking how agents are trained (Part I),

how systems are structured (Part II), and how components are optimized (Part III).

The key insight unifying these contributions is that collaboration is fundamentally about

alignment: between short-term actions and long-term outcomes, between individual agent

behaviors and user intent, between local component objectives and global system goals.

By developing principled approaches to alignment at each of these levels, we provide a

foundation for building AI systems that genuinely serve human needs.

Ultimately, our goal is to democratize collaborative AI so that effective human-AI col-

laboration is accessible to anyone. As AI systems become more capable and are deployed

in increasingly complex settings, the alignment principles developed in this thesis, from

multiturn-aware rewards for single agents to globally aligned local rewards for compound

systems, offer a path toward AI that empowers creativity and intelligence that neither hu-

mans nor AI could achieve alone.
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