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Abstract

Recent advances in large language models (LLMs) and multi-agent systems have demonstrated remarkable
capabilities in complex problem-solving tasks such as deep research, vibe coding, and mathematical
reasoning. However, most existing multi-agent systems are built upon manual prompt/workflow engineering
with sophisticated agent frameworks, making them computationally inefficient, less capable, and can not
benefit from data-centric learning. In this work, we introduce Chain-of-Agents (CoA), a novel paradigm of
LLM reasoning that enables native end-to-end complex problem-solving in the same way as a multi-agent
system (i.e., multi-turn problem solving with multiple tools and multiple agents) within one model. In
chain-of-agents problem-solving, the model dynamically activates different tool agents and role-playing
agents to simulate multi-agent collaboration in an end-to-end fashion. To elicit end-to-end chain-of-agents
problem-solving abilities in LLMs, we introduce a multi-agent distillation framework to distill state-of-
the-art multi-agent systems into chain-of-agents trajectories for agentic supervised fine-tuning. We then
use agentic reinforcement learning on verifiable agentic tasks to further improve the models’ capabilities
on chain-of-agents problem solving. We call the resulting models Agent Foundation Models (AFMs).
Our empirical studies demonstrate that AFM establishes new state-of-the-art performance across diverse
benchmarks in both web agent and code agent settings. We make the entire research, including the model
weights, code for training and evaluation, and the training data, fully open-sourced, which offers a solid
starting point for future research on agent models and agentic RL.
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Figure 1 Performance comparison of AFM with the proposed Chain-of-Action paradigm against state-of-the-art tool-integrated
reasoning (TIR) methods on GAIA, BrowseComp, HLE, and AIME25 benchmarks. AFM demonstrates consistent effectiveness
across web agent and code agent benchmarks.
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1 Introduction

Recent advances in multi-agent systems (MAS) [2, 6, 44, 46, 53, 80–83] have demonstrated remarkable capabilities in
complex problem-solving tasks such as deep research and vibe coding. These multi-agent frameworks enable complex
problem-solving via collaboration between multiple agents with diverse roles and tool sets. Despite their impressive
performance, current multi-agent systems suffer from several crucial limitations: (1) high computational overhead due
to redundant communication between agents and sophisticated work�ow design, (2) challenges in generalizing to new
domains and tasks without substantial recon�guration, i.e., prompt engineering and work�ow engineering [72, 74], (3)
inability to perform data-centric learning so that the performance of multi-agent systems can improve by training on
agentic tasks, and (4) the backbone large language models(LLMs) used in multi-agent systems are generally not trained
to support multi-turn, multi-agent, and multi-tool work�ows and are prompt engineered to do so.

Tool-Integrated Reasoning (TIR) models, a recent line of work, explicitly incorporates tool usage into the reasoning
process [21, 28, 29, 52, 65, 66, 73, 79]. Speci�cally, recent work such as Search-R1 [21] and WebThinker [29]
improved end-to-end information seeking with large language models (LLMs) by training the models to call<search>
at appropriate reasoning steps. The TIR framework makes LLMs support the “think-action-observation” pipeline, which
corresponds to the ReAct [68] framework, in an end-to-end fashion. Recent empirical studies [27, 54, 65] demonstrated
that TIR training signi�cantly improves the performance of ReAct agents compared to those built with general LLMs
via prompt engineering. On the other hand, recent empirical studies on multi-agent frameworks [15, 26, 46, 82] clearly
show the advantage of multi-agent systems on complex problem-solving tasks by supporting more diverse tool sets
and collaboration between multiple role-playing agents, demonstrated by signi�cant performance improvements across
various tasks and benchmarks. However, the current TIR paradigm cannot train LLMs to support multi-agent systems in
an end-to-end fashion.

To bridge this gap, we introduce Chain-of-Agents (CoA), a novel paradigm of LLM reasoning that enables native
end-to-end complex problem-solving in the same way as a multi-agent system. In contrast to conventional TIR methods
that only support a ReAct-like trajectory (i.e., the “think-action-observation” pattern), the CoA paradigm supports almost
any multi-agent system by �exibly de�ning multiple agents corresponding to different tools and roles (de�ned in the
system prompt for CoA) and dynamically activating them to simulate multi-agent collaboration in an end-to-end fashion
within a single model. Compared to conventional MAS, CoA eliminates the need for sophisticated prompt engineering
and work�ow engineering, reducing the computational overhead for inter-agent communication, and supports end-to-end
training. These features make the CoA paradigm more ef�cient and (potentially) more capable compared to conventional
multi-agent systems. We refer to our models that support native Chain-of-Agents problem-solving as “AgentFoundation
Models” (AFMs).

To elicit end-to-end Chain-of-Agents problem-solving abilities in LLMs, we introduce a Chain-of-Agents tuning
framework. Our framework starts with agentic task generation and �ltering following the procedure describe in Shi et al.
[49]. Then we propose a novel multi-agent distillation framework to distil the capabilities of state-of-the-art multi-agent
frameworks such as OAgents [82] into LLMs. Speci�cally, we use a multi-agent system to solve these agentic tasks
and convert the successful trajectories into CoA-compatible ones. We then �ne-tune the LLM with the generated CoA
trajectories to distill the designs and capabilities of any state-of-the-art multi-agent frameworks and enable end-to-end
CoA complex problem solving. We then use agentic reinforcement learning on veri�able agentic tasks to further improve
the models' capabilities for Chain-of-Agents problem solving.

To demonstrate the effectiveness of the Chain-of-Agents paradigm and the Chain-of-Agents tuning framework, we
conduct empirical studies on various agentic tasks and benchmarks, including both web agent and code/mathematical
reasoning agents. Our experimental results demonstrate thatAFM establishes new state-of-the-art performance across
nearly 20 diverse agent benchmarks. Speci�cally, with a 32B model size, AFM achieves new state-of-the-art Pass@1
success rates on various challenging web agent benchmarks:55.3% on GAIA [37], 11.1% on BrowseComp [63],
and18.0% HLE [41]. With code interpreter as the main tool,AFMs achieve47.9% on LiveCodeBench v5 [20] and
32.7% on CodeContests [31], signi�cantly outperforming existing TIR methods. In mathematical reasoning, our model
achieves a59.8% solve rate on the challenging AIME2025 benchmark, leading to an absolute improvement of over
10.5% compared to previous best-performing TIR methods, including ReTool [7] and SimpleTIR [66]. Furthermore, our
analysis reveals thatAFM reduces the inference cost (in terms of token consumption) by84.6% compared to traditional
multi-agent systems while achieving competitive performance.
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In summary, our key contributions include:

• We introduce Chain-of-Agents, a novel paradigm for LLM-based problem-solving that integrates multi-agent
collaboration capabilities within a single model.

• We propose multi-agent distillation, a novel framework to distill the capabilities of state-of-the-art multi-agent
systems into end-to-end agent models, and an agentic RL framework to optimize agent models with RL.

• We train AFMs with the proposed methods and show that AFMs establish new state-of-the-art across multi-hop
question answering, web search, code generation, and mathematical reasoning tasks, demonstrating superior
performance compared to TIR approaches.

• We make the entire research, including the model weights, code for training and evaluation, and the training data,
fully open-sourced, which offers a solid starting point for future research on agent models and agentic RL.

2 Background

Complex task reasoning often requires structured decomposition, specialized capabilities, and external tool integration.
We review three prominent paradigms that motivate our framework:

• ReAct: This framework augments LLMs with structured reasoning by interleavingthoughtsteps� t > T for
planning,actionstepsat >A for tool use, andobservationstepsot >O for outcome processing. The reasoning
trajectory follows:

ˆ � 1; a1; o1; � 2; a2; o2; :::; � T • (1)

where each thought� t conditions on the historyht � � � 1�t � 1; a1�t � 1; o1�t � 1� to determine the next action.

• Multi-Agent Systems: A Multi-Agent System comprises specialized agentsA � ˜ a1; a2; :::; aN • , where each
agentai maintains an internal statest

i > Si and executes a policy� a i � Si � � ˆA i • over its action spaceA i .
Agents communicate via messagesmt

i � j >M to share states and outputs, with state transitions governed by:

st
j � f j ˆst � 1

j ; ˜ mt � 1
i � j • a i >A • (2)

Here,st
j represents agentj 's state at timet, updated based on previous statest � 1

j and incoming messagesmt � 1
i � j

from other agents.

• Tool-Integrated Reasoning: TIR enables a single agent to leverage external toolsT � ˜ t1; t2; :::; tM • by
maintaining a global stateSt and selecting tools via policy� ˆ tk SSt • . After executing tooltk , the agent observes
outcomeot � Oˆ tk ; St • and updates its state:

St � f ˆSt � 1; tk ; ot � 1• (3)

whereSt denotes the reasoning state,tk represents the selected tool, andot captures tool execution outcomes.

3 Method

3.1 Chain-of-Agents Paradigm

We propose the CoA framework to tackle complex queries via dynamic module orchestration within a uni�ed model
M � . Given a queryq such as "Summarize recent AI breakthroughs", CoA consists of two core components:

Role-playing Agents: High-level reasoning and coordination agents:

• Thinking Agent: Orchestrates the reasoning pipeline by activating specialized agents and maintaining solution
state coherence

• Plan Agent: Decomposesq into structured task sequences`� search; � crawl; : : :e

• Re�ection Agent: Conducts self-critique through knowledge fusion and inconsistency resolution

• Veri�cation Agent: Validates reasoning integrity against formal correctness criteria
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Figure 2 Illustration of TIR and CoA paradigms. TIR uses a static “Think-Action-Observation” work�ow whereas CoA supports
any work�ow that can be modeled by a multi-agent system, supporting more diverse role-playing agents and tool agents.

Tool Agents: Domain-speci�c execution agents including:

• Search Agent: Formulates optimized queries (e.g., "2024 AI breakthroughs") with source prioritization

• Crawl Agent: Performs parallel content extraction and technical detail parsing

• Code Generate Agent: Generates and executes code snippets within sandbox environments

As illustrated in Figure 2, unlike Tool-Integrated Reasoning, the CoA paradigm orchestrates multi-agent collaboration
within a single decoding (inference) process: theThinking Agentdynamically coordinates this ecosystem through state
transitions:

St � f � ˆSt � 1; � t � 1; ot � 1• ; � t � Pˆ � SSt • (4)

whereSt maintains persistent reasoning state, and� t >˜ � think; � plan; � search; : : :• denotes activated roles.

compared to contentional TIR's rigid pipelines, CoA achieves adaptive, dynamic multi-agent collaborative problem-
solving via dynamic agent orchestration within a uni�ed model, enabling ef�cient and coherent problem-solving. This
corresponds to the advantages of multi-agent systems upon ReAcT agents, which is demonstrated in various previous
empirical studies [82].

On the other hand, when compared with popular multi-agent systems built with agent frameworks and work�ow/prompt
engineering, our Chain-of-Agents paradigm maintains contextual continuity within multi-agent orchestration and
collaboration. It is also more computationally ef�cient because much token consumption for intra-agents communication
in traditional multi-agent systems is alleviated. By modeling multi-agent collaboration within a single model, CoA
can be directly optimized by training the model with both supervised training and reinforcement learning, whereas the
LLM backbones in agent frameworks are static and cannot be directly optimized for agentic use in most cases. Table 1
presents a comparison between AFM and other agentic problem-solving paradigms.

3.2 Agentic Supervised Fine-tuning

3.2.1 Training Data Generation

Multi-Agent Knowledge Distillation. Our approach leverages agent-level knowledge distillation to transfer capabilities
from state-of-the-art multi-agent systems into chain-of-agents trajectories. This method extends sequence-level knowl-
edge distillation principles [24] to the multi-agent domain, where we distill the sequential decision-making patterns of
expert multi-agent systems rather than word-level distributions.

Table 1 Comparative analysis of agent paradigms.

Paradigm Tool Integration End-to-end Execution Multi-agent Collaboration Data-centric Optimization

ReAct 3 7 7 7
Multi-Agent System 3 7 3 7
Tool-Integrated Reasoning 3 3 7 3
Chain-of-Agents 3 3 3 3
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Figure 3 Illustration of the proposed multi-agent distillation framework, which synthesizes Chain-of-Agents trajectories with
state-of-the-art multi-agent systems such as OAgents [82]

In sequence-level knowledge distillation, a teacher model's entire sequence distribution is transferred to a student model.
Similarly, our agent-level distillation captures the complete execution trajectory of a multi-agent system, preserving the
sequential reasoning patterns and agent activation sequences that lead to successful task completion.

Given a multi-agent system, we extract chain-of-agents trajectories by monitoring its execution process. Each agent
interaction is recorded as a step in the trajectory, formalized as:

� � ˜ˆ St ; � t ; ot ••
T
t � 1 (5)

whereSt > S represents the reasoning state,� t � Pˆ � SSt • denotes the activated agent, andot captures the agent's
observation.

In this work, we use OAgents [82], the state-of-the-art open-source multiagent system to extract trajectories by recording
each agent's activation, reasoning state, and output in sequence. When OAgents executes a task, we monitor the agent
selection process, capture the reasoning state before each agent acts, and record the agent's output. This transforms
OAgents' mutli-agent collaboration procedure into a CoA-like trajectory suitable for agentic supervised �ne-tuning.

The trajectory construction follows an iterative re�nement cycle:

St � � ˆSt � 1; ot � 1• ; at � � ˆ �SSt • ; ot � � ˆat • (6)

where� denotes the state transition function,� the action policy, and� the agent execution environment. This
formulation captures the distillation of multi-agent system interactions into a structured sequence of agents. The
resulting trajectories, consisting of these agent sequences, are constructed into CoA distillation datasets speci�cally
designed for AFM training (see Appendix C for detailed examples of CoA distillation trajectories).

Progressive Quality Filtering. Given the variability in trajectory quality across different data sources, we implement a
progressive progressive �ltering mechanism to ensure that only high-quality, non-trivial samples are used for SFT. We
formulate four-stage �ltering processes:

(1) Complexity �ltering: Trajectories with@5 total agent-tool interactions are excluded to eliminate overly simplistic
tasks.

(2) Quality �ltering: "Dirty data" is removed, including instances with incorrect answers, redundant tool inputs, or
failure to strictly follow instructions (validated via prompting, even for otherwise correct answers). The correctness
of QA and search tasks is evaluated using large language models, as documented in [76]. In contrast, the validity of
code-related tasks is determined by whether the generated code successfully passes all test cases. For mathematical
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Figure 4 Overview of the training framework. (I) The SFT stage utilizes reformatted ReAct data with both short and long chains of
thought for cold start. (II) The RL stage performs tool-aware rollouts on unused QA pairs and optimizes the policy.

reasoning tasks, correctness is assessed through a direct comparison between the generated answers and the prede�ned
golden answers.

(3) Re�ection enrichment: Trajectories lacking re�ection mechanisms (e.g., self-re�ection, self-re�nement) are down-
sampled to prioritize instances modeling self-critical reasoning. Note that for math or code tasks, we drop trajectories
without re�ection mechanisms.

(4) Error-correction trajectory upsampling: For search or QA tasks, trajectories where the<double_check>agent
initially yields low credibility scores (assessed via GRM [33] credibility metrics) but ultimately achieves correct answers
through iterative re-reasoning are upsampled. This prioritizes samples that demonstrate the ability to identify and rectify
initial errors, enhancing the dataset's focus on robust error-correction capabilities.

The resulting corpus is distinguished by three key traits:

(1) All trajectories necessitatemulti-tool collaborative coordination, embodying complex functional interdependencies
that demand advanced planning and execution capabilities;

(2) Reasoning chains span 5–20 hops, signi�cantly surpassing the 2–3 hop range typical of standard benchmarks
[14, 42, 58];

(3) It is enriched with high-quality re�ective trajectories—particularly those featuring iterative error correction.

Based on the aforementioned �ltering criteria, we formulate the SFT training trajectories into the following format:

<think> Ccot </think><tools> � m ˆ � p• </tools><observation> Ot </observation><reflection> F t </reflection>...<answer> A t </answer>

whereCcot denotes chain-of-thought rationales,� m the tool action,F t denotes the re�ection or reasoning over the
observation for subsequent decision-making, andOt tool observations. The training objective minimizes:

L SFT � � Q
t ¶O

log� � ˆ � t S� @t ; q• (7)

with observation masking (O) to prevent environmental noise propagation. This establishes robust cold start for
downstream RL. The overall training framework is illustrated in Figure 4.
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3.3 Agentic Reinforcement Learning

3.3.1 Data Sampling for RL Training

Given the heterogeneous quality distribution across our integrated diverse data sources, we implement a multi-stage
�ltering protocol to ensure query quality. This curation strategy addresses data variance through quality �lter and
strategic sampling for web agent and only quality �lter for code agent.

Quality filter for Web Agent. We employQwen-2.5-72B-Instruct [45] to evaluate question solvability without tool
assistance. For each queryq in the QA dataset:

r q �
1
N

N

Q
i � 1

I � EMˆai ; ygt• � 1� (8)

whereN � 32 is the number of model predictions,ai denotes thei -th prediction,ygt represents the ground truth,
andEMˆ�• computes the exact match score between two inputs. This pass rater q quanti�es parametric knowledge
contamination risk. Queries withr q A0:3 are excluded as they either represent: 1) Trivially solvable cases requiring
no tool usage, or 2) Highly contaminated samples vulnerable to parametric recall. This threshold ensures genuine tool
engagement.

Strategic sampling. We adopt a randomly selecting strategy to sample queries from the remaining challenging ones
(with r q B0:3), which are ultimately used for RL training:

QRL � ˜ qj Sr qj B0:3• j � 1 (9)

The sampled subset, which is excluded from the SFT dataset, forms the �nal RL dataset. This composition focuses
on queries where tool-based reasoning offers substantial value. By design, the strategic sampling ensures that the RL
training emphasizes challenging cases in which effective tool coordination is critical, while reducing the in�uence of
trivial or potentially unuseful samples.

Quality filter for Code Agent. For the Code Agent, we likewise perform quality �ltering to eliminate overly simplistic
queries and thereby accelerate training ef�ciency. Concretely, a �ne-tuned 7B AFM model is used to sample each
query 8 times. Any query that is solved correctly in all 8 trials is deemed insuf�ciently challenging and consequently
discarded.

3.3.2 Reward Function Design

The reinforcement learning stage re�nes the agent's policy for multi-tool orchestration using outcome-driven rewards.
Building upon SFT initialization, we optimize for long-term task success through environment feedback, enhancing
strategic tool usage and adaptive reasoning in dynamic interactions.

Web Agent Reward Function. Reward signals are critical for shaping RL dynamics in open-ended web agent tasks.
Our framework adopts a streamlined design, built on two key considerations: Format consistency is inherently ensured
through high-quality supervised �ne-tuning and effective cold-start, obviating the need for explicit format validation
rewards (e.g., priorscoreformat ). For evaluating answer correctness, traditional rule-based metrics (F1, EM) fail to
capture the nuance of diverse valid outputs in open-ended tasks. Instead, we use LLM-as-Judge[76], where judge model
M j provides binary assessments. Our reward function is:

R web̂ � • � scoreanswer (10)

wherescoreanswer>˜ 0; 1• is 1 if M j judges the �nal prediction correct. This design prioritizes core correctness, avoids
instability from fragmented rewards, mitigates reward hacking via binary signals, and enables �exible evaluation of
diverse outputs through LLM judgment.

8



Code Agent Reward Function. For programming and mathematical reasoning, we employ a reward function that
re�ects both answer correctness and the format correctness. The reward is de�ned as:

R codê � • � scoreanswer� scoreformat (11)

wherescoreanswer>˜ 0; 1• re�ects answer correctness. For code generation tasks, the solutions are executed in a secure
sandbox and must pass all test cases. For mathematical tasks, the answers are evaluated with Math-Verify1. And
scoreformat >˜ 0; 1• denotes whether each call ofCode agentis in the format of<code>\ǹ `` py\n... ``` \n</code>
Only outputs that both comply with format expectations and pass semantic veri�cation receive full reward (score� 1).

4 Experiments

4.1 Web Agent Experiments

4.1.1 Experimental Setup

Training Dataset. For the sake of comparing different baselines, we train and evaluate different models by constructing
two types of datasets, which take into account variations in task types and dif�culty levels.

(1) MHQA Dataset Construction: In the SFT stage of the MHQA task, we sample a set of question-answer pairs from
the NQ [25] and HotpotQA [67] datasets. From Section 3.2.1, we generate about 8.8k training data by applying the
trajectory synthesis and quality-�ltering pipeline. For the RL stage, we adopt the same dataset setting as Search-R1 [21],
using the full set of NQ [25] and HotpotQA [67] datasets.

(2) Web Agent Dataset Construction: We construct a comprehensive Web Agent dataset through systematic integration
of synthetic and �ltered real-world sources. The dataset draws from two primary sources, both re�ned through rigorous
�ltering processes to ensure complexity and quality:

• Generated Agentic Datasets.The �rst part of agentic search data used for trainingAFM for web agent tasks
is generated with an autonomous agentic task generation pipeline as described in Shi et al.[49]. Speci�cally,
starting with unlabeled corpora (e.g., PDF documents, HTML pages) aligned with tool input requirements, we
�rst generate atomic tasks: for each input text segment, we extract an initial task and derive corresponding textual
content via tool execution. To enhance task complexity, we apply two extension strategies: Depth-based extension:
Constructing multi-step tasks requiring sequential tool executions, where each step's output directly informs the
next; Width-based extension: Generating tasks that must be decomposed into parallel subtasks, each requiring
independent tool usage to solve the original problem collectively.

• Filtered Real-World QA Datasets. The second source consists of �ltered single-hop and multi-hop QA data from
established benchmarks, including NQ [25], TQ [23], and HotpotQA [67], among others. These datasets are
processed to align with the demands of complex web agent scenarios.

Table 2 MHQA Dataset Composition.

Source NQ HotpotQA Total

SFT Phase

Filtered Size 1717 7109 8826
Avg. Hops 3.43 4.57 4.35

RL Phase

Filtered Size 79168 90447 169615

Table 3 Web Agent Dataset Composition.

Source Generated Filtered Total

SFT Phase

Filtered Size 3062 4545 7607
Avg. Hops 6.76 7.65 7.29

RL Phase

Filtered Size 3159 7268 10427

We have curated a total of16433 high-quality trajectories for supervised �ne-tuning (SFT), comprising8826 trajectories
from the MHQA Dataset and7607 trajectories from the Web Agent Dataset. A key characteristic of these trajectories is
their extended reasoning chains, spanning 5–20 hops (with each agent interaction counted as one hop)—a signi�cant
advancement over the shorter 2–3 hop ranges typical in prior benchmarks.

1https://github.com/huggingface/Math-Verify
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Additionally, the reinforcement learning (RL) data for our experiments is sourced from open channels: the MHQA
Dataset uses169615 instances, following the setup in [21], while the Web Agent Dataset incorporates10427 instances.

The following tables present detailed statistics on the dataset composition, trajectory characteristics, and quality metrics.
These detailed statistics demonstrate our dataset's comprehensive coverage of complex tool-use behaviors, enabling
effective distillation of sophisticated reasoning patterns into foundation models.

Benchmarks. We evaluate our approach on both single-hop QA and multi-hop QA datasets, following prior works [73,
79]. The single-hop evaluation comprises 22328 examples from NQ, TQ and HotpotQA, while the multi-hop evaluation
uses 29385 examples from TriviaQA, 2Wiki, MuSiQue [58], Bamboogle [42], and PopQA [36], which exhibit diverse
question formulations and information distributions. To assess performance on complex information retrieval tasks, we
further evaluate on three specialized benchmarks: GAIA [37] (103 text-only examples for fair comparison with [29, 65]),
BrowseComp [63], and HLE [41]. These benchmarks collectively enable systematic assessment across diverse task
typologies and complexity levels.

Table 4 General retrieval dataset speci�cations.

Dataset Category Domain Focus Size

NQ [25]
Single-Hop QA

Open-domain 3610
TQ [23] History/Culture 11313
HotpotQA [67] Multi-domain 7405

PopQA [36]

Multi-Hop QA

Popular culture 14267
2Wiki [14] Wikipedia-based 12576
Musique [58] Compositional QA 2417
Bamboogle [42] Counterfactual 125

• Single-Hop QA: The single-hop benchmark consists of 11,015 examples: 3,610 from NQ, 11313 from TQ and
7405 from HotpotQA.

• Multi-Hop QA: The out-of-domain set comprises 29385 examples: 14267 from PopQA, 12576 from 2Wiki, 2417
from Musique, and 125 from Bamboogle.

Table 5 Complex task dataset speci�cations.

Dataset Task Focus Evaluation Set

GAIA [37] Multi-step reasoning & tool orchestration 103
BrowseComp [63] Advanced web navigation & information extraction 1,266
HLE [41] Frontier academic problem-solving 500

• GAIA [37] is a benchmark for General AI Assistants that evaluates multi-step reasoning and tool-use pro�ciency
through real-world questions. While conceptually simple for humans (92% solve rate), these questions are
challenging for AI systems. We use its text-only subset (103 validation samples) to ensure fair comparison with
prior work [29, 65], requiring fundamental abilities including web browsing and tool orchestration.

• BrowseComp [63] assesses advanced web navigation capabilities through deliberately obscure yet veri�able
questions. It requires persistent, creative search strategies to locate hard-to-�nd information that cannot be
discovered via simple queries or brute-force methods, with veri�cation through short, factual answers. We
evaluate on the full benchmark (1,266 examples).

• HLE [41] is a frontier academic benchmark at the limits of human knowledge, featuring 2,500 multi-modal
questions across mathematics, humanities, and natural sciences. These questions require expert-level reasoning
and cannot be resolved through simple internet retrieval. For methodological consistency, we evaluate exclusively
on its text-only subset (500 samples), which exposes signi�cant capability gaps in state-of-the-art systems.
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Table 6 Main results on 7 Multi-hop Question Answering (MHQA) benchmarks, with Qwen-2.5 family models serving as the
default backbone unless otherwise noted.

Method Backbone
Single-Hop QA Multi-Hop QA

Avg.
NQ TriviaQA PopQA HotpotQA 2Wiki MuSiQue Bamboogle

Model Inference

Qwen2.5-3B-Instruct - 10.6 14.9 28.8 10.8 24.4 2 2.4 13.4
Qwen2.5-7B-Instruct - 11.6 35.6 1.2 16.4 22.2 4.8 14.4 15.2

Tool-integrated Methods

Search-R1

Qwen2.5-3B-base

40.6 58.7 43.5 28.4 27.3 4.9 8.8 30.3
ZeroSearch 43.0 61.6 41.4 33.8 34.6 13.0 13.9 34.5
StepSearch - - - 32.9 33.9 18.1 32.8 -
AFM-SFT 37.5 57.6 40.4 42.4 41.0 18.7 40.0 39.7
AFM-RL 39.3 58.2 42.4 41.1 43.4 19.0 45.6 41.3

Search-R1

Qwen2.5-3B-instruct

34.1 54.5 37.8 32.4 31.9 10.3 26.4 32.5
ZeroSearch 41.4 57.4 44.8 27.4 30.0 9.8 11.1 31.7
O2-Searcher 44.4 59.7 38.8 42.9 37.4 16.0 34.4 39.1
StepSearch - - - 34.5 32.0 17.4 34.4 -
AFM-SFT 36.0 56.4 39.7 42.0 41.1 19.0 44.8 39.9
AFM-RL 41.9 57.7 38.0 41.9 43.9 18.9 43.2 40.8

Search-R1

Qwen2.5-7B-base

48.0 63.8 45.7 43.3 38.2 19.6 43.2 43.1
ZeroSearch 42.4 63.5 51.7 32.0 34.0 18.0 33.3 41.0
ReSearch - - - 40.6 44.7 21.7 43.2 -
StepSearch - - - 38.0 38.5 21.6 46.7 -
AFM-SFT 38.8 59.7 39.5 45.0 47.9 21.5 48.8 43.0
AFM-RL 45.7 64.3 45.9 45.6 45.9 20.2 48.8 45.2

Search-o1

Qwen2.5-7B-instruct

19.4 40.6 11.4 17.0 27.0 8.6 30.4 22.1
Search-R1 39.3 61.0 39.7 37.0 41.4 14.6 36.8 38.5
ZeroSearch 43.6 61.8 51.5 34.6 35.2 18.4 27.8 39.1
ReSearch - - - 43.5 47.6 22.3 42.4 -
StepSearch - - - 38.6 36.6 22.6 40.0 -
ReasonRAG - - 41.5 38.4 43.6 12.8 36.0 -
AFM-SFT 39.8 59.6 39.3 38.8 50.7 19.5 44.4 41.7
AFM-RL 43.9 63.3 46.5 43.9 49.2 22.3 49.6 45.5

Metrics. Model performance is evaluated using the LLM-as-Judge method, with Qwen-2.5-72B serving as the
judge [52, 65, 76]. The judge provides binary correctness assessments for each prediction, yielding accuracy scores per
dataset. The standardized judging prompt is detailed in Appendix D.4.

Implementation Details. Our experimental framework is implemented using theQwen-2.5model family as the back-
bone architecture. Speci�cally, we evaluate theQwen2.5-3B-Instruct , 7B-Instruct , and32B-Instruct variants [45]
to analyze performance across different model scales. All models are con�gured with a maximum sequence length of
32768 tokens to support complex reasoning chains and the integration of lengthy retrieved content. During inference,
we set the generation temperature to 1.0, the top-p sampling threshold to 0.9, and the top-k sampling parameter to 20.

For SFT, we use a batch size of 256 for 2.5 epochs with a learning rate of 1.4e-5 and AdamW optimizer with cosine decay.
The �ne-tuning procedure is implemented using the LLaMA-Factory framework [77]. Following established practice
in prior work [21, 52], we mask external tool call outputs during �ne-tuning to preserve the integrity of the learning
process by excluding extraneous external knowledge. RL stage employs Decoupled Clip and Dynamic Sampling Policy
Optimization (DAPO) [69] with the following protocol: Each training iteration processes 64 prompts, generating 8
rollouts per prompt through environment interaction. Each rollout permits up to 24 steps and 32k tokens followed by
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�nal answer generation. We use the VeRL framework [48] for DAPO training.

Table 7 Results on agentic benchmarks including GAIA, WebWalker, BrowseComp and HLE. We port Pass@1 metric for all tasks.
Gray-highlighted values represent our reproduced results.

Method Backbone
GAIA WebWalker BrowseComp HLE

Level 1 Level 2 Level 3 Avg. Avg. Avg. Avg.

Model Inference

Qwen2.5-32B-Instruct - 12.8 3.8 0.0 6.8 3.1 0.6 5.4
QwQ-32B - 30.8 15.4 25.0 22.3 4.3 0.5 9.6
Deepseek-R1-671B - 43.6 26.9 8.3 31.1 10.0 2.0 8.6

Agent Frameworks

OWL
GPT-4.1

71.0 50.0 28.6 53.6 10.2 - 6.4
OAgents 66.7 57.7 33.3 58.3 - 13.7 20.2

DeepResearch - 74.3 69.1 47.6 67.4 - 51.5 26.6

Tool-integrated Methods

R1-Searcher

Qwen-2.5-7B-Instruct

28.2 19.2 8.3 20.4 - - -
WebDancer 41.0 30.7 0 31.0 36.0 - -
WebSailor - - - 37.9 - 6.7 -
AFM-SFT 36.5 33.3 16.7 34.0 - - -
AFM-RL 53.8 32.7 33.3 40.8 55.6 5.8 15.6

Search-o1

QwQ-32B

53.8 34.6 16.7 39.8 34.1 - 10.8
WebThinker-Base 53.8 44.2 16.7 44.7 41.9 - 13.0
WebThinker-RL 56.4 50.0 16.7 48.5 46.5 2.8 15.8
SimpleDeepSearcher - - - 50.5 - - -
WebDancer 61.5 50.0 25.0 51.5 47.9 3.8 7.2
WebShaper 69.2 50.0 16.6 53.3 49.7 - -

Search-o1

Qwen-2.5-32B-Instruct

33.3 25.0 0.0 28.2 - - -
WebDancer 46.1 44.2 8.3 40.7 38.4 - -
SimpleDeepSearcher - - - 40.8 - - -
WebShaper 61.5 53.8 16.6 52.4 51.4 - -
WebSailor - - - 53.2 - 10.5 -
AFM-SFT 56.4 51.9 25.0 50.5 61.5 10.0 16.3
AFM-RL 69.2 50.0 33.3 55.3 63.0 11.1 18.0

Baselines. We conduct comprehensive comparisons against state-of-the-art methods to evaluate our approach across
two evaluation datasets.

Multi-hop Question Answering Baselines.We compare against two categories of methods on MHQA benchmarks:

• Direct Inference: We evaluate against baseline LLMs that rely on their internal knowledge for question answering,
including Qwen2.5-3B-Instruct and Qwen2.5-7B-Instruct [45]. These models serve as the backbone model for
AFM and have demonstrated excellent performance across various established benchmarks.

• Tool-integrated Framework: We systematically evaluate a suite of tool-augmented methods, including Search-
o1 [28], Search-R1 [21], ZeroSearch [51], ReSearch [3], StepSearch [60], and ReasonRAG [75].

Complex Web Tasks Baselines.For GAIA, WebWalker, BrowseComp, and HLE benchmarks, we compare against:

• Direct Inference: For complex web tasks, we evaluate against more advanced baseline LLMs, including Qwen2.5-
32B-Instruct [45], QwQ-32B [55], and Deepseek-R1-671B [9].
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• Agent Framework: We additionally compare against two SOTA agent frameworks: OAgents [82] and OWL [15],
which are widely recognized for their strong performance in web agent tasks.

• Tool-integrated Frameworks: We compare against specialized web agents including: Search-o1 [21], R1-
Searcher [50], WebThinker [29], SimpleDeepSearcher [52], WebDancer [65], WebSailor [27], and WebShaper [54].

All baselines utilize publicly available implementations with performance reported for their optimal con�gurations.
To ensure fair comparison while isolating architectural contributions, we use the same backbone models (Qwen-2.5-
7B/32B-Instruct or QwQ-32B) across all methods where applicable.

4.1.2 Experimental Results

MHQA Performance. From Table 6, empirical results demonstrate thatAFM achieves strong performance across
both single-hop and multi-hop test sets of the MHQA benchmark against comparably-sized models, with consistent
effectiveness observed across models of varying sizes compared to other approaches. Speci�cally, our AFM-SFT
demonstrates exceptional performance, having surpassed the previous state-of-the-art methods. This validates the
effectiveness of multi-agent distillation in transferring collaborative intelligence. Notably, our AFM-RL, after strategy
optimization, has established a state-of-the-art in average performance across 7 datasets. When evaluated on models of
the same size and type, our framework achieves 41.3% (Qwen-2.5-3B-base), 40.8% (Qwen-2.5-3B-instruct), 45.2%
(Qwen-2.5-7B-base), and 45.5% (Qwen-2.5-7B-instruct), respectively. Compared to the previous best methods, these
represent improvements of 6.8%, 1.7%, 2.1%, and 6.4%, respectively. A key �nding is the exceptional generalization
capability of our framework. Despite being trained solely on NQ and HotpotQA, our models achieve even more
signi�cant performance gains on the unseen validation and test sets of other multi-hop QA datasets. This outperformance
is a direct result of our framework's core strengths: advanced task decomposition and effective tool utilization, which
are critical for solving complex, multi-step reasoning problems.

Complex Web Tasks Performance. From Table 7, empirical results demonstrate thatAFM establishes a new state-
of-the-art on knowledge-intensive complex tasks. With the Qwen-2.5-32B-Instruct backbone, it achieves a new
state-of-the-art (among the same model size) average success rate of55.3% on the GAIA benchmark. This represents a
signi�cant 2.1% improvement over WebSailor, with even greater gains of3.8% relative to the RL-enhanced WebDancer
model (which scores 51.5 on GAIA with the QwQ-32B backbone, which is stronger than the backbone for AFMs).
AFM also achieves a new state-of-the-art among 32B models on BrowseComp with a success rate of11.1%. On the
WebWalker benchmark,AFM's 63.0% average accuracy substantially exceeds WebThinker-RL (46.5%), WebDancer
(47.9%), and WebShaper (51.4%) demonstrating its problem-solving capabilities in dynamic web environments. AFM
also achieves18.0% on the challenging HLE benchmark, outperforming strong baselines including WebThinker-RL
(15.8%) and WebDancer (7.2%).

Table 8 SFT performance comparison of 32B models (all using
Qwen2.5-32B-Instruct as backbone) across GAIA, WebWalker,
and BrowseComp.

Method GAIA WebWalker Browsecomp

WebSailor 46.6 - 7.2
WebDancer 35.0 - -
WebShaper 44.6 44.6 -

AFM-SFT-32B 50.5 61.5 10.0

Moreover, our method enables models across different
scales to achieve impressive performance, even compar-
ing favorably with GPT-4.1-based Multi-Agent Systems
and state-of-the-art reasoning models. With the Qwen2.5-
32B-Instruct backbone,AFM attains a GAIA score of
55.3%, approaching the performance of GPT-4.1 based
systems like OWL (55.8%) and OAgents (58.3%). Be-
sides, in HLE, it reaches18.0%—surpassing not only
OWL's GPT-4.1 based result of12.6% but also outper-
forming leading reasoning models such as DeepSeek-R1
(8.6%) and QwQ-32B (9.6%). Even with the smaller
Qwen-2.5-7B-Instruct backbone,AFM maintains excep-
tional performance, achieving a HLE score of15.6%—a
result that is only 0.2% lower than the 15.8% attained by WebThinker-RL with the QwQ-32B backbone. Notably,
this 7B model's performance even surpasses that of other 32B tool-integrated methods across different benchmarks,
further validating the effectiveness of the Chain-of-Agents paradigm for agentic problem-solving and our multi-agent
distillation framework in transferring collaborative intelligence robustly across model scales.

Speci�cally, Table 8 presents a direct comparison of SFT performance across 32B models, highlighting the advantages of
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our approach. With the Qwen2.5-32B-Instruct backbone,AFM-SFT achieves a GAIA score of50.5%—outperforming
WebSailor-SFT-32B (46.6%), WebDancer-SFT-32B (35.0%), and WebShape-SFT-32B (44.6%) by notable margins. The
superiority ofAFM-SFT extends beyond GAIA: on WebWalker, it reaches61.5%—a substantial lead over WebShape-
SFT-32B (44.6%), the only other model with reported results on this benchmark. On BrowseComp,AFM-SFT scores
10.0%, surpassing WebSailor-SFT-32B (7.2%) to claim the top position among compared methods. These consistent
performance gains across benchmarks directly validate the effectiveness of our proposed multi-agent distillation
framework, which enhances SFT outcomes by distilling high-quality collaborative reasoning patterns into the model.

These �ndings demonstrate thatAFM effectively resolves the Tool Coordination Dilemma by enabling bidirectional
interaction between search and code tools, as re�ected in its superior performance across multi-level GAIA tasks.
Furthermore, the framework overcomes the Multi-Agent Transfer Dilemma by distilling distributed collaboration
patterns into a single foundation model, as indicated by its leading results in knowledge-intensive scenarios.

4.2 Code Agent Experiments

4.2.1 Experimental Setup

Training Dataset. Our code agent training dataset is assembled by unifying several publicly-available datasets spanning
both code generation and mathematical reasoning problems. Speci�cally, we draw from

• Pure code tasks: LiveCodeBench v1–v3 [20] and CodeForces [40].

• Pure math tasks: Retool-SFT [7] and DAPO-Math [69].

• Mixed code & math tasks: Skywork-OR1-RL-Data [13].

These sources are selected because they areverifiable : every code problem carries an average ofC 50 test cases,
and proof-based math problems are discarded. The dataset is alsodiverse andchallenging , spanning common to
contest-level programming problems, high-school to Olympiad mathematics problems.

For SFT stage, we take the full splits of LiveCodeBench v1–v3, Retool-SFT, and Skywork-OR1-RL-Data, and the
veri�able-prompts split of CodeForces. After applying the trajectory synthesis and quality-�ltering pipeline (Sec-
tion 3.2.1), we retain about 47 k reasoning traces whose �nal answers pass all unit tests or numerical veri�cations.

For RL stage, we use LiveCodeBench v1–v3, Skywork-OR1-RL-Data, and DAPO-Math[69]. Skywork-OR1-RL-Data
contains more than 100 k math problems—far exceeding the size of the code generation dataset—so we discard questions
that even a DeepSeek-distill-Qwen-7B model fails on all 16 samples (as tagged in the original release). The remaining
Skywork-OR1-RL-Data math dataset contains 35 k math problems. Then we apply the quality �lter as mentioned
in Section 3.3.1 eliminate overly simplistic queries. Notebly, we intentionally do not deduplicate prompts between the
SFT and RL sets; instead we rely on the DAPO algorithm's implicit dif�culty-based �ltering during RL to prevent
over-training on already-mastered tasks.

The statistical results of the �nal SFT and RL datasets are presented in Table 9. Here, "Avg. Hops" denotes the average
number of agent invocations per sample in the SFT dataset.

Table 9 Code Agent Dataset Composition

Source LCB v1-v3 CodeForces Sky-Code ReTool Sky-Math DAPO-MATH Total

SFT Phase

Filtered Size 443 2695 10339 1112 45350 - 59929
Avg. Hops 9.1 9.4 8.3 8.0 6.5 - 7.0

RL Phase

Filtered Size 392 - 10033 - 23766 13369 47560

Benchmarks. As shown in Table 10, we evaluate the code agent on two types of benchmarks: mathematical reasoning
benchmarks and code generation benchmarks. The former includes two benchmarks at the level of competition pro-
gramming problems: CodeContests[31] and LiveCodeBench v4-v5 [20]; the latter adopt �ve mathematical competition
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benchmarks that cover dif�culty levels from intermediate-level math competition problems to Olympiad-level ones:
AIME24 [38], AIME25 [39], MATH500 [32], OlympiadBench [12], and AMC23. Detailed information about these
evaluation benchmarks are as folows:

• AIME24 [38] and AIME25 [38]: Curated from the 2024 and 2025 American Invitational Mathematics Exam-
ination, these datasets encapsulate 30 authentic, competition-grade problems whose depth surpasses that of
mainstream high-school contests, thereby furnishing a rigorous test-bed for advanced mathematical reasoning.

• MATH500 [32]: A strati�ed sample of 500 problems drawn from OpenAI's PRM800K corpus. The selection
spans a broad spectrum of mathematical domains and dif�culty strata, ensuring comprehensive coverage of typical
challenge archetypes.

• AMC23: Comprising problems released in the 2023 American Mathematics Competitions, this benchmark
interrogates models across algebra, geometry, combinatorics and number theory. The tasks are moderately
dif�cult yet non-routine, demanding multi-step symbolic manipulation and creative insight rather than mechanical
computation. Consequently, AMC'23 serves as an effective gauge of a system's end-to-end reasoning capacity
within the scope of standard high-school competitions.

• OlympiadBench [11]: A rigorously curated collection of problems transcribed from premier high-school
Olympiads in mathematics and physics (e.g., IMO Shortlist, AIME, PUPC, and national contests). For our
evaluation we retain the English, text-only mathematics subset—674 problems in total—thereby preserving
Olympiad-level rigor while obviating multimodal dependencies.

• LiveCodeBench (v4–v5) [20] is a dynamic and contamination-free benchmark dataset speci�cally designed to
assess the coding capabilities LLMs. Its primary goal is to offer a realistic programming evaluation setting while
mitigating issues such as data leakage and over�tting that commonly affect static benchmarks. In our evaluation,
we adopt versions v4 and v5, which include problems released between August 2024 and January 2025.

• CodeContests [31]: The CodeContests dataset is constructed by Google DeepMind for the development of the
AlphaCode model. The corpus is sourced from public competitions hosted on several major online programming
platforms. The selected evaluation subset comprises 165 problems, each accompanied by multiple sets of test
cases. The dif�culty of the problems ranges from beginner level to advanced competition grade.

Table 10 Mathematical reasoning and code generation benchmarks

Dataset Task Types Evaluation Set Size

LiveCodeBench (v4–v5) [20] Contest-level Programming 268
CodeContests [31] Contest-level Programming 165

AIME24 [38] Advanced Mathematics 30
AIME25 [39] Advanced Mathematics 30
MATH500 [32] General Mathematics 500
AMC23 High-school Mathematics 40
OlympiadBench [11] Olympiad Mathematics 674

Metrics. For code generation tasks, the test sets provide prede�ned test cases. The �nal generated code is executed in a
sandbox environment, and a task is considered successfully solved only if all test cases are passed. Model performance is
evaluated based on thepass@1rate on each test set. In mathematical reasoning tasks where each question is associated
with a ground-truth answer, Math-Verify is utilized for robust answer extraction and correctness assessment. Owing to
the limited sample sizes of AMC23, AIME24, and AIME25, pass@1 estimates exhibit high variance. To attenuate this
stochasticity, we report the mean pass@1 over 16 independently drawn samples (avg@16) as the primary metric for
these datasets, whereas standard pass@1 is retained for all remaining benchmarks.

Implementation Details. Our code agent utilizesQwen2.5-Coder-7B-Instruct andQwen2.5-Coder-32B-Instruct
models as backbones [17]. SFT is performed for 2 epochs, with a batch size of 32 employed for the 7B model and a
batch size of 64 utilized for the 32B model. Optimization is driven by the AdamW optimizer [34]; the initial learning
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rate is 3e-5 for the 7B model and 1.4e-5 for the 32B model, both scheduled with a linear warm-up of 10% steps followed
by cosine decay. In accordance with prior work [7], we mask the loss of external tool–call outputs, thereby preventing
gradient updates from sandbox feedback. The RL stage leverages the VeRL [48] framework. We adopt the DAPO
algorithm [69], con�gured with 8 rollouts per prompt and an overlong buffer set to 1/8 of the maximum response
length. To improve sample ef�ciency, we constrain each rollout to at most 8 tool calls before a �nal answer is emitted.
The train-batch size is 256 while the mini-batch size is 32. The 7B model is trained with a context window of 32k
tokens throughout the training process. For the 32B model, a 16k token context window is initially adopted to expedite
early-stage training; subsequently, this window is expanded to 32k tokens at the 40th global training step. The total
number of global training steps conducted for the 7B model amounted to 150, whereas the 32B model underwent 120
global training steps. The number of warm up steps is set to 10.

For inference of AFM-7B models, we set the temperature at0.8, which is0.6 for AFM-32B models. Both con�gurations
operate in a context window of32k tokens, with a top-p of1.0 and a maximum of12 tool calls.

Baselines. We compare our method against two representative families of competitive approaches.

• Text-only Reasoning Models: These systems solve tasks exclusively through textual reasoning, without recourse
to external tools. The set comprises (i) theQwen2.5-Coder-Instruct family [45], which serves as the backbone
of our Code Agent, and (ii) high-performance reasoning models such as QwQ-32B-Preview [55], and models
based on qwen, include SimpRL-Zoo [71], and Eurus-2-PRIME [4].

• Tool-Integrated Reasoning Models: These models improve reasoning capabilities by incorporating the ability to
generate and execute code, based on the Qwen-2.5-7B/32B parameter families, including ToRL [30], Simple-
TIR [66], ReTool [7], AutoTIR [64], ZTRL [35], Effective TIR [1], Reveal [22], and Verl-Tool [56]. Notably,
Reveal is the only model trained on code generation tasks during the RL stage, whereas other models are trained
using mathematical and other datasets.

4.2.2 Experimental Results

In this section, we analyze the performance of Code Agent from two perspectives: mathematical reasoning tasks and
code generation tasks. Additionally, we incorporate curves from the reinforcement learning process of the 32B model
within Appendix B, including the changes in AIME25 performance, response length, and score with respect to global
training steps.

Mathematical problem-solving Capabilities. The empirical results presented in Table 11 demonstrate that AFM
signi�cantly outperforms existing baseline models across both 7B and 32B parameter scales, validating the effectiveness
of our proposed method in mathematical reasoning tasks. Speci�cally, at the 7B scale, AFM-RL-7B achieved the
best performance across all �ve benchmarks, with an average accuracy of 64.3%—representing a 3.6% improvement
over the second-best performer, SimpleTIR-7B-Multi. At the 32B scale, AFM-RL-32B attained an average accuracy
of 78.0%, which is 3.6% higher than the current state-of-the-art ReTool-32B. Notably, on the datasets AIME25 and
OlympiadBench, AFM-RL-32B achieved absolute improvements of 10.5% and 5.7% respectively, indicating that AFM
possesses stronger generalization and problem-solving capabilities in complex mathematical reasoning scenarios.

To quantify the contribution of our training methodology, we analyze performance improvements across different
training stages compared to the base model. For the 7B model, SFT contributed an average accuracy gain of 22.0%, with
RL providing an additional 20.8% improvement over the SFT baseline. For the 32B model, the corresponding gains
are 23.4% from SFT and 18% from RL. Taken together, the results reveal that the SFT phase endows the model with
Chain-of-Agents reasoning capabilities, such as planning, re�ection, and tool calling, through multi-agent distillation
process. The RL phase further consolidates and strengthens these capabilities.

Code generation Capabilities. Table 12 summarizes performance comparisons of our models against backbone
models and other TIR methods across three competitive programming tasks, revealing substantial improvements.
Compared to our backbones, RL-enhanced AFM achieves average accuracy gains of 8.5% (7B) and 13.2% (32B),
con�rming our method's ef�cacy in boosting code generation capabilities. Among baseline TIR models utilizing
code interpreters—ReTool-32B (trained exclusively on mathematical datasets) and Reveal-32B (specialized for code
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Table 11 Results comparison of mathematical benchmarks. For each column, best results are shown inbold and second-best
results areunderlined. We sample 16 responses and report the avg@16 metric for AIME24, AIME25, AMC23. For MATH500 and
OlympiadBench, we report Pass@1 metric.

Method AIME24 AIME25 MATH500 AMC23 OlympiadBench Avg.

Model Inference

Large-Scale Models
OpenAI o1-mini 56.7 - - - 65.3 -
DeepSeek-V3 39.2 36.6 90.2 - - -

7B Models
Qwen-2.5-Coder-7B 7.5 2.9 68.6 16.4 11.9 21.5
SimpleRL-Zoo-7B 24.0 - 80.2 70.0 39.0 -
Eurus-2-7B-PRIME 26.7 13.3 79.2 57.4 42.1 43.7

32B Models
Qwen-2.5-Coder-32B 13.3 10.0 73.0 50.6 35.9 36.6
SimpleRL-Zoo-32B 27.2 - 82.4 67.5 46.4 -
QwQ-32B-Preview 50.0 40.0 90.6 80.0 - -

Tool-integrated Methods (7B)

TIR Methods From Qwen-2.5-7B Family Models
ToRL 43.3 30.0 82.2 75.0 49.9 56.1
Effective TIR 42.3 29.2 86.4 74.2 - -
ZTRL 50.0 26.7 80.2 - - -
Verl-Tool 40.0 - 83.4 65.0 50.2 -
SimpleTIR-Multi 50.5 30.9 88.4 79.1 54.8 60.7
AutoTIR 33.3 16.7 62.6 - - -
AFM-SFT 27.5 15.4 74.0 60.3 40.3 43.5
AFM-RL 51.9 37.8 89.4 81.6 60.6 64.3

Tool-integrated Methods (32B)

TIR Methods From Qwen-2.5-32B Family Models
ZTRL-32B 56.7 33.3 87.8 - - -
ReTool-32B 67.0 49.3 93.2 96.1 66.4 74.4
SimpleTIR-32B-Multi 59.9 49.2 92.9 91.6 63.7 71.5
AFM-SFT 41.0 31.0 82.8 78.9 51.1 60.0
AFM-RL 66.7 59.8 94.6 96.6 72.1 78.0

generation)—our approach outperforms both. Notably, even our SFT-only model surpasses these baselines on Live-
CodeBenchV5, validating that our multi-agent distillation framework and data �ltering strategies enhance complex
programming performance. Further, RL-re�ned models gain an additional 1.8% (7B) and 3.2% (32B) over their SFT
counterparts, con�rming that agentic reinforcement learning further strengthens programming capabilities.

We present two illustrative cases in Appendix C to demonstrate how our Code Agent addresses mathematical reasoning
and code generation tasks.

5 Analysis

5.1 Computational Efficiency

We conduct a comparative analysis of tool calls and token consumption across 3 state-of-the-art frameworks, using 10
randomly sampled instances from the GAIA dataset as the evaluation set: OAgents [82], WebThinker [29], andAFM. As
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Table 12 Code generation benchmarks results comparison. We report Pass@1 metric.

Method LiveCodeBench v4 LiveCodeBench v5 CodeContests Avg.

Model Inference

Qwen-2.5-Coder-7B 15.8 18.0 0.0 6.8
Qwen-2.5-Coder-32B 28.7 28.1 0.6 11.5

Tool-integrated Methods

TIR Methods From Qwen-2.5-32B Family Models
Retool 19.0 23.4 10.3 10.5
ReVeal - 42.4 - -

AFM-SFT 28.0 26.3 13.3 13.5
AFM-RL 29.0 28.7 18.8 15.3

AFM-SFT 37.0 43.1 22.4 20.5
AFM-RL 43.0 47.9 32.7 24.7

depicted in Figure 5,AFM demonstrates superior ef�ciency across two critical dimensions:(a) tool ef�ciency, measured
as tool calling numbers per successful task completionand(b) token ef�ciency, measured as prompt engineering cost
per successful task completion. We can see thatAFM not only achieves the lowest token consumption (both in overall
tokens and tool call tokens) but also uses the fewest number of tool calls among all compared methods. Furthermore,
compared to methods other than the agentic framework OAgents,AFM demonstrates notable latency improvements in
inference time. This ef�ciency gain stems from ourdata constructionmechanism, which mitigates redundant token
accumulation through targeted �ltering of irrelevant and non-useful content.

Figure 5 Performance ef�ciency comparison of AFM with MAS and TIR methods.

5.2 Generalization on Unseen Agents

Under the Chain-of-Agents framework, we evaluated the model's zero-shot agent generalization ability. During training,
the Code Agent model was exposed exclusively to code and math tasks executed by a Python interpreter agent and had
never encountered tool agents such as Web search or Visual inspector. At inference, the complete tool descriptions and
invocation schemas were explicitly inserted into the prompt, with the GAIA test set serving as the task suite. Results
show that the code-agent model strictly adheres to the prompt-speci�ed formats and correctly orchestrates the unseen
tools on the �rst attempt. In the honey-density task, it �rst queries Web search for the value and then computes the result
via the Python executor (Case Study).

For counter-validation, we instructed the web-agent model, whose training data consists solely of search tasks with
tools limited to Web Search and Crawl Page, to invoke the Python executor and Visual inspector under the same prompt.
Although the web-agent model issues the appropriate calls at the right moment, the Python executor requires code blocks
to be wrapped in triple backticks, and Visual inspector demands a JSON string with complete �elds and no extraneous
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spaces. In the vast majority of test cases, the web-agent model fails to generate invocations that satisfy these �ne-grained
format constraints, resulting in parser errors and task abortion.

We further analyze and �nd that, for conventional tasks such as report generation, all models exhibit strong generalization.
However, when tool usage requires character-level precision, the performance of the web agent model degrades
signi�cantly. In contrast, the code agent model, which was trained under strict code formatting constraints, remains
robust and consistently achieves correct tool invocation and successful task completion.

5.3 Agentic Test-Time Scaling

Figure 6 Performance of AFM with test-time scaling on GAIA, BrowseComp, WebWalker, and HLE.

We conduct an in-depth analysis of test-time scaling (TTS) performance following the training of the AFM model,
which establishes itself as the top-performing baseline post-training. We further validate and assess TTS across multiple
agentic benchmarks: GAIA, WebWalker, BrowseComp, and HLE. As presented in Table 13, our methods—AFM,
AFM-Bo3, and AFM-Pass@3—are evaluated against a set of competitive agentic models employing diverse backbones
across different model families. Speci�cally, AFM-Bo3 denotes a strategy that selects the optimal trajectory from N=3
candidate answers, with judgments facilitated by the Qwen2.5-72B-Instruct model; AFM-Pass@3 employs the principle
of "three attempts with one correct answer" to enhance performance.

Table 13 TTS results on agentic benchmarks including GAIA, WebWalker, BrowseComp and HLE.

Method Backbone GAIA WebWalker BrowseComp HLE

Agent Framework

SmolAgents

Claude-3-7

52.1 - - -
SmolAgents-Pass@3 63.6 - - -
OAgent 66.7 - - -
OAgent-Pass@3 73.9 - - -

Open Agentic Models

WebDancer
QwQ-32B

51.5 - 3.8 -
WebDancer-Pass@3 62.1 - 7.9 -

WebSailor
Qwen-2.5-32B-Instruct

53.2 - 10.5 -
WebSailor-Pass@3 63.1 - 15.0 -

Our Methods

AFM
Qwen-2.5-32B-Instruct

55.3 63.0 11.0 18.0
AFM-Bo3 57.3 64.7 11.3 23.0
AFM-Pass@3 69.9 78.7 19.2 33.2

Notably, AFM-Bo3 outperforms the base AFM model across key benchmarks. On GAIA, AFM achieves an average
score of 55.3, while AFM-Bo3 climbs to 57.3, marking a clear improvement. The gains are even more pronounced on

19


