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ABSTRACT

Existing Multi-Agent Systems (MAS) typically rely on static, homogeneous model
configurations, limiting their ability to exploit the distinct strengths of differently
post-trained models. To address this, we introduce Team-of-Thoughts, a novel
MAS architecture that leverages the complementary capabilities of heterogeneous
agents via an orchestrator-tool paradigm. Our framework introduces two key
mechanisms to optimize performance: (1) an orchestrator calibration scheme that
identifies models with superior coordination capabilities, and (2) a self-assessment
protocol where tool agents profile their own domain expertise to account for varia-
tions in post-training skills. During inference, the orchestrator dynamically acti-
vates the most suitable tool agents based on these proficiency profiles. Experiments
across five reasoning and code generation benchmarks demonstrate that Team-of-
Thoughts achieves a superior accuracy-cost trade-off. Notably, on AIME24, our
method reaches 96.67% accuracy, significantly surpassing homogeneous role-play
baselines (80%) while reducing computational costs by two orders of magnitude.

1 INTRODUCTION

Test-time scaling (TTS) has emerged as a critical paradigm for enhancing the capabilities of large
language models (LLMs) beyond their training-time performance (Snell et al., 2024; Wu et al., 2025;
Brown et al., 2024). By investing additional computation during inference, TTS methods such as
process reward model (PRM) scoring, beam search, and tree-based exploration (Wei et al., 2023; Yao
et al., 2023; Besta et al., 2024) enable models to achieve superior performance on complex reasoning
tasks. This paradigm shift recognizes that thoughtful allocation of inference-time compute can unlock
latent capabilities within pre-trained models, making TTS a fundamental technique for deploying
LLMs in high-stakes applications requiring robust reasoning and problem-solving abilities.

While existing TTS approaches have demonstrated impressive gains, they typically operate within the
confines of a single model or rely on static multi-agent workflows with fixed role assignments of the
same model (Park et al., 2023; Qian et al., 2024; Hong et al., 2024; Li et al., 2023; Wu et al., 2023).
This limitation prevents systems from exploiting the complementary strengths of diverse LLMs,
each of which may excel in different domains due to distinct post-training procedures and dataset
composition. Moreover, conventional TTS methods often scale inefficiently, generating excessive
tokens without strategic allocation of computational resources. Recent multi-agent systems (Zhang
et al., 2024; Chen et al., 2024; Yang et al., 2025b; Li et al., 2025; Kim et al., 2026), while introducing
parallelism, still lack the flexibility to dynamically adapt agent selection and orchestration based on
task characteristics and model-specific expertise.

We address these limitations through Team-of-Thoughts, a novel Multi-Agent System (MAS) that
achieves efficient test-time scaling via orchestrated tool calling. Unlike conventional approaches that
treat models as monolithic reasoners or assign them to rigid roles, our framework reconceptualizes
diverse LLMs as specialized tools that can be dynamically invoked and coordinated. The key insight
is that by leveraging the native tool-calling capabilities of modern LLMs, we can build a hierarchical
architecture where an orchestrator agent strategically activates and allocates computational budget to
a team of specialized tool agents, as demonstrated in Figure 1.
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(a) Comparison between TTS methods (b) Team-of-Thoughts framework

Figure 1: Overview of Team-of-Thoughts. (a) While standard reasoning methods rely on a
single model (Token-decomposed Thoughts) or homogeneous multi-agent groups (Role-diverse
Thoughts), Team-of-Thoughts incorporates heterogeneous models to ensure broad coverage of the
solution space. (b) Our framework integrates an orchestrator for tool-agent management, utilizing
an initialization pipeline that includes orchestrator calibration and agent self-profiling. At inference
time, the orchestrator identifies the optimal tools for the input query and synthesizes their reasoning
trajectories into a high-confidence final response.

This design naturally enables efficient parallelism, multiple agents can reason simultaneously, while
maintaining token efficiency through selective activation based on task requirements and agent
expertise. Our framework transforms test-time scaling from a sequential, token-heavy process into a
coordinated team effort where the right specialists are consulted at the right time.

Our key contributions are as follows:

• We propose the Team-of-Thoughts MAS, that enables multiple specialized LLMs to collab-
orate via tool-calling interfaces without redundant reasoning traces.

• We propose an orchestration calibration scheme that identifies the optimal orchestration
agent for coordinating tool agents, revealing significant variation in orchestration capabilities
across model families. We also develop a self-assessment mechanism that captures agent
specialization, allowing tool agents to self-estimate their proficiency across task categories
and enabling informed decisions about agent activation and budget allocation.

• We conduct extensive experiments across multiple model families and demonstrate that
Team-of-Thoughts MAS achieves a superior trade-off between accuracy and computational
cost on both reasoning and code generation tasks. For example, our method reaches 96.67%
accuracy on AIME24, outperforming AgentVerse’s 80%, while incurring a computational
cost that is two orders of magnitude lower.

2 BACKGROUND

2.1 A PROBABILISTIC VIEW ON TTS

A task-solving problem can be formulated as a tuple (D,X), where D is the input question and X
is the target answer. The objective of a language model is to optimize its probabilistic distribution

2
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Figure 2: Schematic comparison of language modeling methods. (Top left) Standard Inference: A
single model predicts target X directly from input D. (Top middle) Agentic Reasoning: Methods like
CoT generate intermediate steps to refine the prediction distribution. (Bottom left) Consensus-based
MAS: Multiple agents reason iteratively until consensus is reached. (Right) Team-of-Thoughts MAS:
An orchestrator leverages heterogeneous tool agents. During calibration, agents self-assess their
proficiency on question types T . During inference, the orchestrator selectively invokes agents based
on these assessments, aligning the prediction with the target while maintaining token efficiency.

pθ(·|D) to maximize the likelihood of generating the correct prediction:

X̂ ∼ pθ(·|D)

as illustrated in the top-left panel of Figure 2.

To enhance performance beyond standard inference, agent models leverage reasoning frameworks,
such as Chain-of-Thought (CoT) (Wei et al., 2023), Tree-of-Thoughts (ToT) (Yao et al., 2023), and
Graph-of-Thoughts (GoT) (Besta et al., 2024), to generate intermediate reasoning steps. Each step,
as well as the final prediction, is conditioned on the preceding context:

Z1 ∼ pθ(·|D),

Z2 ∼ pθ(·|D,Z1),

...

X̂ ∼ pθ(·|D,Z1, Z2, . . . )

where Zi denotes the ith intermediate thinking step. These reasoning steps explore the generation
space, ideally shifting the prediction distribution toward the target X , as shown in the top-middle
panel of Figure 2.

However, a single agent’s ability to transform the prediction distribution is strictly bounded by its
parameterization θ. Facing increasingly complex real-world tasks, a single model may fail to reach the
solution space. While test-time scaling approaches (Snell et al., 2024; Wu et al., 2025; Brown et al.,
2024) invest additional compute to improve single-model performance, they remain fundamentally
limited by the model’s fixed parameters. Training larger models remains prohibitively expensive,
motivating alternative approaches.
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2.2 EXTENDING TO MAS

The limitation of single-model TTS motivates Multi-Agent Systems (MAS), which employ multiple
expert agents to create a more robust system. Instead of relying on a single model parameterization θ,
MAS leverage an ensemble of models {θ1, θ2, . . . , θn}, each starting with a distinct prior distribution
over the solution space.

Formally, each agent i begins with its own prediction distribution pi(X|D) = pθi(X|D), representing
different model priors as shown in the bottom-left panel of Figure 2. Through iterative reasoning,
each agent refines its distribution:

pi(X|D,Zi,1, Zi,2, . . .)

where Zi,j denotes the j-th reasoning step of agent i.

In a consensus-based MAS (Chen et al., 2024), agents sample predictions {X̂1, X̂2, . . . , X̂n} from
their respective distributions and communicate to reach agreement. When agents disagree, they
exchange reasoning and retry; when they agree, the system outputs the consensus. Ideally, this
iterative process concentrates probability mass around the correct answer through the exchange of
diverse perspectives, as shown in Figure 2.

Many approaches construct agents by prompting a single underlying model with different personas or
instructions (Chen et al., 2024; Yang et al., 2025b; Li et al., 2025; Zhang et al., 2024; Wu et al., 2023;
Li et al., 2023; Hong et al., 2024). Mathematically, this means all agents share the same fundamental
parameterization: θ1 = θ2 = · · · = θn = θ. Consequently, their priors pi(X|D) remain largely
identical, and the system fails to effectively diversify the prediction distributions. As shown in the
bottom-left panel of Figure 2, one hypothesis we hold is that true diversity requires heterogeneous
model priors – different models with distinct parameterizations that cover complementary regions of
the solution space.

Moreover, consensus-based approaches suffer from inefficiencies: they require multiple rounds of
generation, retry mechanisms, and full reasoning traces from all agents regardless of their relevance
to the specific task. This motivates our Team-of-Thoughts framework, which leverages heterogeneous
model priors and introduces an orchestrator agent to strategically coordinate tool agents, as shown in
the right panel of Figure 2.

3 TEAM OF THOUGHTS: AN EFFICIENT HETEROGENEOUS MAS APPROACH

Inspired by the formulation in Section 2, our Team-of-Thoughts framework composes a MAS
using heterogeneous agent models to achieve broad capability coverage. As illustrated in Fig-
ure 2 (right), the reasoning process of the tool agents begins with distinct prediction distributions
{pθ1(X|D), pθ2(X|D), . . . , pθn(X|D)}, ensuring extensive coverage of the solution space.

The Team-of-Thoughts framework constitutes an orchestrator agent and a team of tool agents. The
orchestrator’s role is threefold: (1) selecting tool agents suitable for the incoming question D,
(2) evaluating the responses and analyzing the reasoning of the tool agents, and (3) conducting
its own reasoning and acting as an aggregator to generate the final answer. Each tool agent i,
when invoked, produces a reasoning trajectory Z(i) = {Zi,1, Zi,2, . . .} and generates a prediction
X̂i ∼ pθi(X|D,Z(i)). The orchestrator then updates its prediction distribution by aggregating
information from the selected tool agents:

X̂orch ∼ porch(X|D, X̂1, X̂2, . . . , X̂k) (1)

where k ≤ n denotes the number of tool agents invoked. Unlike consensus-based MAS that requires
agreement among all agents, the orchestrator strategically weights and filters information based on
agent expertise and task characteristics, effectively concentrating probability mass on the target X
while maintaining token efficiency.

3.1 ORCHESTRATION CALIBRATION

Not all models are equally capable of orchestration. The orchestrator must understand tool capabilities,
coordinate multiple agents, synthesize diverse reasoning trajectories, and resolve conflicts–skills
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that vary significantly across model families. To identify the optimal orchestrator, we propose an
Orchestration Calibration procedure. We evaluate candidate orchestrator models based on their
ability to aggregate tool-agent responses on a calibration set for a given task category c under a
fixed cost budget. For each candidate orchestrator model θcand and task category c, we measure
orchestration performance on the category-specific calibration dataset:

Score(θcand, c) =
1∣∣∣D(c)
val

∣∣∣
∑

D∈D
(c)
val

I
[
X̂cand(D) = X(D)

]
where D(c)

val denotes the calibration dataset for category c, X̂cand(D) is the final aggregated prediction
in Equation (1), X(D) is the ground-truth answer, and I[·] is the indicator function. We select the
candidate model with the highest calibration score as the orchestrator for category c.

We show in Section 4.1 that this calibration process reveals that orchestration capability does not
simply correlate with model size or general benchmark performance. Some models excel at reasoning
integration and strategic decision-making, while others perform better as specialized tool agents. This
finding motivates treating the orchestrator selection as a distinct optimization problem rather than
defaulting to the largest or most capable model.

3.2 AGENT SPECIALIZATION VIA SELF-ASSESSMENT

Different model families exhibit varying expertise across task categories due to their distinct post-
training procedures. To leverage this specialization, we introduce a self-assessment mechanism that
allows tool agents to estimate their proficiency on different task types.

For each tool agent i and task category c, we compute a proficiency score on a validation set:

s
(c)
i =

1∣∣∣D(c)
val

∣∣∣
∑

D∈D
(c)
val

I[X̂i(D) = X(D)]

where D
(c)
val contains validation examples from category c. These proficiency scores form a special-

ization profile for each agent:
si = [s

(1)
i , s

(2)
i , . . . , s

(C)
i ]

where C is the number of task categories. At inference time, given a query D classified into category
c, the orchestrator can selectively activate tool agents based on their proficiency scores s(c)i . This
enables strategic budget allocation: highly proficient agents for the task category receive priority,
while less relevant agents may be skipped entirely. This approach contrasts with static MAS that
invoke all agents regardless of task fit.

3.3 EFFICIENT PARALLELISM AND TOKEN SCALING

Our framework achieves efficient test-time scaling through two key mechanisms:

Agent Parallelism. Unlike sequential MAS like Zhang et al. (2024) and Li et al. (2025), tool agents
in Team-of-Thoughts can reason simultaneously. When the orchestrator invokes multiple tool agents
in a round, their generations can be parallelized, significantly reducing latency compared to sequential
processing.

Strategic Token Allocation. The orchestrator does not require full reasoning traces from all agents.
It only dynamically picks a subset of agents to join the task. Taking self-assessment profiles and task
characteristics, the orchestrator can:

1. Skip tool agents with low proficiency for the task category;
2. Request shorter responses from less critical agents;
3. Allocate more token budget to highly specialized agents.

Formally, let Ni denote the number of tokens generated by tool agent i. The total token budget is:

Ntotal = Norch +
∑
i∈S

Ni
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Table 1: Main results of Team of Thoughts (ToT) on five general benchmark tasks. LiveCodeBench is
using v6 (2025/01/01 - 2025/05/01) data. We report task accuracy (%, “Acc.”) and total execution cost
per task (“Cost”). We compare ToT with single-model baselines and multi-agent methods. “Improve”
compares ToT with the best baseline accuracy.

Method AIME24 AIME25 HumanEval+ MBPP+ LiveCodeBench v6
Acc (↑) Cost (↓) Acc (↑) Cost (↓) Acc (↑) Cost (↓) Acc (↑) Cost (↓) Acc (↑) Cost (↓)

Claude Sonnet 4.5 76.67% 0.4206 66.67% 0.4467 95.73% 0.9057 83.33% 1.6272 51.10% 1.6116
GPT-5 Mini 86.67% 0.0352 83.33% 0.0395 92.07% 0.1428 81.48% 0.2442 65.93% 0.1371
Gemini 3 Flash 86.67% 0.2257 73.33% 0.2931 70.12% 0.1285 69.31% 0.2792 70.33% 0.4844

DeepSeek v3.2 86.67% 0.0062 90.00% 0.0068 87.80% 0.0163 77.51% 0.0328 65.93% 0.0356
GPT-OSS 20B 60.00% 0.0011 66.67% 0.0040 87.20% 0.0074 76.46% 0.0131 50.00% 0.0092
Qwen3-vl 235B 83.33% 0.0848 86.67% 0.1186 87.80% 0.3213 80.69% 0.6524 65.93% 0.6573
Phi-4 10.00% 0.0100 20.00% 0.0050 71.95% 0.0108 63.49% 0.0203 24.18% 0.0209

AgentVerse 80.00% 2.5302 60.00% 4.1131 91.46% 7.7689 79.37% 14.1327 65.93% 14.5509
Majority Voting 93.33% 0.7836 90.00% 0.9137 – – – – – –

Team-of-Thoughts 96.67% 0.0906 90.00% 0.0852 96.34% 0.5175 83.60% 1.7225 72.53% 1.1135

Table 2: Calibration accuracy across orchestrator model choices under different budget constraints.
We report calibration accuracy (%) on AIME2024 and MBPP+ with two budget settings (USD) and
their average (“Avg”). Results compare multiple language models used as the orchestrator agent. For
each benchmark, we bold the best average performance across models.

Model AIME2024 MBPP+
Budget Cost ($) 0.03 0.02 Avg 0.03 0.02 Avg

Claude Sonnet 4.5 86.67% 46.67% 66.67% 78.38% 78.38% 78.38%
GPT-5 Mini 86.67% 93.33% 90.00% 86.49% 83.78% 85.14%
Gemini 3 Flash 86.67% 40.00% 63.34% 83.78% 83.78% 83.78%
DeepSeek v3.2 93.33% 93.33% 93.33% 81.08% 81.08% 81.08%
GPT-OSS 20B 80.00% 80.00% 80.00% 75.68% 75.68% 75.68%
Qwen3-vl 235B 33.33% 20.00% 26.67% 78.38% 78.38% 78.38%
Phi-4 33.33% 33.33% 33.33% 72.97% 72.97% 72.97%

where S is the set of activated tool agents and Norch is the orchestrator’s token usage. By strate-
gically controlling |S| and the generation lengths {Ni}i∈S , Team-of-Thoughts achieves superior
performance-to-token ratios compared to both single-model TTS (which cannot leverage diverse
priors) and consensus-based MAS (which invoke all agents indiscriminately).

4 EVALUATION

Models and benchmarks We evaluated Team-of-Thoughts MAS across a diverse suite of seven
model families, comprising three closed-source models: Claude-Sonnet-4.5 (PBC, 2025), GPT-5-
mini (Singh et al., 2025), and Gemini-3-Flash-Preview (Pichai et al., 2025) and four open-source
models: DeepSeek-V3.2-Exp (DeepSeek-AI et al., 2025), GPT-OSS-20B (OpenAI et al., 2025),
Qwen3-VL-235B-A22B-Thinking (Yang et al., 2025a), and Phi-4 (Abdin et al., 2024). Our assessment
spanned two domains: mathematical reasoning (AIME2024 (of America, 2024), AIME2025 (of Amer-
ica, 2025)) and code generation (Humaneval+ (Chen et al., 2021), MBPP+ (Austin et al., 2021),
LiveCodeBench (Jain et al., 2024)). Unless stated otherwise, we set a standardized context window
for each tool-agent: 20,000 tokens for AIME tasks and 4,096 tokens for coding tasks. For the
Team-of-Thoughts MAS, we used a 16,384 token context window across all tasks to ensure sufficient
capacity for processing tool descriptions and making informed selection and reasoning decisions.

4.1 ORCHESTRATION AGENT SELECTION

To determine the optimal orchestrator for our framework, we first evaluated the aggregation efficacy
of various candidate models. We conducted these experiments on AIME2024 and MBPP+ under fixed
monetary constraints. Given the variance in pricing across providers, we normalized the budget by
converting the fixed cost into model-specific token generation limits, ensuring a fair, cost-controlled
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comparison. As detailed in Table 2, DeepSeek v3.2 demonstrated superior aggregation performance
on the AIME2024 mathematical benchmark, whereas GPT-5 Mini excelled on the MBPP+ code
generation task. Consequently, we adopted DeepSeek v3.2 as the orchestrator for mathematical
reasoning and GPT-5 Mini for code generation in all subsequent analyses.

4.2 TOOL-AGENT PROFILING AND DYNAMIC SELECTION STRATEGIES

We leverage language models to generate detailed profiles of each tool agent’s strengths and weak-
nesses. We evaluate three distinct selection policies:

• Random Allocation (Baseline): Tool models are sampled uniformly at random without
prior profiling.

• Orchestrator-Based Assessment: The orchestrator exclusively evaluates tool agents on a
calibration subset to map their competencies and failure modes. We utilize DeepSeek v3.2
for math tasks and GPT-5 Mini for code generation in this role.

• Tool Self-Assessment: Each tool agent audits its own proficiency. Supplied with the task
question, its own reasoning traces, and the ground truth, the agent identifies specific required
skills and grades its performance.

These profiles enable the orchestrator to dynamically revise invocation probabilities. Crucially, the
self-assessment policy decouples the generation of tool descriptions from the orchestrator’s specific
biases. Detailed assessment prompts are provided in Appendix C.

Table 3: Comparison of tool agent profiling strategies across benchmarks. We report task accuracy
(%) for different tool agent selection methods, including single-model execution, tool agent self-
assessment, orchestration-based assessment, and no-assessment (random selection). Each row
specifies the underlying base model used. We bold the best-performing strategy for each benchmark.

Benchmark Single Self-Assessment Orch. Assessment Random Allocation
AIME2024 (DeepSeek v3.2) 86.67% 93.33% 90.00% 90.00%

MBPP+ (GPT-5 Mini) 81.48% 83.33% 83.33% 82.27%

Table 3 details the comparative performance of these strategies with up to two active tool agents.
Results indicate that both profiling-based methods significantly surpass the single-model baselines and
the random allocation policy. Notably, self-assessment achieves superior accuracy on mathematical
reasoning tasks while maintaining parity with orchestrator-based assessment on code generation.
Given this dominance in reasoning domains and its ability to decouple tool profiling from orchestrator
bias, we establish self-assessment as the default selection strategy. Additional ablation studies
concerning the number of active agents are provided in Appendix B.

4.3 PERFORMANCE AND COST EFFICIENCY ANALYSIS

We expose tool agents as callable tools to the orchestrator, integrating tool descriptions derived
from their self-assessment profiles. As detailed in Table 1, Team-of-Thoughts achieves a superior
accuracy-cost trade-off across diverse reasoning and coding benchmarks. In terms of accuracy,
our framework achieves state-of-the-art performance across the evaluated tasks and consistently
outperforms both single-model baselines and existing multi-agent methods.

Importantly, these accuracy gains do not come at the expense of efficiency. Team-of-Thoughts
maintains substantially lower execution costs than competing multi-agent systems. Compared to
AgentVerse (Chen et al., 2024), our orchestrator-based aggregation achieves higher accuracy while
reducing total inference cost by an order of magnitude. Compared to Majority Voting, our method
matches or exceeds accuracy while requiring only a fraction of the cost, since it relies on adaptive
agent selection instead of redundant parallel sampling. Overall, Team-of-Thoughts MAS effectively
combines the performance gains of multi-agent collaboration with the efficiency of single-model
inference, demonstrating a Pareto-efficient frontier in system design.
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5 RELATED WORK

Test-Time Scaling (TTS). Recent advancements have established TTS as a critical frontier, demon-
strating that increasing inference compute can yield performance gains comparable to scaling model
parameters (Snell et al., 2024; Wu et al., 2025). Parallel inference-sampling approaches, such as
Best-of-N (Brown et al., 2024), leverage verification to select optimal solutions from broad search
spaces. Conversely, sequential approaches focus on deepening the reasoning topology. This evolution
began with linear Chain-of-Thought (CoT) (Wei et al., 2023), which evokes intermediate reasoning
steps, and has advanced to non-linear frameworks like Tree of Thoughts (ToT) (Yao et al., 2023) and
Graph of Thoughts (GoT) (Besta et al., 2024). These methodologies enable models to perform com-
plex cognitive operations–such as lookahead, backtracking, and information aggregation–effectively
mimicking human’s “system-2” conscious thinking processes during inference.

Multi-Agent Systems (MAS). Drawing inspiration from human social dynamics, researchers have
leveraged groups of agents to enhance reasoning capabilities beyond isolated models. Foundational
works demonstrated that MAS could facilitate effective role-playing, relationship formation, and
long-term memory in simulated environments (Park et al., 2023; Li et al., 2023). Subsequent research
applied these social dynamics to complex software engineering tasks. While early frameworks like
AutoGen (Wu et al., 2023) enabled agents to collaborate through flexible, conversational flows, later
systems aimed to reduce hallucinations and improve reliability by encoding Standard Operating
Procedures (SOPs) into the agent interactions (Qian et al., 2024; Hong et al., 2024).

More recently, the focus has shifted toward dynamic team construction and adaptive workflows.
AgentVerse (Chen et al., 2024) introduces a “recruitment” mechanism where a lead agent selects
specific experts based on the task instance; it employs an iterative evaluate-refine loop to ensure
consensus and accuracy. Similarly, AgentNet (Yang et al., 2025b) moves beyond fixed interaction
chains by utilizing a dynamic graph topology, where agents can autonomously solve tasks, transfer
responsibility, or decompose problems based on real-time needs. Theoretically, the “Society of
Thoughts” (Kim et al., 2026) paradigm reveals that even single-model reasoning benefits from the
implicit simulation of diverse internal perspectives.

Building on the finding that divergent perspectives improve reasoning, we introduce the Team-of-
Thoughts framework. Unlike prior works that often rely on homogeneous underlying models, our
approach explicitly leverages the divergence inherent in heterogeneous agent models. By dynamically
selecting suitable agents and effectively aggregating their distinct reasoning paths, our framework
facilitates optimal decision-making and execution.

6 CONCLUSION

We propose the Team-of-Thoughts framework, which explicitly leverages the skill diversity of a
group of heterogeneous agent models. By dynamically selecting the most suitable orchestrator and
making skill-dependent tool calls that can be executed in parallel, ToT overcomes the limitations of
fixed-role, sequential multi-agent systems, achieving superior token allocation for each task. Our
analysis and empirical experiment across reasoning and code generation tasks demonstrates that
this approach consistently achieves more efficient cost usage and higher accuracy compared to both
single-model baselines and text-based multi-agent systems. This work highlights a novel paradigm
for enabling heterogeneous models to collaborate effectively, paving the way for future exploration
of multi-round, complex multi-agent tasks.
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A EXPERIMENT SETUP DETAILS

A.1 ADDITIONAL EXPERIMENT SETUP

For reasoning-intensive models, we applied the default ”medium” effort setting, capping the reasoning
token budget at 50% of the maximum generation length to ensure consistent comparisons across all
baselines.

For the LiveCodeBench benchmark, we use the data introduced by the newest released version v6
(i.e. data from 2025/01/01 to 2025/05/01).

In the orchestration agent selection experiment, we judge the performance of the orchestrator by
activating all tool agents. The max generation token is set based on each agent’s cost, ensuring it will
not exceed the cost budgets.

A.2 AGENTVERSE SETUP

We employ GPT-5-Mini (Singh et al., 2025) as the backbone language model of agents in Agent-
Verse (Chen et al., 2024). We use a maximum token limit of 512 for the role assigner agent, and 4,096
for the rest of the agents. For invalid agent outputs, such as invalid role assignments, unparseable
answers, or errors in code, AgentVerse retries generation a limited number of times: 10 times on
math tasks and 1,000 times on coding tasks.

B PERFORMANCE ACROSS THE NUMBER OF ACTIVE TOOL AGENTS
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Figure 3: Comparison of different tool agent-selection methods in AIME2024 and MBPP+, aggre-
gated using GPT-5-mini as the orchestrator. Dashed lines indicate baseline GPT-5-mini performance.

We further analyze how the number of activated tool agents affects aggregation performance. Figure 3
shows that the performance of the three selection methods converges as the number of active tools
increases. On AIME, the performance gap between selection strategies is more pronounced, whereas
on MBPP+ the differences are substantially smaller.

C EXPERIMENT PROMPT

Here is an example of the language model-based tool agent assessment prompts.

Assessment Prompt

Instructions: You will be provided with a series of problems. For each problem, the Subject
Agent has provided an answer. Some are correct, and some are incorrect.
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Part 1: Per-Problem Analysis
For every problem provided, generate a structured audit containing:

1. Taxonomy: Classify the problem type (e.g., Arithmetic, Logical Reasoning, Creative
Writing, Coding) and specific skill required.

2. Performance Verdict: Clearly state [PASS] or [FAIL].
3. Gap Analysis:

• If Correct: Briefly explain why the agent succeeded (e.g., “Good step-by-step
reasoning,” “Robust knowledge retrieval”).

• If Incorrect: Pinpoint exactly where and why the agent failed. Was it a calcula-
tion error? A logic jump? A hallucination? A misunderstanding of constraints?
Compare the Subject’s logic to the Ground Truth.

Part 2: Executive Summary
After analyzing all problems, synthesize a “Model Persona” profile:

1. Core Competencies: List specific categories where the agent consistently succeeds.
2. Blind Spots & Failure Modes: Describe the patterns in the agent’s errors (e.g., “The

agent struggles with negative integers,” or “The agent is verbose but inaccurate”).
3. Final Verdict: A 2-sentence summary of the agent’s reliability.

—
Input Data:

• Problem 1: Question, Subject Agent Answer, Ground Truth/Solution...

• Problem 2: ...repeat for all samples...

—
COMMAND:
Based on the data above, proceed with the Per-Problem Analysis followed by the Executive
Summary.
Reminders:

1. Be Specific: Do not just say “The agent failed.” Identify why (e.g., Logic Error vs.
Calculation Error).

2. Be Critical: Compare the Subject Answer against the Ground Truth rigorously.
3. Format: Use the headers ## Part 1: Per-Problem Analysis and ##

Part 2: Executive Summary.
GENERATE REPORT:
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