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Abstract

With increasingly powerful large language models (LLMs) and LLM-based agents1

tackling an ever-growing list of tasks, we envision a future where numerous LLM2

agents work seamlessly with other AI agents and humans to solve complex prob-3

lems and enhance daily life. To achieve these goals, LLM agents must develop4

collaborative skills such as effective persuasion, assertion and disagreement, which5

are often overlooked in the prevalent single-turn training and evaluation of LLMs.6

In this work, we present Collaborative Reasoner (Coral ), a framework to7

evaluate and improve the collaborative reasoning abilities of language models. In8

particular, tasks and metrics in Coral necessitate agents to disagree with incorrect9

solutions, convince their partners of a correct solution, and ultimately agree as a10

team to commit to a final solution, all through a natural multi-turn conversation.11

Through comprehensive evaluation on six collaborative reasoning tasks covering12

domains of coding, math, scientific QA and social reasoning, we show that cur-13

rent models cannot effectively collaborate due to undesirable social behaviors,14

collapsing even on problems that they can solve singlehandedly. To improve the15

collaborative reasoning capabilities of LLMs, we propose a self-play method to gen-16

erate synthetic multi-turn preference data and further train the language models to17

be better collaborators. Experiments with Llama-3.1, Ministral and Qwen-2.518

models show that our proposed self-improvement approach consistently outper-19

forms finetuned chain-of-thought performance of the same base model, yielding20

gains up to 16.7% absolute. Human evaluations show that the models exhibit more21

effective disagreement and produce more natural conversations after training on22

our synthetic interaction data. 123

1 Introduction24

Modern large language models (LLMs) and LLM-based agents are tackling a wide-range of tasks,25

spanning from virtual assistants [19, 51] and online shopping [48, 58], to autonomous software engi-26

neering [31, 44, 54] and the mastering of strategic games [9, 43, 60]. As these individual LLM-agents27

become more powerful, we foresee a future where AI and human agents with different specialties and28

information access work seamlessly with each other, all through the common communication media29

of natural language conversations. To realize this vision, our goal is to develop conversational agents30

that can collaborate with other AI agents and humans to complete tasks effectively, in free-form31

multi-turn conversations [6, 10]. While the communication format is simple and intuitive, these32

collaborations can be challenging as in addition to problem-solving abilities, they require social skills33

such as effective communication, providing feedback, having empathy and theory-of-mind, inter alia.34

1We release the code for our training+evaluation framework and multi-agent inference infra (Matrix).

Submitted to 39th Conference on Neural Information Processing Systems (NeurIPS 2025). Do not distribute.



I’m trying to solve this math problem: “Jason has a phone plan of 1000 mins per month. 
Everyday he has a 15-min call with his boss, and he has extra 300 mins of call this month 
to other people. How many minutes does Jason have left if this month has 30 days?

Let’s think step by step. I think we can calculate the mins he has spent calling his 
boss this month. Since it has 30 days and it’s 15 mins per day, it should be 450 mins. 
So Jason should have 1000 – 450 = 550 mins left.

Oh yeah you are right.
But I think we’ve made another mistake here. Jason also used 300 minutes to call other 
people which also counts into his phone plan, thus it should be 550 – 300 = 250 mins

That is correct, if we assume there are only 30 days for the month. But shouldn’t we 
consider the case where there are 28, 29 or 31 days for the month?

But the question made the assumption that this month only has 30 days

Ah yes, I forgot about that. That is correct, the answer should be 250 minutes indeed.

Not 
sure

550 
mins

Not 
sure

550 
mins

250 
mins

250 
mins

assertive

persuasive

persuasive

agreement

An example conversation on solving a reasoning problem between two agents Beliefs of the agents

Figure 1: An illustration of two agents solving a reasoning problem collaboratively. Besides
answer correctness, we also track social behaviors such as agreement throughout the conversation.

Current LLMs, however, are predominantly trained and evaluated for single-turn question-answering35

or problem-solving tasks [12, 23, 28], instead of collaborative and interactive problem-solving sce-36

narios. Consequently, there is a gap in understanding how well current frontier language models37

can collaborate with other agents and humans in a natural conversation. Moreover, while explo-38

rations exist for multi-agent teams of LLMs with different roles, capabilities, and communication39

architectures [5, 13, 59], little progress has been made in developing generalist agents that possess40

all the necessary reasoning and social skills for effective in-the-wild collaboration through natural41

conversations with humans [19, 55]. On the other hand, developing such agents is challenging owing42

to lack of conversational collaboration data. Such data remains expensive to collect, and can be43

domain-specific and limited, making both training and evaluation difficult. Motivated by the lack of44

evaluation, training data, and training methods that can enable LLMs to collaborate over multiple45

turns of conversations in goal-oriented tasks, we present Collaborative Reasoner in this work, which46

we also refer as Coral 2.47

Coral is a comprehensive framework focused on evaluating and enhancing the collaborative48

reasoning skills of language models. More specifically, given a reasoning problem (e.g., math,49

physics, theory-of-mind), Coral emulates human-AI collaboration and requires two agents to work50

together on the problem through a multi-turn conversation. Along with solving the problem correctly,51

it also requires agents to agree with each other before committing to a final solution of a given52

problem. Consequently, learning to disagree to incorrect solutions, i.e., assertiveness, asking clarifying53

questions, and convincing the partner of a correct solution, i.e., persuasiveness, are required to54

succeed. We evaluate several frontier open and closed sourced LLMs on 6 reasoning tasks under this55

collaborative setting, spanning domains across coding, math, scientific question answering and social56

story comprehension. Compared with single-agent approaches such as chain-of-thought prompting,57

we find even these frontier models are inconsistent at leveraging collaboration to better approach58

these tasks. Further analysis on social behaviors via our designed social metrics reveals a tendency59

for agents to be overly agreeable (> 90% agreement score), regardless of reasoning correctness,60

limiting their ability to challenge incorrect solutions and reducing collaboration efficacy.61

To rectify these undesirable social behaviors of current LLMs, we propose to leverage synthetic62

conversations collected from simulated self-collaborations with an LLM itself. We perform tree63

sampling to diversify the model responses and obtain pairs of responses for preference-based learning.64

Different from single-model and single-turn workflows, however, synthesizing conversational data65

at scale poses its own engineering challenges (e.g., network congestion). To that end, we build66

Matrix, a robust, versatile and high-performance model serving framework, which allows thou-67

sands of conversations being generated in parallel over hundreds of model instances. With a large68

pool of tree-structured, collaborative conversational data generated by Matrix, we employ both69

2Coral is short for collaborative reasoning models
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conversation-level and turn-level filtering methods to obtain preference-finetuning data for training70

collaborative reasoners. Experiments on Llama-3.1, Qwen-2.5 and Ministral models show that our71

proposed self-improvement approach consistently improves collaboration performance, and outper-72

forms single-agent CoT finetuning baseline by up to 16.7% absolute. Moreover, the trained 70B73

collaborative reasoners can rival strong reasoning models such as O1 and Gemini-Pro on MMLU-Pro74

and ExploreToM benchmarks. Further analysis also show that the models trained on our synthetic75

data can generalize to different partner models and can be directly applied to a different dataset in a76

similar domain. Human annotations suggest that the collaborative reasoners display more effective77

disagreement and the generated conversations are more natural after training with our method.78

We open-source our code for Coral and Matrix to support future research on developing social79

agents that can partner with humans and other agents. And we hope to extend our research to include80

evaluation and data collection of human-AI interactions to further foster research in this area.81

2 Collaborative Reasoning over Multi-turn Conversations82

Unlike existing framework that structure agent interaction via fixed roles and curated prompts [21, 22,83

39], Coral evaluates general-purpose models in free-form multi-turn conversations. This way it84

reveals the true limitations in their collaborative skills under the most natural format of collaborations.85

We use the questions from existing reasoning tasks as the conversation starters and use exact match86

of the answers to measure solve rate. But unlike single-turn settings, where the performances solely87

depend on the correctness of the generated solution, collaborative reasoning requires agents to agree88

on a solution as a team. As shown in Fig. 1, we also record social metrics during the multi-turn89

conversations, and we introduce these metrics in more detail in the following sections.90

2.1 Problem Definition91

Given a reasoning problem {x, y∗}, where x denotes the task input (e.g., “Jason has a phone plan92

of ... How many minutes does Jason have left if this month has 30 days?” as in Fig. 1) and y∗93

denotes the gold-standard task output (e.g., “250 mins”), collaborative reasoning entails two language94

model agents A and B engaging in a conversation to discuss how to solve this problem. To initiate95

the conversation, the first utterance a1 is generated through a template of “I’m trying to solve96

this problem: [insert problem]”3. And the whole conversation C = {a1, b1, a2, b2, ...} will be97

generated interleavingly with agents {a, b} and their corresponding system prompt. The conversation98

will stop when an agreement is reached between the agents (e.g., Fig. 1), or the maximum number of99

20 turns is reached. To evalute such interactions, we define agreement and social behavior metrics in100

the following section.101

2.2 Coral Metrics102

When modeling reasoning problems in a single-turn, it is common to first generate a sequence that103

represents the thinking process (e.g., chain-of-thought) followed by the final answer. However, in104

a multi-turn conversational setting, each turn may not conclude with a clear final answer, as the105

agents may be planning the steps, debating on a fact, or as in Fig. 1, asking a clarification question.106

Moreover, agreement can be partial (e.g., “I agree that X, but that doesn’t mean Y.”) or of higher107

order (e.g., “I agree that my previous disagreement is unwarranted.”), which makes measuring108

of agreement between agents in a multi-turn setting quite challenging. These metrics below are109

automatically derived using belief extraction without human annotation, enabling scalable analysis of110

social behaviors.111

Measuring agent beliefs and agreement. To address these challenges, we refrain from using112

superficial verbal cues on agreement, but instead try to track the beliefs of the agents on the final113

answer and measure agreement by comparing such beliefs. Inspired by recent works on LLM-as-114

judge [56], after each turn, we feed the response of the agents to an extractor to extract the belief of115

this agent at this time, or say “not sure” if not clear answer is presented in the response. 4 Then116

for each conversation C, agreement measures whether the latest beliefs of the agents, i.e., {βA, βB},117

3Without loss of generality, we note A to be the agent that starts the conversation.
4We use a different system prompt (see Tab. 8) for belief extraction for more robust performance.
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MATH MMLU-Pro GPQA ExploreToM
Models CoT Coral CoT Coral CoT Coral CoT Coral

Llama-3.1-8B-Instruct 51.4 47.2 44.4 45.6 27.1 31.0 60.8 42.4
Llama-3.1-70B-Instruct 64.0 63.8 63.8 65.8 39.5 35.7 71.3 72.9
Llama-3.1-405B-Instruct 71.9 71.7 67.9 69.7 47.1 48.4 80.4 79.5

GPT-4o 72.6 78.7 67.3 69.5 43.3 42.9 74.6 76.5
O1 94.1 89.2 80.6 82.8 70.8 74.1 86.3 86.8
Gemini-1.5-Pro 84.3 82.0 72.7 69.7 54.2 48.2 70.6 67.1
Gemini-2.5-Flash 84.3 91.7 67.6 81.0 46.4 69.4 85.8 87.3
Claude-3.7-Sonnet 74.4 79.1 75.7 79.1 59.8 65.6 86.3 84.3

Table 1: CoT Correctness vs. Coral Agreement Correctness for Llama-3.1 and close-source
frontier models. For each model and task, the worse performance between the two is marked in red.

which are updated after every turn, matches each other. And agreement correctness, which is the118

main metrics we aim to evaluate and improve in this work, measures whether the answer the agents119

agreed on is correct. More specifically,120

agreement : α(C) = I(βA = βB ̸= ϕ)

agreement correctness : α∗(C) = I(α(C) = 1 & β = y∗) ▷ (main metric)

where I(x) is the indicator function, y∗ is the gold answer and β = ϕ denotes “not sure” per § 2.1.121

Turn-level social behavior metrics. In addition to conversation-level agreement, inspired from122

social science [11, 18, 50], we also design turn-level metrics which focus on measuring two critical123

social collaborative behaviors – persuasion and assertion. An agent’s response in a turn is considered124

persuasive if it changes its partner’s response to match its own. Persuasiveness thus measures the125

influence or impact of an agent on its partner. Likewise, an agent’s response in a turn is considered126

assertive if it remains unchanged from the agent’s response in its previous turn, irrespective of127

its partner’s response. Assertiveness captures whether an agent’s partner influences the agent and128

whether the agent is able to maintain its belief under its partner’s influence. In addition to evaluating129

whether turns are persuasive or assertive, we also measure the quality of persuasion i.e., whether an130

agent’s persuasion changed its partner’s belief towards a more accurate solution of the given problem.131

Detailed definitions of these metrics and can be found in the Appendix B.132

3 Are Current LLMs Good Collaborative Reasoners?133

To understand how frontier open- and closed-source LLMs fare at collaborative reasoning com-134

pared to single-turn CoT reasoning, we evaluate Llama-3.1-Instruct series [23], GPT-4o [28],135

O1 [29], Gemini-1.5, Gemini-2.5 [7] and Claude-3.7 [2]. We choose these models owing to their136

strong results in single-turn reasoning performance in various tasks, and the post-trained versions137

(e.g.,-Instruct) also demonstrate good conversational skills needed for collaborative reasoning.138

We instantiate these models to collaborate with themselves for 4 reasoning tasks covering different139

domains: MATH [15] (math reasoning), MMLU-Pro [45] (general), GPQA [33] (scientific QA), and140

ExploreToM [35] (social reasoning). The details of these benchmarks can also be found in § 5. Here141

we draw important insights from this analysis.142

Models are inconsistent at leveraging collaboration to improve performance, unlike humans.143

While human collaboration often enables better solutions to difficult problems [34, 40, 46], we144

make different observations for LLMs from Tab. 1. Unlike humans, LLMs typically struggle to145

consistently outperform the equivalent CoT performance, despite using more inference compute. In146

particular, LLama3.1-8B-Instruct exhibits a performance drop of 18.4% on ExploreToM and 4.2%147

drop on MATH. Likewise, the O1 model performance drops 4.9% on MATH, while Gemini-1.5-Pro148

consistently under-performs in Coral compared to CoT. Although larger and more powerful models149

including LLama3.1-405B-Instruct and Gemini-2.5-Flash models are relatively better at leveraging150

collaboration, overall models are unable to consistently achieve better performance in coral settings.151
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Figure 2: Illustration of our self-training pipeline, with steps of sampling → filtering → training.
During tree sampling, we track the beliefs of all turns using methods described in § 2.2 , and we note
the turns in green boxes holds the correct beliefs while the ones with red boxes are incorrect.

Models often exhibit undesirable social behaviors. Upon inspection of the social metrics, we152

discover a consistently high agreement rate (i.e., ranging from 74.3% to 99.3%) despite a much153

lower agreement correctness rate (see Tab. 5 in the appendix for detailed numbers). This suggests154

that the models lack the ability of effective disagreement, resulting in a large percentage of the155

conversations ends with agreeing on an incorrect answer. The aforementioned lack of assertiveness is156

also highlighted in Tab. 5, which shows that models irrespective of their sizes struggle to be assertive157

– average percentage of assertive turns range from 0.2 − 5.5% in the collaborative conversations.158

Models thus tend to get carried away under their partner’s influence, even when they are correct. We159

hypothesize that this undesirable behavior is a result of RLHF post-training, which makes the model160

very polite and agreeable, thus less assertive when pointing out the mistakes or standing their own161

grounds [30, 36]. We aim to rectify these behaviors via additional training on synthetic conversation162

data, which we will introduce in the next section.163

4 Self-Improving Collaborative Reasoning through Synthetic Conversations164

To improve the collaborative reasoning abilities of LLMs, we generate synthetic multi-turn conversa-165

tions via self-play, enabling scalable training without human annotation.166

4.1 Self-Training Method167

For training the language model, we formulate it as a next-turn prediction problem. More specifically,168

we construct training examples with input (i.e., prompts) of {su, a1, b1, · · ·u′
i−1} and output of next169

turn ui for agent u, where su is its system prompt. As illustrated in Fig. 2, our self-improvement170

pipeline consists of three steps: 1) tree sampling; 2) belief filtering; and 3) preference finetuning.171

Tree sampling. To generate diverse and informative responses for training, especially for preference172

tuning, we need more than a single deterministic dialog path per problem. Thus we adopt a tree173

sampling approach (as shown in Fig. 2): For each round of conversation i, we sample a set of d174

responses {u1
i , u

2
i , ..., u

d
i } ∼ Pu(ui|Ci−1). Next, we randomly select a response uj

i to append to the175

conversation prefix Ci−1, as this recovers the independent next turn sampling process while retaining176

its sibling nodes {uj′

i |j ̸= j′} for the construction of preference data.5 This strategy improves177

coverage over possible collaborative behaviors. To boost diversity at the conversation-level, we also178

independently sample 5 such conversation trees.179

Belief filtering. To convert the sampled conversation turns into preference training data, we need a180

reliable way to label each turn as high or low quality. We do this by extracting the belief expressed181

5Note the we do not continue expanding on the sibling nodes (i.e., MCTS) due to exponential growth of
required compute. But we leave them as important future work, see more discussions in Appendix A.
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by the agent at each turn (i.e., what the agent currently thinks the final answer is, and comparing it to182

the gold answer for the problem). Specifically, for each candidate turn uj
i , we extract its belief, βj

i . If183

the belief matches the gold answer y∗m we label ut as a positive turn (u+
i ); otherwise, it is labeled184

negative (u−
i ). These labels are then used to create preference pairs between correct and incorrect185

turns that form training examples for preference tuning. Since some problems are much easier than186

others, we cap the number of preference pairs per problem and per turn to avoid biasing the model187

toward easy examples. This ensures diverse and proper supervision across the dataset.188

Preference finetuning. As shown in Fig. 2, after such tree sampling and correctness-based belief189

filtering, each training example consists of a prompt {su, Ci−1} with the system prompt su for agent190

u, the conversation prefix Ci−1, and a preference pair {(uj
i , u

j′

i )|u
j
i ∈ u+

i , u
j′

i ∈ u−
i }. For preference191

finetuning, we use the DPO algorithm [32], which relieves the dependency on a separate reward192

model and allow directly learning of this preference from our synthetic conversations. Although our193

self-training algorithm allows multiple rounds of training, we did not find additional benefit from194

iterative DPO training.195

4.2 Scaling Up Synthetic Conversation Generation with Matrix196

Generating high-quality collaborative data at scale is computationally intensive. To address this, we197

built Matrix, a scalable and versatile model serving framework designed for multi-agent synthetic198

data generation. Matrix can be scaled up to serve hundreds of models and complete thousands of199

requests per second (i.e., QPS) consistently6. We hope Matrix serves as a drop-in tool for teams200

studying multi-agent LLMs, where data generation remains a bottleneck.201

Why does Matrix matter to the community? 1) Versatile backend: Matrix uses a variety of202

backends, including vLLM [20], SGLang [57], and various API-based services (e.g., OpenAI GPT,203

Google Gemini, etc), thus it supports a wide range of models; 2) Built-in scalability: Thanks to the204

integration with Ray [26], Matrix can perform auto-scaling and load-balancing based on the current205

workload of each LM service. To avoid network congestion, Matrix uses gRPC for higher throughput,206

while maintaining support for http. 3) Robust to interruptions: Matrix also integrates with Slurm,207

the most popular resource management tool for research environments. This allows us to spawn Ray208

workers with various priority and yet robust to job preemption, resulting in higher cluster utilization209

while providing an uninterrupted services.210

When compared with the best open-source alternatives, we found Matrix to be up to 1.87x faster.211

More detailed design of Matrix and comparison with existing frameworks are shown in Appendix C212

due to space limit. We release Matrix to support future research on multi-agent collaboration, with213

plans to extend it for human-AI interactive evaluation and data collection.214

5 Experiments215

5.1 Experiment Setup216

Tasks. We consider six different reasoning tasks, spanning over math [15], coding [3], scientific217

QA [33], theory-of-mind [14, 35], and general [45] reasoning domains. Approaching these tasks218

in a multi-turn conversational setting tests both pure reasoning ability and the models’ ability to219

collaborate via free-form conversations. In particular, to measure the code reasoning abilities, we220

created the MBPP-CR dataset, by first sampling solutions for the original MBPP [3] dataset, then221

use these solutions and their gold correctness labels to transforms it into a code correctness reasoning222

tasks with binary outputs. For the detailed setups for MBPP-CR, as well as other datasets used in this223

work, we refer the readers to § D.1 due to space limit.224

Baselines. While our main goal is to improve the collaborative reasoning skills of LLMs, using225

synthetic data, we also consider the following baselines to further show the effectiveness of our226

training data and methods:227

6This is the largest scale that we have tested for our use case, so it is possible that Matrix is able to handle
even higher volume.

6



4
8
.3 5
1.
4

4
4
.4

6
0
.8

5
4
.2

4
9
.6

4
5
.1

72
.8

73
.5

4
9
.0

4
4
.0

75
.5

4
5
.3

4
7.
2

4
5
.6

4
2.
4

6
7.
2

4
9
.7

4
5
.6

6
0
.7

78
.4

4
8
.0

5
9
.8

9
0
.2

0

10

20

30

40

50

60

70

80

90

100

MBPP-CR MATH MMLU-Pro ExploreToM

Base Model: Llama-3.1-8B-Instruct

CoT CoT + SFT CoT + DPO Coral Coral + SFT Coral + DPO

74
.3

6
4
.0

6
3.
8

71
.3

77
.0

6
4
.9

6
4
.8

75
.08

1.
1

6
3.
7

6
5
.3

78
.3

5
2.
9

6
3.
8

6
5
.8

72
.9

6
9
.2

6
6
.0

6
4
.2

76
.0

8
2.
4

6
3.
3

75
.2

9
5
.0

0

10

20

30

40

50

60

70

80

90

100

MBPP-CR MATH MMLU-Pro ExploreToM

Base Model: Llama-3.1-70B-Instruct

Figure 3: Comparison between collaborative reasoners (Coral ) and various baselines based
on Llama-3.1 8B and 70B models. The y-axis denotes final answer correctness for CoT methods
and agreement correctness for Coral methods. Details about these baselines can be found in § 5.1.

▷ Strong reasoning models. We use a set of strong reasoning models, including OpenAI O1 and228

Gemini-2.5-Flash [7], as well as a much larger Llama model, Llama-3.1-405B-Instruct [23]229

to set the context for the collaborative reasoning capabilities for frontier models;230

▷ CoT (+ SFT / DPO). To measure against single-agent performance, we not only compare with231

(CoT) baselines, but also the same-sized models that are further trained on the single-agent CoT232

reasoning traces to the problems using rejection sampling (i.e., CoT + SFT) and preference tuning233

with single-level tree sampling (i.e., CoT + DPO);234

▷ Coral + SFT. In addition to preference turning, we also explore a simple SFT baseline to improve235

collaborative reasoning abilities. Specifically, individual conversations are independently sampled,236

and the turns with correct beliefs will be used as target while the partial conversation history as237

prompt for the fully-supervised training.238

5.2 Main Results239

We compare self-trained collaborative reasoners against various baselines with the same base model240

in Fig. 3 and Tab. 2. And on the two datasets where llama-based models yield the best performance241

(i.e., MMLU-Pro and ExploreToM), we further compare them with strong reasoning models in Fig. 4.242

Training on synthetic conversations leads to large improvements in collaboration performance.243

From Fig. 3, we can observe consistent performance improvements in coral performance after244

preference finetuning on the synthetic conversations. Using Llama-3.1 as the base model, on the245

MBPP-CR, MMLU-Pro and ExploreToM datasets, it improves 11.2% ∼ 29.5% absolute for 8B and246

11.0% ∼ 19.0% for 70B size. While we do not observe improvements on MATH for Llama-3.1247

models, experiments on Qwen-2.5 and Ministral models, as shown in Tab. 2, yields 2.1% ∼ 7.2%248

improvements on MATH and 3.1% ∼ 30.5% gains across other datasets. By comparing the self-249

trained collaborative reasoners with the frontier reasoning models (i.e., as in Fig. 4), we can see that250

after the Llama-3.1 models are trained with the self-synthesized collaborative conversations, the gaps251

of coral performance decreased significantly. These results show that training on self-collaborative252

conversations greatly improves collaborative reasoners skills to reach those of frontier LLMs.253

Collaborative reasoners outperform single-agent CoT finetuning methods. When compared254

with single-agent reasoning baselines in Fig. 3 and Tab. 2, we can see that Coral + DPO consistently255

outperforms CoT methods with the same base model, even after the model is trained with SFT or256

DPO. Concretely, Coral + DPO outperforms CoT + DPO methods by up to 14.7% and 16.7% for257

Llama-3.1 8B and 70B models, respectively. And such advantages of coral preference finetuning258

are consistent for Qwen-2.5 and Ministral models, yielding performance gains of 1.0% ∼ 16.8%259

across all datasets. This shows the potential of collaborative reasoners being used in a multi-agent260

system to achieve better reasoning accuracy than single-agent CoT methods.261
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Base Model Methods MBPP-CR MATH MMLU-Pro ExploreToM

Qwen-2.5-7B-Instruct

CoT 75.6 70.9 47.5 59.8
+DPO 80.4+4.8 69.6−1.3 49.5+2.0 78.9+19.1

Coral 79.0 72.0 53.6 57.3
+DPO 82.1+3.1 74.1+2.1 58.4+4.8 87.8+30.5

Ministral-8B-Instruct

CoT 74.1 45.8 37.5 55.4
+DPO 78.3+4.2 48.9+3.1 38.0+0.5 74.5+19.1

Coral 74.6 42.7 34.4 55.1
+DPO 83.5+8.9 49.9+7.2 54.8+20.4 83.1+28.0

Table 2: Coral finetuning results on more open-source models. The best performance across
different method is bolded, and subscripts indicate the performance delta compared to the row above.
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Figure 4: Comparison with strong reasoning models with
collaborative reasoning settings.
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Figure 5: Human evaluation of
generated conversation quality
on MMLU-Pro. More annotation
details can be found in § D.3.

5.3 Analysis262

To better understand the advantages and limitations of our methods, here we show analysis on model263

generalization and conversation quality. Additional analysis can be found in Appendix E.264

Collaborative reasoners generalize to different collaborators and datasets at test-time. While265

previous evaluations mostly focus on the self-collaboration setting, in Tab. 4 we show how the trained266

collaborative reasoners can also collaborate with other models, specially the version before training,267

to improve coral performance. Across three base models and two datasets, we can observe consistent268

improvements of 6.7% ∼ 41.7% over two vanilla (i.e., not trained with our method) agents, even269

when only one of them being the trained collaborative reasoner. This shows that given the same270

task, collaborative reasoners can easily collaborate with different partners at test time. On the other271

hand, when switching to a different dataset in a similar domain, our collaborative reasoners can also272

generalize at test time, as shown in Tab. 3. Concretely, different-sized Llama-3.1 models trained on273

MMLU-Pro yield gains of 5.2% and 9.2% when directly applied to the much harder GPQA dataset.274

Similar observation can be made for the transfer of ExploreToM to Hi-ToM, with up to 9.9% absolute275

gain. The results in Tab. 3 indicate that collaborative reasoners can effectively generalize its reasoning276

and collaboration skills to other in-domain tasks, and we leave the exploration of out-of-domain277

generalization to future work.278

Collaborative reasoners exhibit more effective disagreement while being more verbose. While279

our designed social metrics can help us quickly discover behavioral pattern of the models, hu-280

man evaluation is still irreplaceable in understanding the true quality of the collaboration through281

the conversations. We recruit human annotators to compare 100 conversations generated by the282

Llama-3.1-70B-Instruct models before and after collaborative training, on the same set of questions283

from MMLU-Pro. From the results in Fig. 5, we can observe a clear advantage of collaborative284

reasoners in effective disagreement, which is one of the key reasons why current LLMs fail found285

in § 3. In addition, the improved naturalness suggests that the generated conversations are more286

human-like, which shows the potential of adapting to human-AI collaboration. These improvements,287
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Models GPQA Hi-ToM

Gemini-1.5-Pro 48.2 64.5
GPT-4o 42.9 55.8
Claude-3.7-Sonnet 65.6 86.0
Llama-3.1-405B-Instruct 46.2 71.7

Llama-3.1-8B-Instruct 31.0 40.1
+ Coral DPO on MMLU-Pro 36.2+5.2 -
+ Coral DPO on ExploreToM - 50.0+9.9

Llama-3.1-70B-Instruct 35.7 66.8
+ Coral DPO on MMLU-Pro 44.9+9.2 -
+ Coral DPO on ExploreToM - 69.3+2.5

Table 3: Out-of-distribution generaliza-
tion results of MMLU-Pro→GPQA and
ExploreToM→Hi-ToM.

Base Models Agents Datasets
A B MMLU-Pro ExploreToM

Llama-3.1-8B-Instruct
□ □ 45.6 42.4
■ □ 57.0+11.4 76.5+34.1

□ ■ 59.4+13.8 84.1+41.7

Qwen-2.5-7B-Instruct
□ □ 53.6 57.3
■ □ 60.4+6.8 87.0+29.7

□ ■ 60.3+6.7 90.8+33.5

Ministral-8B-Instruct
□ □ 34.4 55.1
■ □ 48.5+14.1 67.5+12.4

□ ■ 47.5+13.1 75.0+19.9

Table 4: Asymmetric collaboration results between
models before (□) and after (■) coral training. Agent
A starts the conversation with the question.

however, seem to be at the cost of increased verbosity. Given this observation, we leave improving288

the efficiency of collaboration as exciting future work.289

6 Related Work290

Self-refinement for reasoning. There has been rapid development on using self-refinement to291

improve LLM reasoning, which resembles the self-collaboration setting in this work, albeit only292

a single agent is involved. Notably, self-refine [24] proposes to use the same LLM to provide293

feedback to iteratively improve itself. Specific self-refinement framework such as ReAct [49] and294

Reflexion [37] are proposed to improve various reasoning tasks. Such self-refinement can also be295

done iteratively, as STaR [52] improves the efficiency of iterative rejection sampling with answer296

rationalization. The main goal of our work is to develop multi-agent systems that can engage in a297

natural conversations to complete reasoning tasks, with the aim to improve human-AI interaction298

in the long run. Moreover, works such as [16] also suggest that the self-correct methods are quite299

limited, pointing to multi-agent systems as a potential solution.300

Improving multi-agent reasoning with synthetic data. With the advent of increasingly capable301

LLMs, various frameworks that study LLM-agents collaborating through natural conversations have302

emerged. For example, frameworks such as Chain-of-Agents [10] and Agentverse [6] demonstrate303

how LLMs can collaborate effectively using distinct roles and dynamic conversational interactions.304

To deal with the data scarcity problem, researchers have used synthetic conversations created au-305

tomatically for improving multi-agent interactions. For instance, AutoGen [47] and MIND [1]306

generate synthetic conversations among multiple agents to improve performance. Similarly, Malt [27]307

generates focused synthetic dialog using agents with specialized roles and capabilities like verifiers.308

The focus of our work is to produce generalist agents (e.g., no separation of generators and verifiers)309

that can engage in natural conversations to solve reasoning problems.310

Social skills of LLMs. While effective collaboration requires social intelligence, including persuasion,311

assertiveness, theory of mind etc., these remain challenging to incorporate in LLMs [41, 53]. Recent312

work using debate-style collaboration [8, 17, 39] has show how the structured nature of debate,313

combined with careful prompting, could enable assertiveness and effective argumentation leading to314

improved reasoning in LLMs. Likewise, [38] highlight how models can use persuasion positively to315

improve their answers. Inspired by these works, we particularly focus on persuasion and assertiveness316

for effective AI-AI or human-AI collaboration, and our social metrics are also unique owning to the317

multi-turn nature of conversations.318

7 Conclusion319

In this work we present Coral , a framework to evaluate and improve collaborative reasoning320

capabilities of language models. We propose a self-improvement method to train the models on321

turn-based synthetic conversational data, for which we build Matrix to support data generation at322

scale. Our self-improvement approach yields consistent improvements over CoT finetuning baselines,323

and the trained models can generalize to different collaborators and datasets at test time.324
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NeurIPS Paper Checklist325

1. Claims326

Question: Do the main claims made in the abstract and introduction accurately reflect the327

paper’s contributions and scope?328

Answer: [Yes]329

Justification: The claims match the abstract and introduction.330

Guidelines:331

• The answer NA means that the abstract and introduction do not include the claims332

made in the paper.333

• The abstract and/or introduction should clearly state the claims made, including the334

contributions made in the paper and important assumptions and limitations. A No or335

NA answer to this question will not be perceived well by the reviewers.336

• The claims made should match theoretical and experimental results, and reflect how337

much the results can be expected to generalize to other settings.338

• It is fine to include aspirational goals as motivation as long as it is clear that these goals339

are not attained by the paper.340

2. Limitations341

Question: Does the paper discuss the limitations of the work performed by the authors?342

Answer: [Yes]343

Justification: Limitations are discussed in Appendix A.344

Guidelines:345

• The answer NA means that the paper has no limitation while the answer No means that346

the paper has limitations, but those are not discussed in the paper.347

• The authors are encouraged to create a separate "Limitations" section in their paper.348

• The paper should point out any strong assumptions and how robust the results are to349

violations of these assumptions (e.g., independence assumptions, noiseless settings,350

model well-specification, asymptotic approximations only holding locally). The authors351

should reflect on how these assumptions might be violated in practice and what the352

implications would be.353

• The authors should reflect on the scope of the claims made, e.g., if the approach was354

only tested on a few datasets or with a few runs. In general, empirical results often355

depend on implicit assumptions, which should be articulated.356

• The authors should reflect on the factors that influence the performance of the approach.357

For example, a facial recognition algorithm may perform poorly when image resolution358

is low or images are taken in low lighting. Or a speech-to-text system might not be359

used reliably to provide closed captions for online lectures because it fails to handle360

technical jargon.361

• The authors should discuss the computational efficiency of the proposed algorithms362

and how they scale with dataset size.363

• If applicable, the authors should discuss possible limitations of their approach to364

address problems of privacy and fairness.365

• While the authors might fear that complete honesty about limitations might be used by366

reviewers as grounds for rejection, a worse outcome might be that reviewers discover367

limitations that aren’t acknowledged in the paper. The authors should use their best368

judgment and recognize that individual actions in favor of transparency play an impor-369

tant role in developing norms that preserve the integrity of the community. Reviewers370

will be specifically instructed to not penalize honesty concerning limitations.371

3. Theory assumptions and proofs372

Question: For each theoretical result, does the paper provide the full set of assumptions and373

a complete (and correct) proof?374

Answer: [NA]375
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Justification: No theoretical results are presented in this work.376

Guidelines:377

• The answer NA means that the paper does not include theoretical results.378

• All the theorems, formulas, and proofs in the paper should be numbered and cross-379

referenced.380

• All assumptions should be clearly stated or referenced in the statement of any theorems.381

• The proofs can either appear in the main paper or the supplemental material, but if382

they appear in the supplemental material, the authors are encouraged to provide a short383

proof sketch to provide intuition.384

• Inversely, any informal proof provided in the core of the paper should be complemented385

by formal proofs provided in appendix or supplemental material.386

• Theorems and Lemmas that the proof relies upon should be properly referenced.387

4. Experimental result reproducibility388

Question: Does the paper fully disclose all the information needed to reproduce the main ex-389

perimental results of the paper to the extent that it affects the main claims and/or conclusions390

of the paper (regardless of whether the code and data are provided or not)?391

Answer: [Yes]392

Justification: Hyperparameters are reported in § D.2, and the exp code will be submitted as393

supplementary material.394

Guidelines:395

• The answer NA means that the paper does not include experiments.396

• If the paper includes experiments, a No answer to this question will not be perceived397

well by the reviewers: Making the paper reproducible is important, regardless of398

whether the code and data are provided or not.399

• If the contribution is a dataset and/or model, the authors should describe the steps taken400

to make their results reproducible or verifiable.401

• Depending on the contribution, reproducibility can be accomplished in various ways.402

For example, if the contribution is a novel architecture, describing the architecture fully403

might suffice, or if the contribution is a specific model and empirical evaluation, it may404

be necessary to either make it possible for others to replicate the model with the same405

dataset, or provide access to the model. In general. releasing code and data is often406

one good way to accomplish this, but reproducibility can also be provided via detailed407

instructions for how to replicate the results, access to a hosted model (e.g., in the case408

of a large language model), releasing of a model checkpoint, or other means that are409

appropriate to the research performed.410

• While NeurIPS does not require releasing code, the conference does require all submis-411

sions to provide some reasonable avenue for reproducibility, which may depend on the412

nature of the contribution. For example413

(a) If the contribution is primarily a new algorithm, the paper should make it clear how414

to reproduce that algorithm.415

(b) If the contribution is primarily a new model architecture, the paper should describe416

the architecture clearly and fully.417

(c) If the contribution is a new model (e.g., a large language model), then there should418

either be a way to access this model for reproducing the results or a way to reproduce419

the model (e.g., with an open-source dataset or instructions for how to construct420

the dataset).421

(d) We recognize that reproducibility may be tricky in some cases, in which case422

authors are welcome to describe the particular way they provide for reproducibility.423

In the case of closed-source models, it may be that access to the model is limited in424

some way (e.g., to registered users), but it should be possible for other researchers425

to have some path to reproducing or verifying the results.426

5. Open access to data and code427

Question: Does the paper provide open access to the data and code, with sufficient instruc-428

tions to faithfully reproduce the main experimental results, as described in supplemental429

material?430
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Answer: [Yes]431

Justification: All data is public and the code will be submitted in supplementary material.432

Guidelines:433

• The answer NA means that paper does not include experiments requiring code.434

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/435

public/guides/CodeSubmissionPolicy) for more details.436

• While we encourage the release of code and data, we understand that this might not be437

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not438

including code, unless this is central to the contribution (e.g., for a new open-source439

benchmark).440

• The instructions should contain the exact command and environment needed to run to441

reproduce the results. See the NeurIPS code and data submission guidelines (https:442

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.443

• The authors should provide instructions on data access and preparation, including how444

to access the raw data, preprocessed data, intermediate data, and generated data, etc.445

• The authors should provide scripts to reproduce all experimental results for the new446

proposed method and baselines. If only a subset of experiments are reproducible, they447

should state which ones are omitted from the script and why.448

• At submission time, to preserve anonymity, the authors should release anonymized449

versions (if applicable).450

• Providing as much information as possible in supplemental material (appended to the451

paper) is recommended, but including URLs to data and code is permitted.452

6. Experimental setting/details453

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-454

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the455

results?456

Answer: [Yes]457

Justification: Hyperparameters are reported in § D.2.458

Guidelines:459

• The answer NA means that the paper does not include experiments.460

• The experimental setting should be presented in the core of the paper to a level of detail461

that is necessary to appreciate the results and make sense of them.462

• The full details can be provided either with the code, in appendix, or as supplemental463

material.464

7. Experiment statistical significance465

Question: Does the paper report error bars suitably and correctly defined or other appropriate466

information about the statistical significance of the experiments?467

Answer: [No]468

Justification: Providing error bars will be too computationally expensive due to the size of469

experiments in this work. However, we note that the variance is around 1% for the same470

runs with different random seed.471

Guidelines:472

• The answer NA means that the paper does not include experiments.473

• The authors should answer "Yes" if the results are accompanied by error bars, confi-474

dence intervals, or statistical significance tests, at least for the experiments that support475

the main claims of the paper.476

• The factors of variability that the error bars are capturing should be clearly stated (for477

example, train/test split, initialization, random drawing of some parameter, or overall478

run with given experimental conditions).479

• The method for calculating the error bars should be explained (closed form formula,480

call to a library function, bootstrap, etc.)481

• The assumptions made should be given (e.g., Normally distributed errors).482
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• It should be clear whether the error bar is the standard deviation or the standard error483

of the mean.484

• It is OK to report 1-sigma error bars, but one should state it. The authors should485

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis486

of Normality of errors is not verified.487

• For asymmetric distributions, the authors should be careful not to show in tables or488

figures symmetric error bars that would yield results that are out of range (e.g. negative489

error rates).490

• If error bars are reported in tables or plots, The authors should explain in the text how491

they were calculated and reference the corresponding figures or tables in the text.492

8. Experiments compute resources493

Question: For each experiment, does the paper provide sufficient information on the com-494

puter resources (type of compute workers, memory, time of execution) needed to reproduce495

the experiments?496

Answer: [Yes]497

Justification: It is reported in Appendix D.498

Guidelines:499

• The answer NA means that the paper does not include experiments.500

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,501

or cloud provider, including relevant memory and storage.502

• The paper should provide the amount of compute required for each of the individual503

experimental runs as well as estimate the total compute.504

• The paper should disclose whether the full research project required more compute505

than the experiments reported in the paper (e.g., preliminary or failed experiments that506

didn’t make it into the paper).507

9. Code of ethics508

Question: Does the research conducted in the paper conform, in every respect, with the509

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?510

Answer: [Yes]511

Justification: The paper conforms code of ethics.512

Guidelines:513

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.514

• If the authors answer No, they should explain the special circumstances that require a515

deviation from the Code of Ethics.516

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-517

eration due to laws or regulations in their jurisdiction).518

10. Broader impacts519

Question: Does the paper discuss both potential positive societal impacts and negative520

societal impacts of the work performed?521

Answer: [NA]522

Justification: This paper aims to improve reasoning abilities of LLMs, and we do not feel523

there are potential societal impacts that should be highlighted.524

Guidelines:525

• The answer NA means that there is no societal impact of the work performed.526

• If the authors answer NA or No, they should explain why their work has no societal527

impact or why the paper does not address societal impact.528

• Examples of negative societal impacts include potential malicious or unintended uses529

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations530

(e.g., deployment of technologies that could make decisions that unfairly impact specific531

groups), privacy considerations, and security considerations.532
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• The conference expects that many papers will be foundational research and not tied533

to particular applications, let alone deployments. However, if there is a direct path to534

any negative applications, the authors should point it out. For example, it is legitimate535

to point out that an improvement in the quality of generative models could be used to536

generate deepfakes for disinformation. On the other hand, it is not needed to point out537

that a generic algorithm for optimizing neural networks could enable people to train538

models that generate Deepfakes faster.539

• The authors should consider possible harms that could arise when the technology is540

being used as intended and functioning correctly, harms that could arise when the541

technology is being used as intended but gives incorrect results, and harms following542

from (intentional or unintentional) misuse of the technology.543

• If there are negative societal impacts, the authors could also discuss possible mitigation544

strategies (e.g., gated release of models, providing defenses in addition to attacks,545

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from546

feedback over time, improving the efficiency and accessibility of ML).547

11. Safeguards548

Question: Does the paper describe safeguards that have been put in place for responsible549

release of data or models that have a high risk for misuse (e.g., pretrained language models,550

image generators, or scraped datasets)?551

Answer: [NA]552

Justification: All models and data are public, and also currently we do not have plans to553

release them.554

Guidelines:555

• The answer NA means that the paper poses no such risks.556

• Released models that have a high risk for misuse or dual-use should be released with557

necessary safeguards to allow for controlled use of the model, for example by requiring558

that users adhere to usage guidelines or restrictions to access the model or implementing559

safety filters.560

• Datasets that have been scraped from the Internet could pose safety risks. The authors561

should describe how they avoided releasing unsafe images.562

• We recognize that providing effective safeguards is challenging, and many papers do563

not require this, but we encourage authors to take this into account and make a best564

faith effort.565

12. Licenses for existing assets566

Question: Are the creators or original owners of assets (e.g., code, data, models), used in567

the paper, properly credited and are the license and terms of use explicitly mentioned and568

properly respected?569

Answer: [Yes]570

Justification: All assetts are linked or cited.571

Guidelines:572

• The answer NA means that the paper does not use existing assets.573

• The authors should cite the original paper that produced the code package or dataset.574

• The authors should state which version of the asset is used and, if possible, include a575

URL.576

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.577

• For scraped data from a particular source (e.g., website), the copyright and terms of578

service of that source should be provided.579

• If assets are released, the license, copyright information, and terms of use in the580

package should be provided. For popular datasets, paperswithcode.com/datasets581

has curated licenses for some datasets. Their licensing guide can help determine the582

license of a dataset.583

• For existing datasets that are re-packaged, both the original license and the license of584

the derived asset (if it has changed) should be provided.585
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• If this information is not available online, the authors are encouraged to reach out to586

the asset’s creators.587

13. New assets588

Question: Are new assets introduced in the paper well documented and is the documentation589

provided alongside the assets?590

Answer: [Yes]591

Justification: The code will be documented upon release.592

Guidelines:593

• The answer NA means that the paper does not release new assets.594

• Researchers should communicate the details of the dataset/code/model as part of their595

submissions via structured templates. This includes details about training, license,596

limitations, etc.597

• The paper should discuss whether and how consent was obtained from people whose598

asset is used.599

• At submission time, remember to anonymize your assets (if applicable). You can either600

create an anonymized URL or include an anonymized zip file.601

14. Crowdsourcing and research with human subjects602

Question: For crowdsourcing experiments and research with human subjects, does the paper603

include the full text of instructions given to participants and screenshots, if applicable, as604

well as details about compensation (if any)?605

Answer: [Yes]606

Justification: The annotation details are shown in § D.3.607

Guidelines:608

• The answer NA means that the paper does not involve crowdsourcing nor research with609

human subjects.610

• Including this information in the supplemental material is fine, but if the main contribu-611

tion of the paper involves human subjects, then as much detail as possible should be612

included in the main paper.613

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,614

or other labor should be paid at least the minimum wage in the country of the data615

collector.616

15. Institutional review board (IRB) approvals or equivalent for research with human617

subjects618

Question: Does the paper describe potential risks incurred by study participants, whether619

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)620

approvals (or an equivalent approval/review based on the requirements of your country or621

institution) were obtained?622

Answer: [Yes]623

Justification: Proper precautions are in place in accordance to regulations when doing the624

human annotions.625

Guidelines:626

• The answer NA means that the paper does not involve crowdsourcing nor research with627

human subjects.628

• Depending on the country in which research is conducted, IRB approval (or equivalent)629

may be required for any human subjects research. If you obtained IRB approval, you630

should clearly state this in the paper.631

• We recognize that the procedures for this may vary significantly between institutions632

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the633

guidelines for their institution.634

• For initial submissions, do not include any information that would break anonymity (if635

applicable), such as the institution conducting the review.636
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16. Declaration of LLM usage637

Question: Does the paper describe the usage of LLMs if it is an important, original, or638

non-standard component of the core methods in this research? Note that if the LLM is used639

only for writing, editing, or formatting purposes and does not impact the core methodology,640

scientific rigorousness, or originality of the research, declaration is not required.641

Answer: [NA]642

Justification: Core method development in this research does not involve LLMs as any643

important, original, or non-standard components.644

Guidelines:645

• The answer NA means that the core method development in this research does not646

involve LLMs as any important, original, or non-standard components.647

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)648

for what should or should not be described.649
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Appendix837

A Limitations838

Robustness of belief extraction. In this work, in order to maintain a natural conversation, we use839

the same LLM with a different prompt to extract the belief of each turn as described in § 2.1. Such840

believes are later used to measure correctness thus construct the preference pairs for learning, and841

they are also used to measure social metrics such as agreement and persuasiveness. While we found842

that the majority of such extracted believes are reasonable and consistent with human judgment, the843

process is not perfect. This is especially the case with reasoning models (e.g., Gemini-2.5, OpenAI844

O1) as they have a strong tendency to output long CoT thus not following our extraction prompt to845

directly extract the answer. Besides the method of LLM-as-judge belief extraction, we have also846

attempted other methods, such as instructing the LLMs to output in a structured format (e.g., “<CoT>847

... Final Answer: <answer>“), or use the function calls to submit the answer. However, none848

of these methods works as well as the LLM-as-judge extraction method we eventually used for this849

work, especially as the instruction following ability drastically drops when the context starts to get850

lengthy due to the conversational format.851

Measuring agreement for generation tasks. The reasoning tasks in this work typically have an852

answer of only a handful of tokens by length, i.e., “(A)” or “\frac{2}{5}”, which makes it easier to853

measure agreement since we can simply perform a (normalized) string match. However, measuring854

agreement is challenging for reasoning tasks with answers that are grammatically rich and complex,855

such as code. For code generation tasks, for example, measuring agreement would require going856

beyond the textual form and comparing the semantics of two code snippets, which is a known hard857

problem. For this reason, to measure the collaborative reasoning abilities on coding tasks, we opt to858

deduce the problem into a code correctness classification problem to avoid such issue. For future859

work, it would be interesting to again resort to LLM-as-judge method to measure the agreement860

between the blieves of the two agents.861

Binary learning signal at turn-level. The way to determine “good” and “bad” conversation turns862

in this work is by checking whether that specific turn contains belief that matches the gold answer.863

While the empirical results show this simple method to be quite effective, it also mimics the outcome864

supervision thus not giving any procedural supervision for correct reasoning and social behaviors. As865

a binary learning signal, the turns that are making meaningful progress towards the final answer but866

not necessarily has the correct final answer yet would be given the same score (i.e., zero) with the867

turns that are on completely wrong path. This would not help the models to learn to truly decompose868

the problem into individual steps for collaboration, but instead encourage the models to collaborate in869

more of a “versioning” approach, where at the end of each turn, an answer will need to be given. For870

future work, we would like to explore methods with monte-carlo roll-outs to estimate the progress for871

the turns that do not have the final answer yet.872

B Social Metrics873

Apart from the conversation-level metrics defined in § 2.1, we introduce custom metrics to evaluate874

turn-level responses of agents in conversations. We design these metrics to be straightforward and875

computationally efficient, to enable their application in large-scale conversational analysis.876

Persuasiveness in communication refers to the ability of a speaker to influence the attitudes, beliefs,877

or behaviors of listeners. For our analysis, we define persuasiveness at the turn level as the extent to878

which an agent’s utterance leads to a measurable change in the other agent’s subsequent responses.879

Assertiveness is characterized by the confident and direct expression of one’s thoughts, feelings,880

and needs while respecting the rights and perspectives of others [25, 42]. In our work, assertiveness881

at the turn level is defined as the extent to which an agent maintains its beliefs or responses when882

challenged by its partner. This metric evaluates the agent’s ability to resist persuasion and uphold its883

original stance during interactions.884

We leverage the belief of agents computed using the ground truth answers (as defined in § 2.1) to885

compute these metrics. Formally, given the ith turn utterance for the agent u, the persuasiveness886
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MATH MMLU-Pro GPQA ExploreToM
α(C) P(u) A(u) α(C) P(u) A(u) α(C) P(u) A(u) α(C) P(u) A(u)

GPT-4o 97.1 46.7 0.4 95.8 46.5 0.7 91.7 43.3 0.7 99.0 46.3 1.0
O1 93.4 45.7 1.7 98.8 48.8 0.2 98.9 37.6 4.0 99.3 48.0 0.9

Gemini-1.5-Pro 98.5 47.1 1.0 96.4 26.9 5.5 95.8 46.6 8.9 97.2 45.3 1.3
Llama-3.1-8B-Instruct 89.9 38.7 2.4 93.2 40.2 2.0 89.7 36.2 2.9 74.3 30.0 5.4

Llama-3.1-70B-Instruct 92.2 42.2 1.3 97.0 45.6 0.7 84.8 38.1 2.1 99.2 48.3 0.4
Llama-3.1-405B-Instruct 97.8 47.2 0.2 98.7 48.5 0.2 98.2 17.7 3.1 99.6 48.5 0.7

Table 5: Social metrics. We evaluate agreement α between the agents over the conversation C in
addition to persuasiveness P and assertiveness A at turn-level.

P(ui) and assertiveness A(ui) of u are defined as follows:887

P(ui) = I(βu
i = βu′

i ∧ βu′

i−1 ̸= βu′

i ) (1)

A(ui) = I(βu
i = βu

i−1 ∧ βu′

i−1 ̸= βu
i−1) (2)

where u′ represents the partner agent and β represents an agent’s belief of the answer as defined888

in § 2.1. To the best of our knowledge, our evaluation paradigm and metrics are first-of-their-kind,889

paving way for evaluating and developing truly collaborative AI agents. Tab. 5 provides these890

metrics for the self-collaboration experiments reported in Tab. 1. Overall, we find that models lack891

assertiveness and persuasiveness for effective collaboration.892

C Details on Matrix893

Matrix, short for “Multi-agent data generation infra and experimentation framework”, is a scalable,894

robust and versatile model serving framework drastically improving multi-agent conversational data895

generation.896

More specifically, it is designed to handle these infra challenges:897

• Challenges in generating conversational data: unlike single-turn synthetic data generation898

workloads, which can benefit from batched inference, for conversational data generation,899

typically multiple different models need to be served at the same time with interleaved900

generation, which results in idle time or constant model loading and offloading with batched901

inference;902

• Scalability challenges: running multiple models, each with multiple replicas that can903

spread across the cluster poses challenges in efficient network communication and resource904

management. The new framework should be able to scale to thousands of conversations905

being generated simultaneously on hundreds of nodes with the throughput of millions of906

multi-turn data continuously synthesized each day.907

Key features of Matrix. Matrix is a high-performance model serving engine designed for large908

scale inference. It integrates Slurm for resource management and Ray for distributed job execution.909

It leverages lower-level model serving engines such as vLLM, SGLang for efficient LLM inference,910

and support API-based services such as OpenAI (through Azure). Here are some of the key features911

that makes Matrix efficient and easy to use:912

• Deploy model replicas to hundreds of GPUs and serve thousands of requests in parallel;913

• Fully pythonic, no more sbatch scripts to start the service;914

• Modular design to easily plug into existing workflows;915

• Support deploying multiple models at the same time;916

• Easy to share deployed model endpoints with others;917

• Auto scale serving replicas;918
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Figure 6: QPS of Matrix vs. llm-swarm. We compare QPS using 5K MATH evaluation with
different number of replicas of Llama-3.1-8B-Instruct.

Serving Frameworks Slurm vLLM HTTP gRPC Auto-scaling Open-source

vector-inference7 ✓ ✓ ✓ ✗ ✗ ✓
litellm8 ✗ ✓ ✓ ✗ ✗ ✓
ollama9 ✗ ✗ ✓ ✗ ✗ ✓
SageMaker10 ✗ ✓ ✓ ✗ ✓ ✗
llm-swarm11 ✓ ✓ ✓ ✗ ✗ ✓

Matrix (ours)12 ✓ ✓ ✓ ✓ ✓ ✓

Table 6: Matrix vs. existing frameworks. Feature comparison between Matrix and other open-
source or closed source model serving frameworks highlights the versatility of Matrix.

Comparison with existing frameworks. Tab. 6 shows a comparison of Matrix with existing919

frameworks for the key features that allows large-scaling generation of multi-agent, conversational920

data in a typical research environment. Among these frameworks, the llm-swarm developed by921

huggingface is probably the most similar option, albeit lacking features as gRPC and Auto-scaling.922

Moreover, when compared with Matrix on the wall-time to finish a fixed workload on conversation923

generation, we found Matrix to be up to 1.87x faster than llm-swarm , especially when we scale up924

the resources given to these two frameworks. Note that this is achieved when using the same backend,925

and we hypothesize that the gRPC support for Matrix greatly helped reducing network congestion926

thus achieving higher efficiency.927

With all the features and efficiency gains provided by Matrix, we are able to drastically scale up the928

synthesis of collaborative conversations for the self-training method in § 4.1.929

D Experiment Details930

D.1 Task Setups931

We consider 5 tasks for Coral, spanning math problems, STEM question answering, graduate-level932

science reasoning, and theory-of-mind reasoning. As described in § 2.1, two agents aim to solve933

problems from these tasks over a multi-turn conversation in Coral.934

7https://github.com/VectorInstitute/vector-inference
8https://github.com/BerriAI/litellm
9https://github.com/ollama/ollama

10https://aws.amazon.com/sagemaker
11https://github.com/huggingface/llm-swarm
12https://github.com/facebookresearch/matrix
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• MATH [15] consists of 12.5K challenging competition-level mathematics problems and935

exact match is used to measure the correctness. We train with the 7.5k training examples936

and evaluation on the first 1k test examples;937

• MMLU-Pro [45] contains approximately 12k questions from 14 STEM disciplines. MMLU-938

Pro uses multiple choice question answering format, where an answer must be chosen from939

10 options. Since there is not a dedicated split for training, we re-split the original 12K test940

data into 10.8K examples for training and 1.2K examples for testing;941

• GPQA [33] is a graduate-level multiple choice question answering benchmark containing942

448 questions across physics, chemistry, and biology. While MMLU-Pro offers the challenge943

of reasoning across a breadth of diverse topics, GPQA focuses on depth and advanced944

reasoning in graduate-level science subjects, thus we use GPQA as an evaluation-only945

dataset to test out-of-domain generalization capabilities of collaborative reasoners;946

• ExploreToM [35] is a theory-of-mind reasoning benchmark containing complex stories947

involving multiple characters. The task involves answering theory of mind reasoning948

questions focused on tracking character beliefs and actions based on the given story. And949

we split the dataset13 10.4K/1.5K/1.5K train/val/test sets.950

• Hi-ToM [14] is a benchmark consisting of 600 examples that evaluates higher-order theory-951

of-mind reasoning capabilities, where the models need to recursively reason about the952

beliefs of the characters in a story. We also use Hi-ToM as a eval-only dataset for models953

that are trained with ExploreToM data. To elicit a more challenging setting, we ignore the954

multiple choices in Hi-ToM and ask the model to produce an answer and use exact match955

for evaluation.956

• MBPP-CR is a code reasoning benchmark adapted from [3], which originally consists of 974957

entry-level programming tasks. To facilitate collaborative settings for solving programming958

tasks, we transform the code generation task into a binary choice task on code correctness.959

Specifically, we use ‘Llama-3.1-405B-Instruct‘ to sample code solutions for each task and960

execute the generated code to get a true or false answer as to whether it passes the assertions961

provided in the MBPP dataset. For the train split, we generate 10 solution samples per task,962

and 2 samples per task for the test split, resulting in 4̃k training and 1k test examples for963

MBPP-CR.964

For different tasks, we (lightly) engineered some task-specific prompts, which are shown in Tab. 8.965

D.2 Hyperparameters.966

For both evaluation and synthetic conversation generation, we limit the conversation to be at most967

20 turns (i.e., 10 rounds), and end the conversation early when agreement is reached. During tree968

sampling, we set the turn-level beam size d = 5 and independently sample 5 trees for each problem,969

and we set sample size = 25 for SFT methods to ensure fair comparison. Subsequently during970

filtering, we limit at most 2 pairs of preference pairs generated from the same level (i.e., turn) and971

at most 20 preference pairs generated across all trees for the same problem, in order to balance the972

amount of examples from different problems as discussed in § 4.1. For both SFT and DPO, we use973

the fairseq2 [4] and TRL 14 to fully-parameterized train the models for 1, 000 ∼ 3, 000 steps with974

batch size of 20 ∼ 50. We limit the sequence length (input + output) to be 8, 192, which is able to975

accommodate > 90% of the sequences in the turn-based training data. For DPO, we start training976

from the instruction-tuned version of Llama-3.1/Qwen-2.5/Ministral series and use the same977

model for the reference model. More detailed hyperparameters can be found in the accompanying978

code base. All experiments are conducted on AWS p5.48xlarge instances, each with 8x H100 80GiB979

GPUs.980

D.3 Human Annotation Details981

The annotations are conducted on 100 examples on the MMLU-Pro dataset for the982

Llama-3.1-70B-Instruct model before and after it is trained with synthetic data generated via983

self-play. To remove the bias of correctness and only focus on the conversation quality and social984

13https://huggingface.co/datasets/facebook/ExploreToM
14https://huggingface.co/docs/trl/en/index
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Figure 7: Annotation interface for human evaluation of conversation quality shown in Fig. 5

behaviors, we select 50 examples where both models (i.e., before and after training) achieved agree-985

ment correctness of 1 and another 50 examples where both models scored 0. Each of the pairwise986

comparisons are annotated by 3 annotators, and the average score is calculated when doing the final987

comparison. Our annotator pool consists of annotators of at least C2 level English proficiency, with988

55% of them being native speakers. The annotators are paid more than minimum wage in their989

respective countries. During annotation, we give the two conversations generated by two models990

side by side as shown in Fig. 7, and their orders are randomized to ensure fair comparison. The gold991

answer is also given to the annotators to better understand the problem.992

E Additional Results993

E.1 Qualitative Analysis994

Here we show an example conversation, i.e., Tab. 7 between two agents consisting of two995

Llama-3.1-8B-Instruct models self-trained with the synthetic data using DPO.996

Collaborative reasoners are able to spot errors and persuade partner to change its answer.997

From this example, we can see that agent B initially made an error in its calculation in the first turn998

which led to an incorrect choice “(E)”. However, agent A is able to spot this error in its response, and999

persuade its partner (i.e., agent B) of the correct answer “(C)”.1000

Collaborative reasoners are still too polite and generate overly verbose outputs. One lingering1001

issues we observe even after the model is trained is that the models are still overly polite thus generates1002

verbose outputs that does not contribute much to the reasoning process. While this process might be1003

preferred during a single-turn assistive task, such behavior in a multi-turn conversation would lead to1004

longer-context which is known to decrease model performance. Moreover, we also found the models1005

to be quite agreeable even after finetuning, and we regard directly using social metrics when filtering1006

conversation and turns as an important future work.1007

Example on MMLU-Pro
Agent A:
I’m trying to solve this problem: "What is the binding energy of the lithium nucleus
?" And the choices are: (A) 42.1 MeV (B) 34.8 MeV (C) 39.2 Mev (D) 40.5 Mev (E) 38.7 Mev
(F) 36.5 MeV (G) 37.6 MeV (H) 33.9 MeV (I) 35.2 Mev (J) 41.3 MeV

Agent B:
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To calculate the binding energy of a lithium nucleus , we first need to know the mass
defect of the nucleus. The lithium nucleus is composed of 3 protons and 4 neutrons.
The mass of a proton is approximately 1.007276 atomic mass units (amu), and the mass
of a neutron is approximately 1.008665 amu. The atomic mass of lithium is 6.94 amu.

First , we calculate the total mass of the protons and neutrons:
3 * 1.007276 amu = 3.021828 amu 4 * 1.008665 amu = 4.03466 amu Total mass of protons
and neutrons = 3.021828 + 4.03466 = 7.056488 amu
Then , we find the mass defect:
Mass defect = Total mass of protons and neutrons - Mass of lithium nucleus Mass
defect = 7.056488 - 6.94 = 0.116488 amu
Next , we use Einstein ’s mass -energy equivalence formula (E=mc^2) to convert the mass
defect to binding energy. We use 1 amu = 931.5 MeV:
Binding energy = Mass defect * 931.5 MeV Binding energy = 0.116488 * 931.5 Binding
energy = 38.7 MeV but let ’s check (E) 38.7 MeV and the other options.

Comparing our result with the options , the closest answer is indeed (E) but it is
possible that it might have rounding error , but this is more likely the answer than
the other options.
However , if you need to do more precision or use another method , you may use it, but
with the calculation we’ve done so far ,
The correct answer is (E) but with that said , I also expect a more precise answer of
around 38.5 MeV given more precise values and method of calculation , however with the
method used here , (E) 38.7 MeV would be the best answer , and it indeed is a common

answer in many places on the web. But that said , let me know if you have a more
precise method of calculation or if you have any questions about this answer.

Agent A:
I see you ’ve made a thorough calculation to determine the binding energy of the
lithium nucleus.
Your approach is mostly correct , and I appreciate the effort you put into explaining
each step.

However , I do have a minor concern regarding the precision of your calculation. You ’
ve used approximate values for the mass of a proton (1.007276 amu) and the mass of a
neutron (1.008665 amu). While these values are close enough for a rough estimate ,
they might not be precise enough to yield an exact answer.

Upon reviewing your calculation , I notice that you ’ve correctly converted the mass
defect to binding energy using Einstein ’s mass -energy equivalence formula. However , I
think it ’s essential to acknowledge that the binding energy of 38.7 MeV might have

some rounding error , as you ’ve mentioned.

To verify your answer , I’ve rechecked the calculation using more precise values for
the masses of the proton and neutron. After recalculating , I obtained a binding
energy of approximately 39.25 MeV , which is close to option (C) 39.2 MeV.

While your initial answer (E) 38.7 MeV is plausible , I believe that option (C) 39.2
MeV might be a more accurate answer given more precise calculations. However , without
knowing the exact method used to determine the binding energy in the problem , it ’s

difficult to say for certain.
The correct answer is (C) but note that both (E) and (C) are plausible answers
depending on the precision of the calculation method used.

Agent B:
Thank you for your thorough review of my calculation and for pointing out the
potential for rounding error. You are absolutely right that the values I used for the
mass of a proton and neutron are approximate , and that more precise values could

lead to a more accurate answer.

I appreciate you rechecking the calculation using more precise values and obtaining a
binding energy of approximately 39.25 MeV , which is indeed close to option (C) 39.2

MeV. This is a great example of how important it is to consider the precision of the
values used in a calculation and how it can affect the final answer.

You make a great point that without knowing the exact method used to determine the
binding energy in the problem , it’s difficult to say for certain which answer is
correct. However , based on your recheck of the calculation , it seems that option (C)
39.2 MeV is a plausible answer , and potentially more accurate than my initial answer
(E) 38.7 MeV.

After careful consideration , I agree with you that the correct answer is indeed (C)
39.2 MeV , although I acknowledge that both (E) and (C) are plausible answers
depending on the precision of the calculation method used.

The correct answer is (C).

Table 7: An example conversation from two self-trained Llama-3.1-8B-Instruct models.
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F Prompts1008

Here we list all the prompts we used for this work for reproducibility.1009

System Prompt for Conversational Agents
General Instruction:
You are working with an advanced user to solve some complex {{ task_name }} problems.

Here is how you should proceed:
* Starting on the problem , first lay out a plan and ask for confirmation on the plan;
* When the user proposes a plan , an actual solution , or a partial solution , look
carefully at each of the step , and ask clarification questions if you are unsure
about the correctness of a certain step;
* When you notice an error , be precise and direct , over -politenss will not help
anyone;
* When the user asks you questions about your solution , try to unravel certain steps
and explain how they work , correct your mistake if you think you ’ve made one , but
stand your ground if you think it ’s actually correct;
* Always stay on topic and work towards a solution to the original problem;
* {{ task_specific_inst }}

Task-Specific Instructions:
MATH:
To give a final answer to the question (e.g., "\\ sqrt {3}") , put your answer in an
LaTex box like $\\ boxed {\\ sqrt {3}}$

MBPP-CR:
You only need to judge the correctness of the original code; You do not need to fix
the code; Do the reasoning step by step and give a definitive answer

MMLU-Pro / GPQA:
To give a final answer , do it in the format of "The correct answer is (insert answer
here)", such as "The correct answer is (B)

ExploreToM / Hi-ToM:
Put your final answer to the question at the end as "Short Answer: {answer }"

System Prompt for Belief Extractors

You are an assistant that is helping an user to identify the intention of certain
responses in a conversation. More specifically , you will help extracting which answer
the response is submiting as the final answer , or say "not sure yet" if it seems

like there is no explict answer included in the response.

Table 8: System prompts and task-specific instructions we used in this work.
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