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Abstract

Multi-agent architectures has recently boosted the reasoning performance of large

language models, yet it is unclear whether the gain stems from genuinely separate

models or merely from the contrasting roles they play. This thesis fixes prompts,

roles and the base model while toggling only model separation, comparing a dual-

agent setting with two DeepSeek-V3 instances to a simulated-agent setting in which

a single instance alternates roles. Both are evaluated with Debate, Cooperative and

Teacher–Student collaboration strategies on AIME mathematics, GPQA Diamond

expert knowledge and LiveBench Reasoning logic puzzles. The dual-agent setup

outperforms simulation in six of nine strategy–benchmark pairs and trails slightly

in the three Cooperative cases; its single statistically significant edge appears on

LiveBench Teacher–Student (66.0% versus 51.5%, p = 0.002), indicating that sepa-

ration chiefly benefits critique-oriented dialogue. Neither architecture surpasses the

40% single-agent baseline on AIME, while all configurations substantially exceed the

44.3% baseline on LiveBench Reasoning, which highlights the variation in collabo-

rative benefit across domains. Token usage is driven by task complexity rather than

agent design. Model separation thus acts as an optional amplifier, important for

adversarial or pedagogical exchanges but superfluous when collaboration is purely

additive.



Zusammenfassung

Mehragentige Architekturen haben in letzter Zeit die Reasoning-Leistung grosser

Sprachmodelle verbessert, doch es ist unklar, ob dieser Gewinn auf tatsächlich ge-

trennte Modelle zurückzuführen ist oder lediglich auf die kontrastierenden Rollen,

die ein einzelnes Modell einnimmt. Diese Arbeit hält Prompts, Rollen und das

Basismodell konstant und variiert ausschliesslich die Modelltrennung, indem ein

Dual-Agent-Setup mit zwei DeepSeek-V3-Instanzen einem Simulated-Agent-Setup

gegenübergestellt wird, bei dem eine Instanz abwechselnd beide Rollen übernimmt.

Beide Konfigurationen werden mit den Strategien Debatte, Kooperation und Lehrer–

Schüler auf den Benchmarks AIME (Mathematik), GPQA Diamond (Expertenwis-

sen) und LiveBench Reasoning (logisches Schliessen) evaluiert. Das Dual-Agent-

Setup übertri↵t die Simulation in sechs von neun Kombinationen und liegt in den

drei kooperativen Fällen leicht zurück; der einzige statistisch signifikante Unterschied

zeigt sich bei LiveBench in der Lehrer–Schüler-Strategie (66.0% gegenüber 51.5%,

p = 0.002), was darauf hinweist, dass Modelltrennung vor allem in kritikorientier-

ten Dialogen nützt. Bei AIME überschreitet keine Architektur die 40%-Baseline ei-

nes Einzelagenten, während alle Konfigurationen die 44.3%-Baseline von LiveBench

Reasoning deutlich übertre↵en. Dies unterstreicht die unterschiedlichen Vorteile kol-

laborativer Strategien je nach Aufgabenbereich. Der Tokenverbrauch wird stärker

durch die Aufgabenkomplexität als durch das Agentendesign bestimmt. Modelltren-

nung wirkt somit als optionaler Verstärker, der bei Debatten oder pädagogischen

Formaten von Bedeutung ist, jedoch bei additiver Zusammenarbeit verzichtbar bleibt.
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1. Introduction

1.1. Motivation

Large language models have crossed a surprising threshold: with scaling, careful

preference tuning and chain-of-thought prompts, a single agent can already solve

Olympiad-level math problems, write legal briefs, and debug non-trivial code. Yet,

a parallel research thread shows that two or more LLM personas collaborating on

diverse tasks often out-perform that lone thinker (Du et al., 2023; Chen et al., 2024;

Wang et al., 2024). What accounts for the extra lift?

One hypothesis is sampling independence: if each agent is a genuinely separate

model instance, their hidden states explore di↵erent regions of the solution space,

making the ensuing dialogue richer. A competing view holds that most of the gain

comes from perspective diversity created by assigning contrasting roles; true

model separation might be an expensive detail that matters only rarely. Distin-

guishing between those explanations is already useful for today’s practitioners, who

must decide whether to pay the latency or memory overhead of running multiple

models in production.

The question becomes even sharper when we look ahead. The future of AI is likely

to be multi-agent by default : specialized models running on edge devices, private

datacenters, and public clouds might need to bargain and coordinate without a single

monolithic brain. If perspective diversity su�ces, we can build leaner, role-switching

agents that reuse weights across turns. If independence is essential, we must budget

for truly separate models, even when they reside on di↵erent machines.

This thesis tackles the problem empirically. By holding roles, prompts, and base

model constant while toggling only model separation, it measures exactly how much

benefit derives from sampling independence, how that benefit interacts with dialogue

strategy, and whether the e↵ect is universal across mathematical, factual, and logical

domains.

1



Chapter 1. Introduction

1.2. Background

Early attempts to strengthen single-agent reasoning relied on prompt engineering.

Wei et al. (2022) introduced Chain-of-Thought, encouraging the model to write down

intermediate steps, while Wang et al. (2023) proposed Self-Consistency, sampling

multiple chains and voting on the final answer. A more radical variant, Self-Refine

(Madaan et al., 2023), lets the model critique and revise its own output over several

rounds.

In parallel, genuinely multi-agent schemes have flourished. Debate-style protocols

(Du et al., 2023) pit multiple opponents against each other; collaborative frame-

works such as CoMM (Chen et al., 2024) split expertise across specialized roles;

Diversity-Thought (Hegazy, 2025) explores the e↵ect of heterogeneous model pools.

Ensemble approaches (Self-MoA (Li et al., 2025), MoSA (Yang et al., 2025)) dispense

with dialogue and aggregate multiple independent samples.

A recent counter-trend shows that one GPT-4 can approximate a committee by

switching personas from turn to turn. Solo Performance Prompting (SPP) (Wang

et al., 2024) demonstrates measurable gains from such internal collaboration, raising

the question of how much additional benefit a second model really brings. That is

the gap this thesis tackles.

1.3. Terminology

Throughout this thesis, several terms are employed with specialized meanings. The

term ’agent’ is used to denote an LLM instance fulfilling a specific role, particularly

in phrases like ’dual-agent’ or ’multi-agent.’ This aligns with conventional shorthand

in research on multi-LLM systems, and does not imply ’agency’ in the classical AI

sense (e.g., the ability to take autonomous actions in an environment). A simulated

dialogue is realized by a single LLM instance that alternates between predefined roles

while sharing one context window. A dual-agent (or independent) setup uses two

separate model instances and independent random seeds, guaranteeing uncorrelated

internal states. Role specialization denotes the fixed functional persona (proponent,

critic, teacher, student, etc.) assigned to each speaker. The epistemic distance cre-

ated merely by enforcing such contrasting roles, irrespective of model independence,

is referred to as perspective diversity. Role consistency refers to the property of an

agent (in a multi-agent set-up) that maintains its assigned perspective, communica-

tion style, and responsibilities throughout an interaction without having to switch

2



Chapter 1. Introduction

roles. Finally, cognitive integration (or continuity) labels the advantage a single

model enjoys by having an unbroken latent workspace that accumulates knowledge

across turns.

1.4. Research Questions

The investigation is guided by one overarching question—Which mechanisms prin-

cipally drive the performance gains observed in multi-agent LLM dialogue?—and

three subsidiary inquiries:

1. Does enforcing model separation improve reasoning compared with a single

model that alternates roles?

2. How do three collaboration strategies, Debate (oriented to criticism), Coop-

erative (additive) and Teacher-Student (guided discovery), interact with inde-

pendence versus simulation?

3. Are the observed e↵ects consistent across knowledge-intensive (GPQA), math-

ematical (AIME), and logical (LiveBench) benchmarks, or are they

domain-specific?

The answers to these questions allow us to draw specific inferences about the source

of performance gains. If the dual-agent configuration consistently outperforms the

simulated setup, we can attribute the advantage to factors unique to true agent in-

dependence, namely, independent sampling and role consistency (or lack of persona-

switching overhead). If both configurations perform comparably, then the primary

benefit likely stems from structural features they share, such as perspective diver-

sity through role specialization and structured turn-taking. In the unlikely case

that simulated agents outperform their independent counterparts, it would suggest

that maintaining a single latent space across turns confers an integration advantage

that outweighs any benefit from sampling independence. Figure 1.1 summarizes this

space of possible explanations.

1.5. Key Contributions

This thesis o↵ers four substantive contributions. First, it provides a controlled

framework that toggles only model independence while holding prompts, roles, and

the base model fixed, thereby isolating sampling independence, role consistency,

and cognitive continuity. Second, it delivers strategy-specific evidence showing that

3



Chapter 1. Introduction

Figure 1.1.: Venn diagram illustrating the shared and distinct features of simulated
and dual-agent approaches.

independence chiefly benefits critique-oriented dialogue, whereas cooperative brain-

storming succeeds without it. Third, it introduces a solution-evolution taxonomy

that captures how answers converge (or diverge) over successive turns. Fourth, it

quantifies the computational overhead of each architecture via a token-level e�ciency

analysis, yielding practical guidance on when either setup is worth its cost.

1.6. Thesis Structure

The remainder of the document unfolds as follows. Chapter 2 situates the study

within the wider literature on single- and multi-agent reasoning. Chapter 3 details

the experimental design, benchmarks, and analytical pipeline. Chapter 4 combines

results and discussion, presenting both quantitative outcomes and qualitative case

studies. Finally, Chapter 5 draws conclusions and outlines avenues for future work.

4



2. Related Work

2.1. Multi-Agent vs Single-Agent in Reasoning Tasks

In recent research, multi-agent systems (frameworks combining multiple LLMs) have

demonstrated advantages over single-agent LLMs in solving reasoning tasks in dif-

ferent fields and of varying di�culty (Du et al., 2023; Hegazy, 2025). Although

performance by a simple single agent can be improved with prompting techniques

such as Chain-of-Thought (CoT) and Self-Consistency (Wei et al., 2022; Wang et al.,

2023), it often su↵ers from lack of diversity in reasoning paths and can be prone

to hallucinations. The evidence that the combination of multiple model instances

enhances reasoning accuracy, be it via a dialogue-based or an ensembling-based

framework, is becoming clearer.

Interaction-Based Multi-Agent Frameworks Multi-agent debate frameworks ex-

emplify interactive reasoning strategies. Du et al. (2023) introduced a ”society of

minds” approach where multiple LLM instances propose and debate their individual

responses and reasoning processes over multiple rounds to arrive at a common final

answer. This multi-round debate structure allows agents to challenge each other’s

reasoning, which significantly improves mathematical and strategic reasoning across

various tasks. Their approach also improved the factual validity of generated con-

tent, reducing fallacious answers and hallucinations that contemporary models are

prone to. A key advantage of their method is its applicability to existing black-box

models using identical procedures and prompts across di↵erent tasks. Building on

this framework, Hegazy (2025) investigated the impact of model diversity in such

debate settings. They found that debates involving diverse trained models consis-

tently outperformed those using multiple instances of the same model. In their

experiments, a diverse set of medium-capacity models even outperformed a single

high-capacity model like GPT-4 on mathematical reasoning benchmarks. These re-

sults suggest that in debate frameworks, model diversity is a significant advantage

in collaborative reasoning capabilities.

5



Chapter 2. Related Work

Chen et al. (2024) expanded on multi-agent approaches by developing the Collabora-

tive Multi-Agent, Multi-Reasoning-Path (CoMM) framework. Their system assigns

specialized roles to di↵erent agents (physicists, mathematicians, etc.) who then

work together through iterative dialogues to solve complex problems. Notably, the

researchers conducted experiments highly relevant to this thesis by comparing gen-

uine multi-agent dialogues against a single-agent simulation. They implemented a

comparison where they used identical prompting text but with a single LLM in-

stance tasked with switching between di↵erent roles, rather than multiple separate

instances. Their results showed that the multi-agent CoMM framework significantly

outperformed the single-agent approach across all benchmarks. The researchers hy-

pothesized that a single LLM tends to be self-consistent, and prompting it to switch

among di↵erent roles confuses the model, hindering its ability to make correct pre-

dictions.

Their single-agent simulation setup is conceptually related to recent work on multi-

persona prompting, such as the Solo Performance Prompting (SPP) framework in-

troduced by Wang et al. (2024), which also aims to harness emergent collaboration

through simulated internal dialogue. However, CoMM does not clarify whether

its single-agent baselines were implemented via multiple sequential calls, allowing

cleaner role separation, or as a single prompt where all roles are simulated at once.

This thesis builds upon and refines their comparison by introducing explicit turn-

taking and a stricter control of sampling independence, enabling clearer attribution

of performance di↵erences.

Ensemble-Based Multi-Agent Approaches Other multi-agent strategies show-

case multiplicity through ensemble approaches. Interestingly, Li et al. (2025) ar-

rived at conclusions that seemingly contradict Hegazy’s findings on model diversity.

They investigated Single-model Mixture-of-Agents (Self-MoA), where multiple out-

puts were independently sampled from a single powerful model and aggregated.

Surprisingly, Self-MoA outperformed traditional mixed-model ensembles (Mixed-

MoA), which combine di↵erent base models, across multiple scenarios, with a 6.6%

improvement in LC Win Rate on AlpacaEval 2.0 and an average of 3.8% improve-

ment across various benchmarks including MMLU-redux and MATH. Their analysis

suggests that MoA performance is quite sensitive to the quality of the proposer mod-

els, and mixing di↵erent LLMs can often lower the average quality of the models

in the mixture. This apparent contradiction between Hegazy and Li’s findings sug-

gests that the benefits of model diversity might be context-dependent, potentially

o↵ering greater advantages in interactive debate settings than in simple ensembling

approaches. Yang et al. (2025) introduced another ensemble approach with Mixture-

6



Chapter 2. Related Work

of-Search-Agents (MoSA), which utilized Monte Carlo Tree Search (MCTS) with

multiple independent LLM proposers and aggregators. MoSA addresses the limi-

tations of single-model approaches by enabling diverse reasoning pathways through

independent exploration combined with iterative refinement among LLMs. Their

comprehensive evaluation across four reasoning benchmarks demonstrated consis-

tent performance improvements over both single-agent and other multi-agent base-

lines, particularly in complex mathematical and commonsense reasoning tasks. The

success of both Self-MoA and MoSA highlights the importance of diverse reasoning

paths in ensemble-based approaches, regardless of whether these paths come from a

single powerful model or multiple distinct models.

2.2. Reasoning Models

Another relevant research direction includes reasoning models trained explicitly

to boost reasoning skills through reinforcement learning (RL). DeepSeek-AI et al.

(2025) represents a prominent example, employing a multi-stage RL approach com-

bined with supervised fine-tuning. By internally simulating multiple reasoning path-

ways during RL, DeepSeek-R1 achieved state-of-the-art performance on benchmarks

such as AIME 2024 and MATH-500. This method implicitly embodies a multi-agent-

like reasoning strategy within a single model, and it remains to be seen whether

combining these reasoning models into a multi-agent framework could yield even

more performance gains.

2.3. Self-Improvement Within Single LLMs

Previous research has also explored self-improvement techniques within single LLMs.

Madaan et al. (2023) introduced Self-Refine, where a single LLM generates out-

put, critiques it, and iteratively improves it. This approach showed approximately

20% performance improvements compared to standard one-step generation from the

same LLMs. Self-Refine demonstrates that internal dialogue within a single model

context can yield significant benefits, which raises questions about whether cogni-

tive continuity within a single model might sometimes o↵er advantages over truly

distributed reasoning across multiple models. This provides an interesting counter-

point to multi-agent frameworks and aligns well with my experimental investigation

of simulated versus genuine agent interactions.
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2.4. Gap in Literature and Contribution of This Thesis

This thesis addresses a fundamental gap in our understanding of collaborative AI

reasoning: which specific mechanisms drive performance improvements in multi-

agent dialogue systems? As shown in Table 2.1, previous approaches di↵er in their

implementation but haven’t isolated the key factors at play. By comparing single

models simulating dialogues against genuine multi-agent interactions using identical

base models, important factors including sampling independence, role consistency,

and cognitive integration are isolated. If genuine multi-agent dialogues prove su-

perior, this would suggest benefits from true independence in reasoning processes.

Conversely, if simulation approaches perform comparably or better, this would in-

dicate advantages to maintaining cognitive continuity across reasoning steps. The

results will clarify whether the benefits observed in collaborative frameworks stem

primarily from reasoning diversity and quality, which can be simulated, or from

genuine agent independence, which requires multiple instances. These insights will

directly inform more e�cient and e↵ective designs for collaborative AI systems tack-

ling complex reasoning tasks.

8
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Table 2.1.: Comparison of Interaction-Based Multi-Agent Frameworks
Feature CoMM

(Chen)
Debate
(Du)

Diversity
(Hegazy)

This Thesis

Number of

Agents

3 2 & 3 3 diverse

models

2 identical

models

Interaction

Structure

1 dialogue

turn for Col-

lege Physics,

2 for Moral

Scenarios

Typically

2 debate

rounds (with

convergence)

4 debate

rounds

5 dialogue

turns (with

convergence)

Comm.

Strategy

Collaborative:

Agents play

di↵erent roles

Debate:

Agents chal-

lenge each

other’s rea-

soning

Debate:

Agents chal-

lenge each

other’s rea-

soning

Multiple for-

mats: Debate

and coopera-

tive dialogues

with fixed

roles

Types of

Tasks

College-level

physics prob-

lems and

moral reason-

ing problems

Reasoning

tasks (math,

chess), factu-

ality tasks

Mathematical

reasoning

tasks (GSM-

8K, ASDiv)

Math reason-

ing (AIME),

PhD-level

science

(GPQA),

General

reasoning

(LiveBench)

Single-Agent

Comparison

Zero-shot

and few-shot

CoT baseline

& simulated

roles within a

single LLM

Zero-shot

CoT as base-

line

Zero-shot

CoT as base-

line

Single LLM

simulating

fixed roles

and dialogue

turns through

separate se-

quential calls

Models Used GPT-3.5 GPT-3.5 Gemini-

Pro, Mixtral

7B×8, and

PaLM 2-M

DeepSeek-v3

Research Fo-

cus

Role special-

ization and

collaborative

problem-

solving

E↵ectiveness

of debate

for reasoning

enhancement

Impact of

model di-

versity on

debate qual-

ity

Isolating fac-

tors in multi-

agent systems
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3. Methodology

3.1. Research Design Overview

This study employs a comparative experimental design to investigate the reasoning

capabilities of large language models (LLMs) in collaborative contexts. Specifically,

I compare two di↵erent approaches to multi-agent reasoning:

• Simulated Two-Agent Interaction: A single LLM instance alternating

between two distinct agent roles across multiple turns.

• Dual-Agent System: Two separate LLM instances, each maintaining a con-

sistent role throughout the interaction.

The comparison with a simulated two-agent set-up implemented through sequential

calls is a novel contribution from this thesis and allows for the systematic examina-

tion of how model separation and sampling independence a↵ects reasoning outcomes.

Each approach is evaluated using the DeepSeek-V3 (deepseek-v3-0324) model across

three distinct collaboration strategies (Debate, Cooperative, and Teacher-Student)

and three reasoning benchmarks (AIME, GPQA, and LiveBench).

The experimental design incorporates mechanisms to mitigate potential biases, in-

cluding balanced final answer attribution (alternating which agent provides the final

answer) and dynamic convergence detection to optimize conversation length. All ex-

periments use consistent hyperparameters (temperature = 0.7, max tokens = 1500).

3.2. Agent Framework Architecture

This section details the formal architecture and interaction protocols for both sim-

ulated two-agent and true dual-agent systems.
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3.2.1. Formal System Definition

Let A = {A,B} represent the set of agent roles, where each agent contributes to

solving a given problem through structured dialogue. Each message in the conver-

sation is defined as a tuple mi = (ai, ci, ti), where ai 2 A is the agent identifier, ci

represents the message content, and ti is the timestamp. The conversation history

at turn n is represented as Hn = {m1,m2, ...,mn}, with m1 containing the initial

problem statement.

3.2.2. Interaction Protocol: Simulated Two-Agent System

In the simulated configuration, a single LLM instance alternates between agent roles

according to a predefined protocol. The process unfolds as follows:

At initialization, the model receives a comprehensive system prompt containing both

role definitions, formatted as:

Simulated Agent Prompt

You are a reasoning agent who will simulate a structured interaction between

two agents (Agent A and Agent B) who are collaborating on solving the given

problem. Your task is to alternate between these two agents’ perspectives.

Each time you see ’(next turn)’, switch to the other agent’s role.

IMPORTANT: For each response, start with either ’Agent A:’ or ’Agent B:’ to

indicate which agent is speaking.

DO NOT include ’(next turn)’ in your response as this is just a prompt for you

to switch roles. DO NOT switch roles mid-response.

Agent A should take the position described as: ”{ROLE A DESCRIPTION}”,
while Agent B should act as: ”{ROLE B DESCRIPTION}”.
When you see ’(final turn)’, provide your final conclusion. In this final turn,

the designated agent should provide a final statement that starts with ’Final

Answer:’ followed by the solution based on the entire discussion.

The conversation begins with the model receiving the problem statement. For each

subsequent turn n, the model receives a transition prompt ”(next turn)” or ”(final

turn)” and generates response cn+1 based on the conversation history Hn and the

role it must adopt:
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cn+1 = L(S,Hn, Tn) (3.1)

an+1 =

8
<

:
A if n mod 2 = 1

B if n mod 2 = 0
(3.2)

Where L represents the language model, S is the comprehensive system prompt,

and Tn is the transition prompt for turn n. The model is expected to prefix its

response with ”Agent A:” or ”Agent B:” to maintain role clarity, though the actual

role alternation is controlled externally through the transition prompts.

In implementation terms, the simulated approach maintains a single conversation

with the DeepSeek API where all messages use standard role assignments - the

system receives the comprehensive prompt as ”system”, the problem statement and

transition prompts are sent as ”user” messages, and all model responses are received

as ”assistant” messages.

3.2.3. Interaction Protocol: Dual-Agent System

The dual-agent configuration employs two separate LLM instances, each assigned a

persistent role throughout the conversation. Each instance receives a role-specific

system prompt at initialization:

Dual-Agent Prompt

Agent A: ”You are Agent A, a reasoning agent responsible for

{ROLE A DESCRIPTION}”
Agent B: ”You are Agent B, a reasoning agent responsible for

{ROLE B DESCRIPTION}”

The conversation begins with both agents receiving the problem statement. For each

subsequent turn n, only one agent is active, with the turn-taking pattern following:

cn+1 =

8
<

:
LA(SA, Hn) if an+1 = A

LB(SB, Hn) if an+1 = B

(3.3)

an+1 =

8
<

:
A if n mod 2 = 1

B if n mod 2 = 0
(3.4)
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Where LA and LB represent the separate language model instances, while SA and

SB are their respective system prompts. Unlike the simulated approach, each model

instance maintains its assigned role without the need for external role management,

as each has a dedicated prompt establishing its persistent identity throughout the

conversation.

The implementation handles message passing between agents by converting each

agent’s response into a ”user” message for the other agent. Specifically, when Agent

A generates a response, that content is formatted as ”Agent A: [content]” and sent

as a ”user” message to Agent B’s conversation, and vice versa. This approach pre-

serves role continuity while enabling each model instance to respond to the complete

conversation history.

3.2.4. Dynamic Convergence Detection

Both configurations implement a dynamic convergence mechanism to optimize con-

versation length. While a maximum of 5 turns is established, the system can ter-

minate earlier upon detecting convergence. The conversation length N is defined

as:

N = min(5,min{n � 2|fA(cn) = fA(cn�1) ^ fA(cn) 6= ;}) (3.5)

Where fA(ci) extracts the final answer from message content ci, returning ; if no final
answer is detected. Convergence occurs when identical final answers are detected

in consecutive turns, indicating that further deliberation is unlikely to change the

outcome.

Du et al. (2023) also employs some convergence mechanism to terminate when agents

have a common answer, though the exact formulation and implementation were not

stated.

3.2.5. Balanced Final Answer Attribution

To mitigate potential bias from always having the same agent provide the final

answer, the system implements alternating final answer attribution. This kind of

balanced attribution was not found in related literature, which instead often opt for

a third ”judge” LLM (Chen et al., 2024). For problem p, the agent providing the
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final answer apf is determined by:

a
p
f =

8
<

:
A if p mod 2 = 1

B if p mod 2 = 0
(3.6)

This ensures that both agents have equal opportunity to formulate the final response

across the evaluation dataset.

3.2.5.1. Implementation Architecture

The framework is implemented in Python with a modular architecture consisting of

several key components:

The AgentFramework class serves as the central orchestrator, managing conversation

flow and interfacing with the language model API. For each conversation turn, it

constructs appropriate prompts, calls the API, processes responses, and maintains

conversation state. The framework implements specialized methods for both sim-

ulated dialogues (run simulation) and dual-agent interactions (run dual agent),

with robust error handling and token tracking.

The APIClient class handles the technical aspects of API communication, imple-

menting request formatting, authentication, token counting, and error handling. It

supports both synchronous and asynchronous operation modes, with built-in retry

mechanisms for handling temporary API failures.

The CollaborationStrategy class hierarchy defines the specific agent roles and

interaction patterns. Each strategy (Debate, Cooperative, Teacher-Student) inherits

from a base class that provides common functionality like temperature management

and benchmark-specific instruction handling. The strategy classes implement the

role-specific system prompts.

The EvaluationManager class orchestrates benchmark evaluations, supporting both

sequential and parallel execution modes. It handles result collection, conversation

logging, and automatic generation of comparative analysis reports across strategies.

During execution, the system operates through the following process flow:

1. The framework initializes with the selected strategy (or all strategies when

parallelized) and configuration parameters.
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2. For each benchmark problem, the system:

a) Initializes conversation state with the problem statement

b) Determines which agent will provide the final answer for this problem

(based on question ID parity)

c) Iteratively processes turns until convergence or maximum turn count

d) Records all messages, token usage, and timestamps for analysis

e) Extracts and evaluates the final answer against ground truth

f) Analyzes solution evolution patterns across both agent agreement and

answer correctness dimensions

3. Results are aggregated across all questions, with comprehensive reporting of

accuracy metrics, token usage statistics, and solution evolution patterns.

This architecture enables e�cient parallelization of evaluation runs, with each strategy-

benchmark combination processed concurrently to maximize throughput while main-

taining consistent experimental conditions.

3.3. Collaboration Strategies

I implement three distinct collaboration strategies to investigate di↵erent approaches

to multi-agent reasoning. Each strategy establishes specific roles via system prompts

for the agents, shaping how they contribute to problem-solving through their dia-

logue. The complete system prompts for each strategy are provided in Appendix C.

3.3.1. Debate Strategy

The debate strategy structures the interaction as a dialectical exchange between a

proponent and a critic. Agent A (Proponent) presents structured arguments sup-

porting a proposed solution, while Agent B (Critic) critically evaluates these argu-

ments, identifying potential weaknesses and suggesting alternative perspectives.

This strategy draws inspiration from Du et al. (2023), where multiple language mod-

els propose and debate their solutions to arrive at single one—the only di↵erence

being that they do it over rounds where each model criticizes each others’ propos-

als while I do it through structured dialogue. The hypothesis is that constructive

criticism may help identify and correct reasoning errors that might otherwise go un-

15



Chapter 3. Methodology

noticed in non-adversarial approaches. By implementing explicit critique, the debate

strategy tests whether counterargument generation improves reasoning outcomes.

3.3.2. Cooperative Strategy

The cooperative strategy emphasizes building upon each other’s contributions rather

than critique. Agent A (Proposer) analyzes the problem and proposes initial solution

approaches, while Agent B (Extender) elaborates on and refines these proposals by

adding depth, nuance, and additional considerations.

This strategy models collaborative problem-solving where participants build on each

other’s ideas through progressive refinement. It tests whether additive reasoning,

where each contribution extends rather than challenges previous ones, produces dif-

ferent outcomes than adversarial approaches. The cooperative strategy may benefit

from maintaining coherent reasoning threads without the potential disruption that

critical questioning might introduce (e.g. criticizing just for the sake of it).

3.3.3. Teacher-Student Strategy

The teacher-student strategy introduces an asymmetric expertise dynamic. Agent A

(Teacher) guides the reasoning process through Socratic questioning and explana-

tory frameworks, while Agent B (Student) actively works through the problem,

expressing uncertainties and building understanding incrementally.

This strategy draws from educational psychology and Socratic methods, where

guided discovery may lead to deeper understanding than direct instruction. It tests

whether the process of explaining concepts to a learner forces more rigorous rea-

soning from the teacher, while the student’s questions may highlight important

conceptual clarifications. This asymmetric dynamic represents many real-world col-

laborative reasoning scenarios where participants have di↵erent expertise levels.

3.4. Benchmarks and Evaluation Protocol

3.4.1. Benchmark Selection

This study utilizes a diverse set of benchmarks specifically chosen to evaluate di↵er-

ent dimensions of reasoning capabilities. Example problems for each benchmark are
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presented in Appendix A. Three primary benchmarks form the core of the quanti-

tative evaluation:

The American Invitational Mathematics Examination (AIME) from years 2021-2024

represents formal mathematical reasoning, featuring problems that require struc-

tured, rigorous approaches and precise logical deduction. The multi-year range was

selected because each individual year contains only 30 questions, which was insuf-

ficient for robust evaluation. These problems typically have unambiguous answers

but demand sophisticated problem-solving strategies.

The Graduate-level Google-Proof Q&A (GPQA) benchmark (Rein et al., 2023) is

designed to evaluate deep domain knowledge. Specifically, I chose the GPQA Dia-

mond dataset; a curated subset of 198 questions across disciplines like physics, chem-

istry, and biology. These questions are specifically engineered to be exceptionally

challenging, resisting simple internet searches and demanding genuine expert-level

understanding for accurate responses.

The LiveBench Reasoning dataset (White et al., 2025) focuses on structured logical

reasoning across three challenging task types: Web of Lies v2 (Boolean functions

expressed as word problems), spatial reasoning questions (testing deductions about

geometric relationships), and Zebra puzzles (requiring logical deduction from con-

straint sets). These tasks specifically test a model’s ability to follow logical con-

straints, make precise deductions, and solve complex reasoning problems without

relying on specific domain knowledge.

Additionally, SimpleBench serves as a supplementary dataset of 10 questions for

qualitative case studies. It features problems that humans generally find straight-

forward but that challenge LLMs due to their reliance on real-world understanding,

spatial reasoning, or social intuition. These cases provide valuable insights into the

specific reasoning limitations of collaborative LLM systems.

3.4.2. Experimental Protocol

The evaluation follows a systematic protocol designed to ensure comparable results

across all configurations:

Dataset Selection The final evaluation used 198 questions from GPQA Dia-

mond (full dataset), 200 questions from LiveBench Reasoning, and 100 ques-

tions from AIME (2021-2024), resulting in 2,988 total evaluations across all

benchmarks, agent systems, and strategies. I initially planned for 50 questions per
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benchmark, but then expanded to utilize the full datasets due to the cost e�ciency

of the DeepSeek model (approximately 50 cents per 100-question run across all

strategies). This expansion was also motivated by significant performance variation

observed in smaller samples. For example, on GPQA, performance ranged from 42%

(lowest, dual-agent debate on 50 questions) to 69% (highest, same configuration on

100 questions).

Model Parameters All experiments were conducted with consistent model param-

eters: temperature = 0.7 to balance creativity with coherence, and max tokens =

1500 to provide appropriate space for multi-turn reasoning.

Provisional Answer Framework Across all collaboration strategies, agents were

instructed to include an explicit line with their current best answer in every re-

sponse (except the final one) using the format ”Answer: X”. This requirement

served multiple purposes: it created a traceable evolution of answers throughout

each conversation, forced agents to commit to specific positions rather than re-

maining non-committal, and facilitated the solution evolution analysis described in

Section 3.4.3 with a structured mechanism. For the Teacher-Student strategy, this

requirement created a potential contradiction with the Teacher’s role of guiding

rather than directly solving. To address this, additional instructions were provided

for the Teacher to frame their provisional answers as hypotheticals or discussion

points (e.g., ”What do you think about Answer: X?”) rather than direct asser-

tions. This modification preserved the tracking mechanism while maintaining the

pedagogical nature of the interaction.

Benchmark-Specific Instructions The basic system prompts for each strategy

were augmented with additional instructions tailored to the format of each bench-

mark. For example, AIME problems received specialized instructions to provide

answers as integers between 0 and 999, while GPQA received instructions to select

from multiple-choice options, as shown in Appendix B. These benchmark-specific

instructions were consistent across both simulated and dual-agent configurations to

ensure fair comparison.

Answer Extraction and Evaluation Across all benchmarks, final answers were ex-

tracted using regular expression pattern matching that identified the ”Final An-

swer:” prefix followed by the solution content. Evaluation criteria were benchmark-

specific: AIME answers were evaluated as exact integer matches, GPQA as multiple-
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choice letter selections, and LiveBench according to the task-specific format require-

ments. By convention, no partial credit was awarded - answers were judged as either

completely correct or incorrect.

Implementation The experiments were conducted using parallel processing for

more e�ciency. All conversations were logged in structured format for subsequent

analysis, including timestamps and token counts for comprehensive performance

analysis.

3.4.3. Metrics and Analysis

The evaluation employs multiple complementary metrics to provide a comprehensive

assessment of system performance:

Accuracy serves as the primary performance metric, measuring the percentage of

correct answers against ground truth. This is defined as:

Accuracyconfig =
1

|Q|
X

q2Q

�(fA(c
q
N), gq) (3.7)

Where Q is the set of questions, fA(c
q
N) extracts the final answer from the last

message for question q, gq is the ground truth for question q, and �(x, y) is the

Kronecker delta function that equals 1 when x = y and 0 otherwise.

Solution Evolution Analysis, a novel framework, examines how answers develop

along two complementary dimensions. The agreement dimension can be categorized

as:

Agreement(q) =

8
>>>>>>><

>>>>>>>:

Complete Agreement if 8i, j : fA(cqi ) = fA(c
q
j) 6= ;

Resolved Disagreement
if fA(c

q
N�1) = fA(c

q
N) 6= ;^

9i, j < N � 1 : fA(c
q
i ) 6= fA(c

q
j)

Unresolved Disagreement if fA(c
q
N�1) 6= fA(c

q
N)

(3.8)

The correctness dimension tracks how answer correctness evolves across turns. Let
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C(cqi ) represent the correctness of the answer in message i for question q, defined as

C(cqi ) = �(fA(c
q
i ), gq). The correctness pattern can be categorized as:

Correctness(q) =

8
>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>:

Stable Correct if 8i : C(cqi ) = 1

Stable Incorrect if 8i : C(cqi ) = 0

Stable Correct (One Agent)
if 9a 2 {A,B} : 8i where
agent(cqi ) = a : C(cqi ) = 1

Improvement if C(cq1) = 0 ^ C(cqN) = 1

Deterioration if C(cq1) = 1 ^ C(cqN) = 0

Mixed Pattern (Final Correct) if none of the above and

C(cqN) = 1

Mixed Pattern (Final Incorrect) if none of the above and

C(cqN) = 0

(3.9)

This classification captures the stability or evolution of correctness throughout the

dialogue. ”Stable Correct” and ”Stable Incorrect” represent consistent performance

across all turns. ”Stable Correct (One Agent)” identifies cases where one agent main-

tains correctness despite the other agent potentially being incorrect. ”Improvement”

and ”Deterioration” capture directional shifts in correctness based on the first and

last answers. ”Mixed Pattern” categories function as catch-all categories for com-

plex trajectories that don’t fit the primary patterns, distinguished by the correctness

of their final answer.

Token Usage measures the computational e�ciency of each approach, with par-

ticular focus on completion tokens rather than total tokens. Completion tokens

represent the actual generated content by the model, excluding system prompts

and user instructions. This focus ensures fair comparison between the simulated

and dual-agent approaches, as the simulated approach necessarily requires longer

system prompts to define both agent roles and the turn-taking mechanism. Token

usage is defined formally as:
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CompletionTokens(q) =
NX

i=1

Tc(c
q
i ) (3.10)

AvgCompletionTokensconfig =
1

|Q|
X

q2Q

CompletionTokens(q) (3.11)

Where Tc(c
q
i ) represents the completion tokens for the i-th message in question q.

Token e�ciency can then be calculated as the number of correct answers per ten

thousand completion tokens:

TokenE�ciencyconfig =
10000⇥

P
q2Q �(fA(c

q
N), gq)P

q2Q CompletionTokens(q)
(3.12)

This metric helps evaluate the practical e�ciency implications of di↵erent collabo-

rative configurations while avoiding bias from system prompt length di↵erences.

I employ comparative analysis examining performance di↵erences across multiple

dimensions: between simulated and dual-agent approaches to assess the impact of

model independence; across di↵erent collaboration strategies to identify the most

e↵ective interaction patterns; and between benchmark domains to evaluate how

reasoning approaches generalize across di↵erent types of problems. Statistical signif-

icance testing is applied to determine whether observed di↵erences represent mean-

ingful performance variations or fall within expected random variation.

3.5. Limitations and Considerations

Several methodological limitations should be acknowledged:

The experimental design introduces structural asymmetries between the simulated

and dual-agent approaches. Most notably, the simulated system prompt is substan-

tially longer than either dual-agent prompt, as it must encompass both roles and the

turn-taking mechanism. This disparity in prompt length and complexity represents

a potential confounding variable that could impact performance independently of

the architectural di↵erence being studied.

Constructing satisfactory prompts also presented another challenge. The choice of

di↵erent system prompts could have variable e↵ects on the performance and behavior
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of the agents, even with minute changes to the wording.

The implementation of role consistency faced practical challenges. In the simulated

approach, a natural tendency toward role-blending (switching roles mid-response)

required explicit countermeasures in the prompting. Similarly, in the dual-agent

configuration, maintaining adherence to collaborative protocols rather than inde-

pendent problem-solving required careful prompt engineering. These challenges

highlight the di�culty of establishing controlled agent behaviors through natural

language instructions alone.

The provisional answer requirement, although valuable for tracking solution evo-

lution, introduces di↵erent constraints across strategies. For the Teacher-Student

strategy particularly, this requirement potentially contradicts the pedagogical dy-

namic by forcing the Teacher to reveal their thinking prematurely. Though mitigat-

ing instructions were provided, this remains a design compromise that may influence

the observed strategy e↵ectiveness.

Benchmark selection, though diverse, cannot comprehensively represent all reason-

ing domains. The selection emphasizes domains with objective ground truth an-

swers, potentially obscuring benefits of collaborative reasoning in more ambiguous

or subjective problem spaces. Additionally, the single-model approach (using only

DeepSeek-V3) limits generalizability to other LLM architectures with di↵erent ca-

pabilities or limitations.
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4. Results and Discussion

4.1. Results

4.1.1. Benchmark Performance

Table 4.1 presents the accuracy results across all three benchmarks and three collab-

oration strategies. The baseline is a zero-shot from DeepSeek-V3. A clear pattern

emerges: the dual-agent approach outperforms the simulated approach in 6 out

of 9 benchmark-strategy combinations, specifically all instances of the debate and

teacher-student strategies. In contrast, the simulated approach consistently outper-

forms the dual-agent approach in all three instances of the cooperative strategy.

In the AIME mathematical reasoning benchmark, both simulated and dual-agent ap-

proaches underperformed compared to the 40% baseline. The dual-agent approach

achieved higher accuracy in two of the three strategies, with the Teacher-Student

strategy showing the greatest di↵erence (+11.0 percentage points). The cooperative

strategy performed slightly better in the simulated setup, though the di↵erence was

minimal (-1.0 percentage points).

For GPQA Diamond (Rein et al., 2023) domain knowledge questions, performance

Benchmark Strategy Simulated Dual-Agent Baseline

AIME

Debate 32.0% 37.0%
40.0%Cooperative 30.0% 29.0%

Teacher-Student 26.0% 37.0%

GPQA Diamond

Debate 58.1% 60.1%
59.1%Cooperative 60.1% 59.6%

Teacher-Student 51.0% 53.5%

LiveBench Reasoning

Debate 57.0% 59.5%
44.3%Cooperative 59.0% 56.5%

Teacher-Student 51.5% 66.0%

Table 4.1.: Accuracy comparison across benchmarks and strategies (%)
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hovered close to the 59.1% baseline across most configurations. The dual-agent

debate strategy achieved 60.1% accuracy, marginally outperforming the baseline.

Notably, the simulated cooperative strategy matched this performance at 60.1%,

slightly outperforming its dual-agent counterpart. The Teacher-Student strategy

consistently underperformed other strategies on this benchmark.

On LiveBench reasoning tasks (White et al., 2025), both approaches substantially

outperformed the 44.3% baseline across all strategies. The dual-agent Teacher-

Student configuration achieved the highest accuracy in my entire study at 66.0%,

showing a substantial 14.5 percentage point improvement over its simulated coun-

terpart. The cooperative strategy again performed better in the simulated configu-

ration, achieving 59.0% accuracy compared to 56.5% in the dual-agent setup.

4.1.2. Statistical Analysis of Performance Differences

To assess the statistical significance of the observed di↵erences between simulated

and dual-agent approaches, I conducted McNemar’s test, which is appropriate for

paired binary outcomes.

Benchmark Strategy Both Correct Sim-Better Dual-Better p-value

AIME

Debate 24% 8% 13% 0.220

Cooperative 20% 10% 9% 0.436

Teacher-Student 19% 7% 18% 0.060

GPQA Diamond

Debate 47% 11% 13% 0.342

Cooperative 48% 12% 12% 0.459

Teacher-Student 39% 12% 14% 0.310

LiveBench

Debate 49% 8% 11% 0.281

Cooperative 48% 12% 9% 0.290

Teacher-Student 46% 6% 20% 0.002*

Table 4.2.: McNemar’s test results showing percentage of questions in each category.
*=significant at p < 0.01 level.

The statistical analysis reveals that across the nine benchmark-strategy combina-

tions, only one showed a statistically significant di↵erence between simulated and

dual-agent approaches: the LiveBench Teacher-Student configuration (p = 0.002).

The AIME Teacher-Student configuration approached statistical significance (p =

0.0599), but did not meet the conventional threshold of p < 0.05.

Looking at the contingency tables provides additional insights. For the LiveBench

Teacher-Student configuration, the dual-agent approach correctly answered 20% of

questions that the simulated approach missed, while the simulated approach only
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correctly answered 6% of questions that the dual-agent approach missed. This

asymmetry led to the statistically significant di↵erence.

In contrast, the cooperative strategy showed remarkable consistency across all bench-

marks. In the AIME benchmark, the simulated approach correctly answered 10%

of questions that the dual-agent approach missed, while the dual-agent approach

correctly answered 9% of questions that the simulated approach missed. Similarly

balanced patterns appear in the GPQA benchmark (12% vs. 12%) and LiveBench

(12% vs. 9%). These balanced patterns explain why none of the cooperative strat-

egy di↵erences reached statistical significance.

4.1.3. Agreement and Correctness Evolution Patterns

Beyond accuracy metrics, the evolution of answers throughout the dialogues reveals

important insights into the reasoning dynamics of both approaches. I analyzed

two key dimensions: agreement patterns (how agents converge on answers) and

correctness evolution (how answers change in relation to the ground truth).

Benchmark Strategy Complete Resolved Unresolved
Sim. Dual Sim. Dual Sim. Dual

GPQA Diamond

Debate 62% 72% 32% 26% 7% 2%

Cooperative 83% 87% 17% 13% 0% 0%

Teacher-St. 65% 73% 33% 27% 2% 0%

LiveBench

Debate 66% 74% 27% 23% 6% 3%

Cooperative 76% 72% 23% 24% 2% 3%

Teacher-St. 47% 80% 37% 17% 15% 2%

Table 4.3.: Agreement patterns across benchmark-strategy combinations (AIME
omitted due to high rates of insu�cient data). ”Complete” = Com-
plete Agreement, ”Resolved” = Resolved Disagreement, ”Unresolved” =
Unresolved Disagreement.

Agreement Patterns Table 4.3 summarizes the distribution of agreement patterns

for GPQA and LiveBench benchmarks. AIME results are omitted due to the high

rates of insu�cient data (ranging from 35% to 72% for simulated dialogues), which

reflects the mathematical nature of these tasks where agents often used placeholder

responses (e.g., ”Answer: [working]”) rather than committing to specific answers

during intermediate steps.

In both GPQA and LiveBench benchmarks, dual-agent configurations consistently

show higher rates of Complete Agreement than their simulated counterparts. This

di↵erence is most pronounced in the LiveBench Teacher-Student strategy, where the
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dual-agent approach shows Complete Agreement in 80% of dialogues compared to

just 47% in the simulated approach.

The simulated approach generally shows higher rates of both Resolved and Un-

resolved Disagreement. The di↵erence in Unresolved Disagreement is particularly

notable in the LiveBench Teacher-Student strategy, where the simulated approach

shows 15% Unresolved Disagreement compared to just 2% in the dual-agent ap-

proach.

Disagreement Productivity Analysis I analyzed how disagreements between

agents contributed to solving correctness, which Table 4.4 displays. A productive dis-

agreement occurs when agents initially disagree but eventually arrive at the correct

answer, while an unproductive disagreement leads to incorrect conclusions despite

debate.

Benchmark Strategy Productive Ratio Total Disagreements
Sim. Dual Sim. Dual

GPQA Diamond

Debate 0.36 0.44 76 55

Cooperative 0.61 0.46 33 26

Teacher-St. 0.54 0.63 69 54

AIME

Debate 0.13 0.20 15 10

Cooperative 0.22 0.17 9 12

Teacher-St. 0.00 0.00 4 5

LiveBench

Debate 0.26 0.16 66 51

Cooperative 0.42 0.28 48 53

Teacher-St. 0.51 0.47 102 36

Table 4.4.: Disagreement productivity analysis showing the proportion of disagree-
ments that led to correct answers (productive ratio) and the total number
of disagreements observed.

The simulated approach consistently generated more disagreements across most

benchmark-strategy combinations. For GPQA, dual-agent setups achieved higher

productive disagreement ratios in Debate and Teacher-Student strategies (0.44 and

0.63) compared to their simulated counterparts (0.36 and 0.54), while simulated

Cooperative strategy showed a higher productive ratio (0.61 vs. 0.46).

AIME problems exhibited the lowest productive disagreement ratios overall, with

neither approach producing productive disagreements in the Teacher-Student strat-

egy. This reflects the mathematical nature of these problems, where agents either

immediately knew the correct approach or failed to discover it through debate.

For LiveBench reasoning tasks, the simulated approach demonstrated higher produc-

tive disagreement ratios across all strategies. The Teacher-Student strategy in the
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simulated approach generated both the most disagreements (102) and maintained a

high productive ratio (0.51).

In general, only 7% of the disagreements were unresolved.

Benchmark Strategy Final Answer Correct Final Answer Incorrect
Stable Improve Mixed+ Stable Deter. Mixed-

AIME

Debate 30/35% 1/2% 1/0% 66/61% 1/1% 0/0%

Cooperative 28/27% 2/2% 0/0% 65/69% 1/0% 2/1%

Teacher-St. 26/37% 0/0% 0/0% 71/62% 0/0% 0/0%

GPQA Diamond

Debate 44/48% 9/10% 3/3% 27/31% 10/4% 4/1%

Cooperative 50/54% 10/6% 0/0% 36/38% 3/2% 1/0%

Teacher-St. 32/36% 17/16% 2/1% 41/44% 2/2% 6/1%

LiveBench

Debate 49/56% 7/4% 2/1% 37/38% 5/2% 1/0%

Cooperative 49/49% 10/8% 0/0% 39/38% 2/4% 1/1%

Teacher-St. 26/58% 23/8% 2/1% 44/31% 1/2% 6/2%

Table 4.5.: Correctness evolution patterns organized by final answer correctness.
Values shown as Simulated/Dual percentages. ”Stable” = Stable Cor-
rect/Incorrect, ”Improve” = Improvement, ”Deter.” = Deterioration,
”Mixed+” = Mixed Pattern (Final Correct), ”Mixed-” = Mixed Pat-
tern (Final Incorrect).

Correctness Evolution Table 4.5 presents the correctness evolution patterns or-

ganized by whether the final answer was correct or incorrect. Across all benchmarks

and strategies, Stable patterns (where the initial answer remains unchanged) are the

most prevalent, accounting for 70-99% of all dialogues.

Within the Stable patterns, dual-agent configurations show higher rates of Stable

Correct patterns than their simulated counterparts in 7 out of 9 benchmark-strategy

combinations. This di↵erence is most pronounced in the LiveBench Teacher-Student

configuration, where 58% of dual-agent dialogues maintained the correct answer

throughout, compared to only 26% in the simulated approach. Similarly, in AIME,

the Teacher-Student strategy shows a substantial di↵erence in Stable Correct pat-

terns (37% dual vs. 26% simulated).

The simulated approach showed higher rates of Improvement patterns (progress-

ing from incorrect to correct answers) in several configurations, particularly in the

LiveBench Teacher-Student setup (23% simulated vs. 8% dual).

The dual-agent approach generally showed lower rates of Deterioration (regressing

from correct to incorrect answers), particularly in the GPQA Debate configuration

(4% dual vs. 10% simulated) and LiveBench Debate configuration (2% dual vs.

5% simulated).
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Mixed patterns (where answers oscillate between correct and incorrect) were rela-

tively rare across all configurations, but consistently more prevalent in the simulated

approach.

4.1.4. Token Usage Analysis

Computational e�ciency is an important consideration when evaluating di↵erent

agent configurations. Table 4.6 presents the completion token usage across all

benchmark-strategy combinations.

Benchmark Strategy Simulated Dual-Agent Ratio (D/S)

AIME

Debate 1,201,160 1,323,155 1.10

Cooperative 1,018,050 1,066,290 1.05

Teacher-Student 718,600 1,420,355 1.98

GPQA Diamond

Debate 174,818 127,165 0.73

Cooperative 134,671 121,672 0.90

Teacher-Student 117,448 102,387 0.87

LiveBench

Debate 345,833 290,889 0.84

Cooperative 256,027 240,147 0.94

Teacher-Student 234,070 399,572 1.71

Table 4.6.: Completion token usage across benchmark-strategy combinations

The token usage patterns vary substantially both across benchmarks and between

agent configurations. The most striking observation is the dramatic di↵erence in

token consumption between benchmarks: AIME mathematical tasks required ap-

proximately 13.6x more tokens per question than GPQA for simulated approaches,

and 21.5x more for dual-agent approaches. Similarly, AIME tasks consumed roughly

7.0x more tokens than LiveBench reasoning tasks.

When comparing simulated and dual-agent approaches, the patterns di↵er by bench-

mark. For AIME, the dual-agent approach consistently used more completion to-

kens than the simulated approach, with the Teacher-Student strategy showing the

largest di↵erence (98% more tokens). In contrast, for GPQA and LiveBench (except

Teacher-Student), the dual-agent approach was more token-e�cient, using 6-27%

fewer completion tokens.

The Teacher-Student strategy shows the most variable token usage pattern across

benchmarks. In LiveBench, where this strategy achieved its highest accuracy

(66.0%), it also used 71% more tokens in the dual-agent configuration than in

the simulated configuration.

In terms of token e�ciency (correct answers per 10,000 completion tokens), GPQA

28



Chapter 4. Results and Discussion

tasks were by far the most e�cient, with the dual-agent Teacher-Student strategy

achieving 10.35 correct answers per 10,000 tokens - nearly 2.5x more e�cient than

the best LiveBench configuration and over 35x more e�cient than any AIME config-

uration. All six AIME configurations ranked as the least token-e�cient, regardless

of the strategy or agent configuration used.

4.1.5. Case Studies

To illustrate the di↵erent reasoning dynamics in simulated and dual-agent debates,

I present representative case studies from the SimpleBench dataset that highlight

both expected and unexpected patterns. The problem statements and agent turns

have been abridged for clarity and readability.

4.1.5.1. Case Study 1: Productive Disagreement in Simulated Dialogue

This first case study, presented in Table 4.7, demonstrates how simulated dialogue

sometimes exhibits more thorough exploration of the solution space through pro-

ductive disagreement, leading to improvement (incorrect → correct) while the dual-

agent approach shows early agreement but eventual deterioration (correct → incor-

rect).

4.1.5.2. Case Study 2: Beneficial Convergence in Dual-Agent Dialogue

In contrast to the previous example, this case study (Table 4.8) shows the opposite

case: How the brevity of exchange in dual-agent dialogue can turn out beneficial,

while the extended back-and-forth of the simulated interaction ultimately leads to

an incorrect conclusion.
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Table 4.7.: Comparison of simulated and dual-agent debates on a SimpleBench mir-
ror problem.

Problem Statement

John is 24, in an empty bathroom looking at a mirror when a lightbulb falls. Should John

text an apology to ”the bald man” he saw?

Answer Options

A) no, because the lightbulb was essentially unavoidable

B) yes, it would be in character for him to send a polite text apologizing for the incident

C) no, because it would be redundant

D) yes, because it would potentially smooth over any lingering tension from the encounter

E) yes, because John saw it coming, and we should generally apologize if we fail to prevent

harm

F) yes because it is the polite thing to do, even if it wasn’t your fault

Agent Debates

Simulated Debate Dual-Agent Debate

Agent A (Turn 1): ...John is described as

kind and apologetic. The ”bald man” was

John’s own reflection... Answer: B

Agent A (Turn 1): ...John is looking at

a mirror where he sees a bald man (his re-

flection). The ”bald man” cursing is actually

John’s own reaction... Answer: C

Agent B (Turn 2): ...the ”bald man” was

clearly John’s own reflection. Does it make

sense for John to text himself an apology?

This seems redundant... Answer: C

Agent B (Turn 2): ...How certain are we

that John was looking at his own reflection?

Even if it is, wouldn’t a kind person still feel

compelled to apologize? The scenario doesn’t

state he realizes it was his reflection... Answer:
B

Agent A (Turn 3): ...While the ”bald man”

was John’s reflection, the question’s phrasing

suggests John might not have immediately re-

alized this... Answer: B

Agent A (Turn 3): ...The mirror is small

and John is ”closely examining” the bald man,

strongly suggesting it’s his reflection. How-

ever, the text doesn’t state John realizes this...

Answer: B

Agent B (Turn 4): ...The question’s word-

ing clearly establishes that the bathroom is

”otherwise-empty” and John is looking at a

mirror, making it unambiguous that the bald

man is his reflection... Answer: C

Agent A (Turn 5): Final Answer: C

Note: The correct answer is C (no, because it would be redundant).
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Table 4.8.: Comparison of simulated and dual-agent debates on a SimpleBench eth-
ical reasoning problem.

Problem Statement

Peter needs CPR from his best friend Paul. Their last text was about Paul’s verbal attack

on Peter’s Pokémon collection, stored permanently. Paul will [ ] help Peter.

Answer Options

A) probably not

B) definitely

C) half-heartedly

D) not

E) pretend to

F) ponder deeply over whether to

Agent Debates

Simulated Debate Dual-Agent Debate

Agent A (Turn 1): ...Peter needs CPR ur-

gently, Paul is his best friend, and there’s re-

cent tension. Despite this, the emergency na-

ture of CPR and their friendship suggest Paul

would help. Answer: B

Agent A (Turn 1): ...Peter urgently needs

CPR, Paul is his best friend, but there’s lin-

gering guilt about Paul’s past attack, perma-

nently stored in the cloud. This creates a psy-

chological barrier... Answer: F

Agent B (Turn 2): ...We must consider the

psychological impact of their conflict. Paul

might feel guilt or hesitation. ”Probably not”

or ”half-heartedly” seem more plausible than

”definitely.” Answer: C

Agent B (Turn 2): ...Couldn’t the perma-

nent record motivate Paul to help as atone-

ment? The ”best friend” status suggests

a strong relationship that would override

grievances in an emergency. This is a life-or-

death situation... Answer: B

Agent A (Turn 3): ...The nature of CPR

as an immediate life-saving intervention would

likely override personal tensions. Their ”best

friend” history and the fact that the attack

was ”as a child” suggest Paul would help. An-
swer: B

Agent A (Turn 3): ...Your counterpoints

are compelling. The emergency nature of CPR

demands immediate action. While the record

could create hesitation, it might equally mo-

tivate atonement. The ”best friend” aspect

suggests a bond strong enough to overcome

past conflicts... Final Answer: B

Agent B (Turn 4): ...The permanence of the

texts suggests Paul might be conscious of his

actions being recorded. ”Verbal attack” im-

plies significant harm. Being the ”only person

around” adds pressure. ”Half-heartedly” bet-

ter captures the likely internal conflict. An-
swer: C

Agent A (Turn 5): ...The most accurate

answer acknowledges both the urgency and

the psychological factors. While Paul would

help given the life-or-death nature, the con-

flict would create hesitation. Final Answer:
C

Note: The correct answer is B (definitely).
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These contrasting examples illustrate the complex dynamics in multi-agent reason-

ing that the disagreement productivity analysis quantifies. The first case study

exemplifies a productive disagreement in the simulated approach (where Agent B’s

persistent challenges eventually led Agent A to the correct answer), aligning with

the broader finding that simulated approaches often achieve higher productive dis-

agreement ratios, particularly in reasoning tasks like those in LiveBench.

These patterns indicate that the e↵ectiveness of each approach depends not just on

the agent configuration but also on the specific problem characteristics and the ini-

tial framing adopted by Agent A. The simulated approach generally produces more

disagreements and often maintains higher productive ratios (especially in reason-

ing tasks), whereas the dual-agent approach can sometimes achieve e�ciency gains

through complementary perspectives, as demonstrated in the GPQA knowledge-

based tasks where dual-agent setups showed higher productive disagreement ratios

despite fewer total disagreements.

4.1.5.3. Case Study 3: Teacher-Student Dynamics

This final case study (Table 4.9) compares how the Teacher-Student strategy man-

ifests in simulated versus dual-agent approaches on the same problem, highlighting

di↵erences in role adherence.

In the simulated dialogue, Agent A (Teacher) clearly embodies the Socratic teaching

role, asking guiding questions that lead the Student to discover insights. Agent B

(Student) responds by working through the reasoning guided by these questions.

This exchange shows strong adherence to the intended Teacher-Student dynamic.

On the other hand, the dual-agent configuration shows less pronounced role di↵er-

entiation. Although both agents successfully solve the problem, Agent A (Teacher)

provides more direct analysis rather than using Socratic questioning, while Agent B

(Student) doesn’t quite act like a student having a lower epistemological stance but

instead an equal one (“You’re right to focus on the mirror...”).

Interestingly, contrary to the intuition that role adherence is beneficial for reasoning,

the quantitative analysis shows that the dual-agent Teacher-Student configuration

consistently outperformed its simulated counterpart across all benchmarks, most

notably achieving a statistically significant improvement on LiveBench reasoning

tasks (66.0% vs 51.5% accuracy).

32



Chapter 4. Results and Discussion

Table 4.9.: Comparison of simulated and dual-agent Teacher-Student approaches on
the mirror problem.

Problem Statement

John is in an empty bathroom looking at a mirror when a lightbulb falls. Should John text

an apology to ”the bald man” he saw?

Answer Options

A) no, because the lightbulb was essentially unavoidable

B) yes, it would be in character for him to send a polite text apologizing for the incident

C) no, because it would be redundant

D) yes, because it would potentially smooth over any lingering tension from the encounter

E) yes, because John saw it coming, and we should generally apologize if we fail to prevent

harm

F) yes because it is the polite thing to do, even if it wasn’t your fault

Agent Debates

Simulated Teacher-Student Dual-Agent Teacher-Student

Agent A (Teacher): Let’s break this prob-

lem down systematically. First, let’s under-

stand the scenario: John is looking at a mirror

when a lightbulb falls and hits the ”bald man”

he’s examining. I notice something interesting

- who is this ”bald man” John is examining in

the mirror? Given that the bathroom is oth-

erwise empty, what might this imply? What

do you think these observations might suggest

about the true nature of this situation? An-
swer: B

Agent A (Teacher): Let’s break this down

systematically. The key elements are: 1.

John’s character (kind, thoughtful, apolo-

getic) 2. The physical scenario (lightbulb

falling, mirror, bald man) 3. The social in-

teraction (cursing, leaving) 4. The apology

question. First, let’s consider the mirror as-

pect - what does the presence of the mirror

tell us about who the bald man is? Answer:
B

Agent B (Student): Ah, I see what you’re

getting at! The key detail here is that John

is looking at a mirror in an otherwise-empty

bathroom. That means the ”bald man” he’s

examining must actually be his own reflection

- John himself is the bald man. Given this

realization... Since the incident only involved

John, there’s no separate person to apologize

to. Answer: C

Agent B (Student): You’re right to focus

on the mirror - that’s a crucial detail. The

fact that John is looking at the bald man

in the mirror while brushing his teeth sug-

gests the ”bald man” is actually John’s own

reflection. This explains why they’re in an

otherwise-empty bathroom and why the light-

bulb hits ”the bald man” when John looks up.

Given this realization... The most logical an-

swer would be that no apology text is needed.

Answer: C

Agent A (Teacher): Excellent observa-

tion! You’ve correctly identified that the ”bald

man” is John’s own reflection. This is a cru-

cial realization that changes how we approach

the question. Now let’s think deeper about the

implications: 1. If the incident only involved

John, what would be the purpose of sending

an apology text to himself? 2. Considering

John’s described personality traits, how might

this self-awareness a↵ect his actions? 3. Is

there any practical benefit by apologizing to

oneself in this case? Answer: C

Agent A (Teacher): Excellent deduction!

You’ve correctly identified that the bald man

is John’s reflection, which changes the inter-

pretation entirely. Now let’s think about the

remaining options in light of this realization: -

A (unavoidable) and C (redundant) both sug-

gest no apology needed - B, D, E, F all in-

volve apologizing to someone else. Given that

the ”incident” was self-inflicted and there’s no

other party involved... Final Answer: C

Note: The correct answer is C (no, because it would be redundant).
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4.2. Discussion

This section interprets the empirical results in light of the research question, namely

which specific mechanisms drive performance improvements in multi-agent dialogue

systems.

4.2.1. Key insight

The statistical analysis reveals a crucial insight: despite consistent directional ad-

vantages, only one of nine configurations (LiveBench Teacher-Student) showed a sta-

tistically significant di↵erence between approaches. This suggests that the primary

benefits of multi-agent reasoning stem from the structured exchange be-

tween specialized roles, a factor common to both architectures, rather than from

the separation of model instances.

Both approaches substantially outperformed single-agent baselines on LiveBench

reasoning tasks, confirming that introducing diverse perspectives through role spe-

cialization drives most of the improvement. The one significant di↵erence (dual

Teacher-Student at 66.0% versus simulated at 51.5%) likely stems from how be-

havioral di↵erences amplify the strategy’s inherent dynamics, as evidenced by con-

versational logs I will discuss in Section 4.2.4. Still, sampling independence in

dual-agent implementations appears to further amplify the fundamental

benefits of collaborative reasoning.

4.2.2. Strategy–level accuracy trends

A clear regularity emerged across the nine benchmark-strategy combinations. Dual

agents outperformed simulated ones whenever the collaboration mode emphasized

critique (debate) or guided questioning (teacher–student), whereas the simulated

architecture won every cooperative match-up (Table 4.1). This is a toned-down

version of the results Chen et al. (2024) obtained, where the multi-agent setup

outperformed the single role-switching LLM across the board.

Why do critique-oriented modes favor separate models? Independent sampling seeds

each agent with a distinct latent stance, so the opening exchange is a genuine clash

of priors rather than a single model talking to itself. Debate therefore gains sharper

counter-arguments, and the teacher–student setting gains authentic perspective dis-

tance between ”explainer” and ”learner.” Thus, critique-oriented modes of commu-
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nication seem to be important drivers in the advantages of multi-agent systems.

Cooperation, on the other hand, rewards a shared context window. When the goal

is to accumulate partial ideas rather than to challenge them, a single model juggling

both roles can fuse contributions without the risk of cross-agent drift. However,

note that none of the gains of the simulated setup reached statistical significance

(p < 0.05).

The most dramatic illustration appears on LiveBench reasoning puzzles: dual

teacher–student attains 66.0% accuracy—twenty-two points above the single-model

baseline and fourteen points above its simulated counterpart. In short, critique

and questioning benefits from independence, while additive brainstorming thrives

on shared internal state.

4.2.3. Benchmark-specific variations

The same rule plays out di↵erently in GPQA, LiveBench, and AIME.

GPQA Knowledge-intensive questions hover near the single-agent baseline in every

setting. Factual recall leaves little room for elaborate reasoning chains, so debate

brings only a modest gain (dual debate reaches 60.1%). Perspective diversity helps,

but not dramatically. By contrast, Du et al. (2023) observed greater improvements

in factuality with their multi-agent approach. This di↵erence might be due to their

distinct architecture, models used, or the fact that GPQA problems require reason-

ing on top of basic factual recall (like in biographies).

LiveBench Reasoning Zebra puzzles, web-of-lies scenarios, and spatial tasks

thrive on collaboration. All six multi-agent configurations outrun the 44.3% base-

line, with the dual teacher–student peak already noted. These puzzles demand both

systematic analysis and creative leaps; turn-based dialogue lets the agents surface

and patch logical gaps that would linger in a single-agent CoT.

AIME mathematics Mathematical items resist dialogue entirely. No configuration

beats the 40% baseline, and both dual and simulated runs consume an order of

magnitude more completion tokens than on GPQA or LiveBench. DeepSeek-V3

tends to spell out long chains-of-thought followed by an unfinished insight. Revealing

those half-formed derivations each turn invites the partner to overwrite rather than

extend them, so the chain never gets the continuous runway it needs.
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Interestingly, in a handful of AIME and Livebench Reasoning cases, chains could

continue between agents in token-truncation hand-o↵s. When Agent A hit the per-

turn token cap mid-sentence, Agent B simply finished the broken line instead of

launching a fresh idea:

Agent A: . . . An alternative is to consider that with a = 1 the minimal number of

stamps to cover up to n is roughly n/c (using as many c as possible), while making

sure the gaps can be filled with b and 1.

Given that, for f(1, b, c) =

Agent B: 97), the minimal collection likely consists of:

• one 1-cent stamp for small remainders,

• several b-cent and c-cent stamps to cover the larger intervals,

• arranged so no value is unreachable without redundancy.. . .

Figure 4.1.: Token-truncation hand-o↵ in AIME dual-agent dialogue. Agent B re-
sumes the exact point where Agent A’s turn was truncated by token
limits.

Such hand-o↵s weren’t so common but illustrate how dual agents can override their

roles and can exhibit a tendency that seems to originate from their pre-instruction-

tuned base model.

4.2.4. Solution trajectories: stability versus plasticity

The two architectures occupy opposite ends of a stability–plasticity continuum: sim-

ulated dialogue is plastic, dual dialogue stable. In the simulated setting one model

role-plays both voices and freely attacks its own earlier claims. This self-critique

generates the largest number of disagreements, the highest rate of Improvement pat-

terns in which an incorrect answer becomes correct, and, symmetrically, the highest

rate of Deterioration patterns where a correct answer flips to wrong. This provides

a nuanced extension to Madaan et al. (2023)’s findings where an LLM iteratively

self-critiquing leads to performance gains over the simple model baseline.

Examining the conversation logs for LiveBench Reasoning reveals distinct behavioral

mechanisms driving these patterns. Simulated agents tend toward concise contri-

butions to maintain role di↵erentiation, often committing to provisional answers

early with minimal justification. This premature commitment leads to frequent

initial errors followed by corrections, explaining the high improvement rate. Dual

agents, conversely, typically develop comprehensive reasoning before making their
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first commitment, resulting in more robust initial positions. These well-reasoned

starting points, once established, rarely change; dual pairs seldom rescue initially

flawed approaches, but they almost never abandon correct ones. This fundamental

di↵erence in reasoning sequence explains the surprisingly high Complete Agreement

rates in dual configurations (80% vs. 47% in LiveBench Teacher-Student), despite

model state independence that might theoretically lead to more disagreement. The

evidence suggests that thoroughness of initial reasoning, rather than shared or sepa-

rate model state, may be the dominant factor determining stability in collaborative

reasoning.

4.2.5. Sampling independence, role adherence, and feedback

integration

My analysis identifies three distinct mechanisms that a↵ect multi-agent system per-

formance: sampling independence, role fidelity, and feedback integration e�ciency.

The edge that dual agents hold in debate and teacher–student modes begins with

sampling independence. Independent initialization gives each model a private la-

tent trajectory, so the first exchanges often explore di↵erent solution paths or at

least di↵erent validation approaches. Once overlap appears, convergence happens

quickly, often thanks to the thoroughness of the initial reasoning, but also the lack

of persona-switching overhead1. In simulated dialogue, the shared state vector o↵ers

a double-edged sword: it enables e�cient feedback integration that can produce im-

provements (also exacerbated by the premature commitments), yet simultaneously

allows persuasive but flawed reasoning to overwrite initially correct approaches. This

latter e↵ect is evident in GPQA simulated debate, which showed both the highest

deterioration rate (10%) (Table 4.5) and 37.5% higher token consumption (Table

4.6), suggesting extended reasoning that ultimately abandoned correct initial an-

swers.

Teacher–student transcripts (Table 4.9) illustrate the interaction of these mecha-

nisms clearly. The simulated version adheres more strictly to the Socratic pattern

(stronger role fidelity) in which the teacher poses guiding questions and the student

answers. Yet the dual version, with its weaker role adherence but stronger sampling

independence and more thorough initial reasoning, outperforms on every bench-

mark. This suggests that sampling independence coupled with reasoning depth is a

more powerful performance driver than strict role fidelity when accuracy is the goal.

1
Similar to Chen et al. (2024)’s findings, where they hypothesized that the weaker performance

by the role-switching LLM was due to it being confused or overloaded.
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4.2.6. Experimental constraints and interpretive cautions

Building on the methodological limitations outlined in Section 3.5, several design

choices, though necessary for e�ciency, color the findings and must be kept in mind

when extrapolating beyond the present study.

Token usage patterns Mathematical items consumed completion tokens at a rate

an order of magnitude higher than either GPQA or LiveBench. The chains of

algebra that DeepSeek-V3 generates are lengthy, and my experimental token limit of

1500 tokens per turn, though necessary to maintain reasonable computational costs,

frequently truncated CoT reasoning before completion. This artificial constraint

is particularly problematic for collaborative mathematical reasoning, where partial

derivations exchanged between agents often require substantial token space to be

properly communicated and extended. As Fig. 4.1 illustrates, truncated messages

disrupt the natural flow of reasoning, forcing the partner agent to either reconstruct

missing steps or continue from an incomplete foundation. This suggests that e↵ective

multi-agent mathematical reasoning may require more generous token allocations

per turn than other reasoning domains.

Model stochasticity Language models, particularly at sampling temperature 0.7,

are fundamentally variable in their outputs. A single prompt can lead to a wide

distribution of answers depending on internal sampling. Adding a second model to

the interaction compounds that uncertainty; small changes in phrasing or timing

may cascade into entirely di↵erent reasoning trajectories. I attempted to mitigate

its e↵ects by increasing the question sample size and using the full benchmarks for

GPQA and LiveBench Reasoning and several years of AIME questions so it adds up

to 100. This broad scope supports the reliability of the observed trends, but smaller

di↵erences (on the order of a few percentage points) should still be interpreted with

caution.

Sequential interaction limitation Every dialogue begins with Agent A’s proposal,

meaning that Agent B is necessarily conditioned on that initial framing. This se-

quential setup restricts the potential for independent perspective generation, as only

one agent explores the problem space without influence. The present results there-

fore reflect a form of serial collaboration, which may understate the diversity e↵ects

achievable in round-based protocols where agents propose solutions independently

before engaging in critique (Du et al., 2023; Hegazy, 2025).
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Chapter 4. Results and Discussion

Asymmetric effects from constraints The requirement that each turn end with

a provisional answer has asymmetric side-e↵ects. In teacher–student mode the sim-

ulated ’teacher’ must reveal their best guess answer, contradicting the point of the

strategy (though mitigated by the phrasing instruction). It is unclear whether the

performance gains it experiences is thanks to or in spite of this. Debate is less

a↵ected, because immediate counter-arguments are natural to the genre, and coop-

eration occasionally benefits, because the constant commitment nudges agents to

converge quickly. In the simulated setting, this constraint likely inflates disagree-

ment counts and increases instability, as the model must generate a confident guess

even when it is unsure. Removing or relaxing the answer-every-turn constraint is

therefore a consideration for follow-up studies.

4.2.7. Implications and future work

The findings suggest that di↵erent mechanisms drive performance improvements

in di↵erent collaborative contexts. Sampling independence appears most beneficial

for tasks requiring critique or hypothesis testing, fostering greater solution stability

once a correct reasoning path is found. Information integration e�ciency, conversely,

drives performance in cooperative settings where building on partial contributions

leads to better outcomes. Tension between these mechanisms explains why separate

model instances are not universally better.

Future work should explore how these mechanisms operate across model families

and heterogeneous models, particularly as reasoning-specialized systems become

more available. Specifically investigating how sampling independence, role stability,

and integration e�ciency vary with model size and architecture would help clarify

the fundamental drivers of collaborative improvement. Additionally, exploring more

flexible interaction protocols beyond strict turn-taking could reveal how these mech-

anisms function under di↵erent collaborative structures and provide a fuller picture

of how to optimize multi-agent LLM systems.
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5. Conclusion

Summary of Findings This thesis set out to determine which factors; model sepa-

ration, sampling independence, perspective diversity through role specialization, or

cognitive continuity, truly account for the gains reported in multi-agent LLM dia-

logue. A controlled comparison between a dual-agent architecture (two independent

DeepSeek-V3 instances) and a simulated architecture (a single instance alternat-

ing roles) was conducted across three collaboration strategies (Debate, Cooperative,

Teacher–Student) and three benchmarks (AIME, GPQA, LiveBench).

Across nine benchmark–strategy pairs, the dual-agent system outperformed the sim-

ulated system in six and trailed (minimally) in the three Cooperative configurations.

The only statistically significant gap appeared on the logic-heavy LiveBench dataset

with the Teacher–Student strategy, where model separation lifted accuracy to 66.0%

versus 51.5% (p = 0.002). These results indicate that sampling independence chiefly

benefits dialogue modes built on critique or guided questioning; when collaboration

is purely additive, the cognitive continuity of a single latent workspace can match

or surpass dual agents.

Performance varied sharply by domain: logic puzzles (LiveBench) benefited most

from LLM collaboration, knowledge questions (GPQA) saw modest gains, while

mathematically intricate AIME problems showed no improvement. This variation

stems from the nature of the tasks themselves: LiveBench problems reward itera-

tive constraint resolution and creative reasoning, whereas AIME problems demand

long uninterrupted chains of deduction that collaborative turn-taking often disrupts.

Meanwhile, conversation traces reveal distinct architectural behaviors: simulated

agents tend to make early, lightly justified commitments to maintain role contrast,

leading to both frequent improvements and occasional regressions. Dual agents, in

contrast, typically construct more comprehensive initial reasoning before commit-

ting, resulting in greater stability and higher rates of complete agreement when their

initial path is correct.

Token-cost analysis showed no systematic penalty for independence; completion-

token counts were dominated by the benchmark itself.
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Chapter 5. Conclusion

Implications The evidence suggests that model separation is an optional amplifier

rather than a universal prerequisite. Independence is worth the extra complexity

wherever dialogue relies on adversarial critique or Socratic guidance, but o↵ers little

in cooperative brainstorming. More broadly, the findings clarify how future multi-

agent AI ecosystems might be architected: reserve truly separate models for roles

that thrive on divergent priors; rely on a unified model where a single coherent

workspace is an advantage.

Caveats and Future Directions The study shares the methodological limits and

constraints already discussed in Sections 3.5 and 4.2.6: truncation of long reasoning

chains because of the token limit, reliance on a single base model, the inherent

variability of LLMs, and a strict turn-taking protocol that constrains perspective

generation. Extending the analysis to heterogeneous model pools, larger context

windows, and asynchronous interaction topologies will test the durability of the

conclusions.

Closing Remarks Multi-agent dialogue improves the reasoning power of language

models, but most of the gain arises from the structured discipline of role interaction

itself. Genuine model independence provides an additional edge only under specific

dialogue dynamics. By disentangling these e↵ects, this work refines our theoretical

understanding of collaborative AI and lays a clearer foundation for future research

on scalable, multi-agent intelligence.
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Glossary

Agent In this thesis, an LLM instance playing a specific persona (e.g. Proponent,

Critic, Teacher, Student) within a collaborative dialogue.

Benchmark A standardized dataset or task suite (e.g. AIME, GPQA, LiveBench)

used to evaluate model performance under controlled conditions.

Chain-of-Thought (CoT) A prompting technique that encourages an LLM to gen-

erate intermediate reasoning steps before producing its final answer.

Cognitive Continuity The property of a single model retaining a unified latent

workspace across multiple turns, enabling it to build on all preceding con-

text.

Token The basic unit of text the model processes (roughly a wordpiece); used to

count prompt length, completion length, and billing on APIs.

Completion Token A token generated by the model in its output (as opposed to

tokens consumed by the prompt); used to measure generation cost.

Collaboration Strategy The structured interaction pattern that defines how agents

converse—here, Debate (critique), Cooperative (additive), or Teacher–Student

(guided discovery).

Inference The process of generating model outputs from a given prompt, typically

via API calls or local forward passes through the network.

Perspective Diversity The epistemic distance generated by assigning contrasting

roles to agents, yielding di↵erent viewpoints even within a single model.

Prompt The text (system and user messages) provided to the model to elicit desired

behavior or responses.

Sampling Independence The use of separate model instances (and random seeds)

so that each agent’s hidden states and sampling trajectories are uncorrelated.
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A. Benchmark Question Examples

This appendix provides representative examples from each benchmark used in the

study to illustrate the diverse reasoning challenges presented to the agent systems.

A.1. AIME (2021-2024) Example

AIME 2022 Problem

For positive integers a , b , and c with a < b < c , consider collections of

postage stamps in denominations a , b , and c cents that contain at least one

stamp of each denomination. If there exists such a collection that contains sub-

collections worth every whole number of cents up to 1000 cents, let f(a, b, c) be

the minimum number of stamps in such a collection. Find the sum of the three

least values of c such that f(a, b, c) = 97 for some choice of a and b .

A.2. GPQA Diamond Example

GPQA Diamond Astronomy Question

The universe is filled with the Cosmic Microwave Background. Consider the

annihilation of high energy �-rays with a photon from the CMB Radiation into

electron-positron, i.e. �� ! e
+
e
�. From what energy �-rays would have their

lifetimes in the universe limited by this process? Knowing that the average

photon energy of the CMB is 10�3
eV .

A. 9.5*1e4 GeV

B. 3.9*1e5 GeV

C. 1.8*1e5 GeV

D. 2.6*1e5 GeV
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Appendix A. Benchmark Question Examples

A.3. LiveBench Reasoning Example - Web of Lies

Web of Lies Puzzle

In this question, assume each person either always tells the truth or always

lies. Jaxon is at the city hall. Charlie is at the train station. Nia is at the

planetarium. The person at the library says the person at the bowling alley

lies. The person at the planetarium says the person at the airport lies. Luna is

at the school. The person at the skate park says the person at the ice skating

rink lies. Beatriz is at the airport. The person at the planetarium thinks their

neighbor is telling the truth. Isabella is at the campground. The person at the

barbershop says the person at the bowling alley tells the truth. Nadia is at the

ice skating rink. The person at the theater says the person at the skate park

lies. Emily is at the skate park. Ryan is at the library. The person at the city

hall says the person at the bowling alley tells the truth. The person at the ice

skating rink says the person at the bowling alley tells the truth. The person

at the bowling alley says the person at the campground lies. Olivia is at the

bowling alley. Zara is at the observatory. Ayaan is at the farm. The person

at the skate park says the person at the farm lies. The person at the train

station says the person at the campground tells the truth. The person at the

gym says the person at the skate park lies. The person at the cafe lies. The

person at the ice skating rink says the person at the school lies. The person at

the campground says the person at the observatory tells the truth. The person

at the airport says the person at the gym lies. The person at the planetarium

thinks their friend is lying. The person at the observatory lies. Priya is at the

theater. The person at the observatory thinks their friend is lying. Kehinde is

at the cafe. Anika is at the barbershop. The person at the gym thinks their

neighbor is telling the truth. Devika is at the gym. Does the person at the

planetarium tell the truth? Does the person at the airport tell the truth? Does

the person at the gym tell the truth? Think step by step, and then put your

answer in **bold** as a list of three words, yes or no (for example, **yes, no,

yes**). If you don’t know, guess.
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Appendix A. Benchmark Question Examples

A.4. SimpleBench Example

SimpleBench Question

Beth places four whole ice cubes in a frying pan at the start of the first minute,

then five at the start of the second minute and some more at the start of the

third minute, but none in the fourth minute. If the average number of ice cubes

per minute placed in the pan while it was frying a crispy egg was five, how many

whole ice cubes can be found in the pan at the end of the third minute?

A. 30

B. 0

C. 20

D. 10

E. 11

F. 5
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B. Benchmark-Specific Instructions

This appendix provides the benchmark-specific instructions that were added to the

basic system prompts to ensure proper answer formatting across di↵erent problem

types.

B.1. AIME Instructions

AIME-specific Instructions

IMPORTANT: This is a mathematics problem from the American Invitational

Mathematics Examination (AIME). In EVERY response except the final turn,

you must include a line with your current best answer using the format ’An-

swer: N’ where N is a specific integer (0-999). If you haven’t fully solved the

problem yet, use ’Answer: [working]’ or ’Answer: [calculating]’ instead of guess-

ing a number. Only provide a numerical answer when you’re confident in your

calculation. This helps track your reasoning progress. AIME problems always

have integer answers between 0 and 999 inclusive. Your final answer MUST be

in the format ’Final Answer: N’ where N is your integer answer.
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Appendix B. Benchmark-Specific Instructions

B.2. GPQA Instructions

GPQA-specific Instructions

IMPORTANT: This is a multiple-choice question from the Graduate-level Pro-

fessional QA (GPQA) dataset. In EVERY response except the final turn, you

must include a line with your current best answer using the format ’Answer:

X’ where X is a specific choice (A, B, C, D). DO NOT use placeholders like

’still thinking’ or ’unclear’ - make your best guess if uncertain. This intermedi-

ate answer must be included even when you’re not fully confident. This helps

track your reasoning progress. The question requires expertise in a specialized

domain. Your final answer MUST be in the format ’Final Answer: X’ where X

is exactly one of the provided options (A, B, C, D).

B.3. LiveBench Instructions

LiveBench-specific Instructions

IMPORTANT: This is a reasoning problem from the LiveBench dataset. The

problem will include specific instructions for how to format your answer. Pay

careful attention to these format requirements and follow them exactly. In

EVERY response except the final turn, include your current best answer using

’Answer: X’ format, ensuring X is formatted as requested. Make your best

guess if uncertain. In your final response, use ’Final Answer: X’ and ensure X

is formatted precisely as requested in the problem.

B.4. SimpleBench Instructions

SimpleBench-specific Instructions

IMPORTANT: This is a multiple-choice question from the SimpleBench

dataset. In EVERY response except the final turn, you must include a line

with your current best answer using the format ’Answer: X’ where X is a spe-

cific choice (A, B, C, D, E or F). DO NOT use placeholders like ’still thinking’

or ’unclear’ - make your best guess if uncertain. This intermediate answer must

be included even when you’re not fully confident. This helps track your rea-

soning progress. Your final answer MUST be in the format ’Final Answer: X’

where X is exactly one of the provided options (A, B, C, D, E, or F).
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C. System Prompts for Collaboration

Strategies

This appendix contains the complete system prompts used to implement each col-

laboration strategy in both the simulated and dual-agent configurations.

C.1. Debate Strategy

C.1.1. Agent A (Proponent)

Proponent Prompt

You are Agent A, a reasoning agent acting as the proponent in a structured

dialogue. Your role is to present well-structured arguments supporting your pro-

posed solution to the problem. Provide clear reasoning, cite relevant principles

when applicable, and anticipate potential counterarguments. Engage thought-

fully with critiques from Agent B, either by defending your original position

with additional reasoning or by refining your answer based on valid criticisms.

Remember that your goal is not to ”win” but to collaboratively reach the most

accurate solution. IMPORTANT: When you see the prompt ’(final turn)’, you

MUST end your response with ’Final Answer: X’, where X is your definitive

conclusion. This is critical for evaluation purposes.
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Appendix C. System Prompts for Collaboration Strategies

C.1.2. Agent B (Critic)

Critic Prompt

You are Agent B, a reasoning agent acting as the critic in a structured dialogue.

Your role is to carefully analyze and challenge the arguments presented by

Agent A. Ask probing questions, identify potential weaknesses in reasoning,

point out missing considerations, and suggest alternative perspectives when

appropriate. Your goal is not to be adversarial but to ensure that the final

solution is robust and accounts for all relevant factors. Be constructive in

your criticism, suggesting improvements rather than merely pointing out flaws.

This collaborative critique process should lead to a more thoroughly reasoned

solution. IMPORTANT: When you see the prompt ’(final turn)’, you MUST

end your response with ’Final Answer: X’, where X is your definitive conclusion.

This is critical for evaluation purposes.

C.2. Cooperative Strategy

C.2.1. Agent A (Proposer)

Proposer Prompt

You are Agent A, a reasoning agent responsible for initiating problem-solving

approaches. Your role is to analyze the given problem, identify key compo-

nents and constraints, and propose initial solution paths. Break down complex

problems into manageable pieces and suggest possible analytical frameworks or

methods that might be applicable. Your strength lies in setting up the founda-

tional structure for solving the problem. You don’t need to provide complete

solutions - focus on establishing productive directions that Agent B can de-

velop further. Be clear, specific, and open to refinement of your initial ideas.

IMPORTANT: When you see the prompt ’(final turn)’, you MUST end your

response with ’Final Answer: X’, where X is your definitive conclusion. This is

critical for evaluation purposes.
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Appendix C. System Prompts for Collaboration Strategies

C.2.2. Agent B (Extender)

Extender Prompt

You are Agent B, a reasoning agent focused on developing and extending solu-

tion paths. Your role is to build upon the foundation laid by Agent A, adding

depth and nuance to the analysis. When Agent A proposes an approach, your

job is to enhance it by filling in missing details, expanding the reasoning, con-

necting it to relevant concepts, or contributing complementary perspectives.

Your strength lies in elaboration and refinement rather than starting from

scratch. Approach this as a collaborative e↵ort where your contributions help

create a more comprehensive and robust solution. Avoid simply repeating what

Agent A has already covered - instead, add genuine value through extension and

development of ideas. IMPORTANT: When you see the prompt ’(final turn)’,

you MUST end your response with ’Final Answer: X’, where X is your definitive

conclusion. This is critical for evaluation purposes.

C.3. Teacher-Student Strategy

C.3.1. Agent A (Teacher)

Teacher Prompt

You are Agent A, a reasoning agent acting as a guide and mentor in this

problem-solving dialogue between you and Agent B. Your role is to provide

sca↵olding for e↵ective reasoning about the problem without simply stating the

answer. Use Socratic questioning to help Agent B explore the problem space,

highlight important principles or frameworks that might be useful, and gently

correct misconceptions while explaining why they’re problematic. When ap-

propriate, introduce analogies or simplified models to clarify complex concepts.

IMPORTANT: Only respond as yourself (Agent A). DO NOT simulate Agent

B’s responses or answer your own questions. Wait for Agent B to respond in

their own turn. Your goal is to help Agent B develop their own understanding

and reasoning skills.

In every turn, include Answer: X with what YOU think is correct, but present it

as ”What do you think about Answer: X?” or a similar phrase when talking to

the student. IMPORTANT: When you see the prompt (final turn), you MUST

end your response with Final Answer: X, where X is your definitive conclusion.

This is critical for evaluation purposes.
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Appendix C. System Prompts for Collaboration Strategies

C.3.2. Agent B (Student)

Student Prompt

You are Agent B, a reasoning agent engaged in active problem-solving under

guidance from Agent A. Your role is to approach the problem thoughtfully, mak-

ing genuine attempts to work through it step by step. Think aloud about your

reasoning process, including points of uncertainty or confusion. When Agent

A provides guidance, build upon it to advance your understanding rather than

simply accepting it passively. Ask specific questions when concepts are unclear,

and try to connect new insights to what you already understand. IMPOR-

TANT: Only respond as yourself (Agent B). DO NOT simulate what Agent

A might say next. Your goal is to develop your own coherent solution to the

problem with assistance, not to have the solution handed to you. Demonstrate

your evolving understanding as the dialogue progresses. IMPORTANT: When

you see the prompt (final turn), you MUST end your response with Final An-

swer: X, where X is your definitive conclusion. This is critical for evaluation

purposes.
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D. Use of Text Generation Models

In compliance with the requirement to document the contributions of text generation

models, I hereby declare the following:

Code development I employed Anthropic’s Claude Sonnet 3.7 to generate and

refine the overall file structure of the implementation, to draft helper functions, and

to assist in debugging API integration issues.

Manuscript writing and formatting I used both Claude Sonnet 3.7 and Ope-

nAI’s ChatGPT o3 to improve the idiomaticity and readability of certain prose pas-

sages, to brainstorm content for sections (e.g. framing of motivation, definition of

research questions), and to obtain LaTeX assistance for constructing tables, figures,

and the custom ‘promptbox‘ environment.
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