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Abstract
Recently, Large Language Models (LLMs) have demonstrated re-
markable reasoning capabilities through reinforcement learning
(RL). However, enabling LLM-based agents to effectively orches-
trate multiple tools remains an open challenge. In this paper, we
introduce Tool-Star, an end-to-end agentic post-training frame-
work that empowers LLM-based web agents to strategically inter-
act with external multi-tool environments. Tool-Star begins with
a general tool-integrated data synthesis pipeline that combines
two complementary sampling strategies to generate tool-use tra-
jectories, followed by quality normalization and difficulty-aware
curriculum construction to filter noisy samples and organize train-
ing data from easy to hard. We then introduce a two-stage training
paradigm for multi-tool collaborative reasoning: (1) cold-start su-
pervised fine-tuning with tool feedback to bootstrap long-horizon
tool-augmented reasoning, and (2) a multi-tool self-critic RL algo-
rithm with hierarchical rewards to reinforce effective tool coordi-
nation. Experiments across 13 benchmarks demonstrate Tool-Star’s
effectiveness. Further analyses provide practical insights for opti-
mizing strategic tool use in web agents. The code is available at
https://github.com/RUC-NLPIR/Tool-Star.

CCS Concepts
• Information systems → Web applications; • Computing
methodologies→ Natural language generation; Reinforce-
ment learning.
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1 Introduction
Recent advances in Large Language Models (LLMs) have demon-
strated remarkable reasoning capabilities, largely driven by large-
scale reinforcement learning (RL) [17, 57, 59, 78]. Advanced models
such as DeepSeek-R1 [14] and OpenAI-o1 [39] exhibit diverse emer-
gent behaviors in Chain-of-Thought (CoT) reasoning, including
deep thinking and self-reflection, thereby improving performance
on complex reasoning tasks [38, 46]. However, while CoT reasoning
enhances performance on diverse tasks, real-world information-
seeking scenarios pose distinct challenges due to the explosive
growth of web information and the static knowledge nature of
LLMs. These scenarios require LLMs to interact in real-time with
multiple tool environments, such as retrieving relevant information
via search engines, navigating web pages, and performing pre-
cise computations. To address these needs, a series of LLM-based
web agents have emerged [32, 33]. These agents strategically con-
duct web searches during tool-integrated reasoning (TIR) process,
thereby achieving in-depth web information seeking [23, 30].

Current foundational work on web agent training primarily fo-
cuses on distilling tool-use trajectories from strong models and
applying supervised fine-tuning (SFT) to guide weaker models via
imitation learning [13, 22, 62, 76]. As large reasoning models ex-
hibit emergent capabilities, subsequent efforts aim to enhance long
CoT reasoning through tool-use prompting [3, 27, 32, 70]. However,
these approaches rarely enable LLMs to autonomously discover ef-
fective tool-use strategies. To address this limitation, recent studies
introduce outcome-based rewards [4, 49], extending reinforcement
learning to web agent training [2, 11, 23, 34, 43, 52, 65]. While
RL-based methods encourage exploration of efficient tool-use be-
haviors, they often focus on single-tool interaction. In contrast,
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Figure 1: Overview performance of Tool-Star on (a) deep in-
formation seeking tasks and (b) generalized reasoning tasks.

real-world web agent tasks frequently require both dynamic infor-
mation retrieval and accurate computation. This necessitates deeper
integration of feedback from multiple tools, especially search en-
gines, web browsers, and code generators throughout the reasoning
process. The lack of systematic investigation into multi-tool col-
laborative reasoning limits reliability and cost control in deployed
web agents. In this work, we aim to bridge this gap by addressing
the following research questions:
(1) Rationality and efficiency of tool usage.How can we enable

LLMs to efficiently leverage tools in a reasonable manner for
web information seeking?

(2) Multi-tool collaborative reasoning. How can we enable
LLMs to strategically collaborate with multiple tools during
web information seeking?
In this paper, we propose Tool-Star, an end-to-end agentic post-

training framework that empowers LLM-based web agents to strate-
gically interact with external multi-tool environments. In detail,
Tool-Star is designed to foster multi-tool collaborative reasoning
by supporting scalable tool integration (including three tools for
training and three tools for inference-time scaling). Furthermore, it
incorporates systematic innovations in agentic data synthesis and
a two-stage training algorithm to improve reasoning efficiency.

To address the scarcity of tool-use data, we first design a scal-
able Tool-Integrated Reasoning Data Synthesis Pipeline that
combines tool-integrated prompting with hint-based sampling to
automatically generate large-scale tool-use trajectories. We then
introduce a quality normalization and difficulty-aware classifica-
tion process to effectively filter out unreasonable tool-use samples
and partition the data in a curriculum-like manner from easy to
hard [7, 54]. Leveraging this pipeline, we construct high-quality
datasets for both cold-start fine-tuning and RL in a staged manner,
laying a solid foundation for subsequent TIR training.

To incentivize the model’s capability for multi-tool collaboration,
we propose a two-stage agentic training framework that progres-
sively aligns reasoning abilities in an easy-to-hardmanner. (1) In the
first stage, we introduce a Cold-Start Supervised Fine-Tuning
strategy, allowing LLMs to initially explore reasoning patterns with
feedback from tool invocation. (2) In the second stage, we develop
a Multi-Tool Self-Critic Reinforcement Learning Algorithm.
Unlike prior RL approaches that focus on single-tool usage, our
algorithm employs a hierarchical reward mechanism that not only
evaluates answer correctness and tool-use format but also assigns

rewards for effective multi-tool collaboration. To further improve
the model’s understanding of this complex reward structure, we
interleave a self-critic reward fine-tuning within the standard RL
process, facilitating the internalization of reward principles.

To comprehensively evaluate Tool-Star, we conduct experiments
on 13 benchmarks spanning deep information-seeking, knowledge-
intensive QA and computational reasoning. As shown in Figure 1,
Tool-Star consistently outperforms a series of advanced web agents
under fair settings. Remarkably, further analyses confirm that Tool-
Star achieves strong overall performance while maintaining tool-
use efficiency and promoting multi-tool collaborative gains (§4.5),
providing a promising solution for training real-world web agents.

In summary, our main contributions are as follows:

• WeproposeTool-Star, an end-to-end agentic post-training frame-
work that empowers LLM-based web agents to strategically in-
teract with multi-tool environments, thereby fostering multi-tool
collaborative reasoning.
• We propose a two-stage agentic training framework that pro-
gressively aligns multi-tool collaborative reasoning for LLMs in
a curriculum manner: (1) Cold-start fine-tuning enables LLMs
to explore long-horizon reasoning patterns with tool-use feed-
back; (2) Multi-tool self-critic RL with hierarchical rewards
reinforces the LLM’s understanding of reward principles and
promotes effective multi-tool collaboration.
• To address the scarcity of tool-use data, we propose a scalable
data synthesis pipeline that combines two streams of TIR sam-
pling strategies to automatically and scalably generate tool-use
trajectories. We further introduce a quality normalization and
difficulty-aware classification process to filter out unreasonable
samples and organize the dataset from easy to hard.
• Experiments on more than 13 challenging benchmarks consis-
tently demonstrate Tool-Star’s superiority over mainstream web
agents. Further analyses on tool-use efficiency and collaboration
gains offer practical insights for training multi-tool collaborative
web agents.

2 Related Work
2.1 Reinforcement Learning for Web Agent.
The emergence of agent reinforcement learning (RL) [80] has en-
abled the development of general-purpose web agents. Initial ef-
forts [2, 11, 23, 34, 52] established foundations by enabling mod-
els to autonomously interact with search engines. Subsequent in-
novations [6, 19, 53, 64, 65, 72, 83] enhance efficiency and stabil-
ity of web agent through redesigned reward functions. Recent re-
search [12, 21, 31, 73] explores asynchronous training frameworks
for web agents. Tongyi Deep Research [10, 45, 55, 58, 71, 79] broad-
ens the scope by leveraging graph-based data synthesis pipeline
and training optimization, thereby broadening the scope of web
agent training. To minimize resource consumption, another line of
research simulates search engines using large models’ generative
capabilities for self-alignment [9, 56]. However, empowering multi-
tool collaborative reasoning via end-to-end agentic post-training
remains largely unexplored. In this paper, we introduce Tool-Star,
which empowers LLMs to strategically interact with multi-tool
environments and foster collaborative reasoning.
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Figure 2: The overview of scalable tool-integrated reasoning data synthesis pipeline.

2.2 Tool-Integrated Reasoning.
Tool-Integrated Reasoning (TIR) enhances LLM reasoning by en-
abling autonomous invocation of external tools. Existing TIR ap-
proaches can be categorized into three streams: (1) Prompting-
based methods guide models to use tools via carefully crafted
prompts without additional training [3, 27, 32, 36, 62, 70]. While
easy to implement, they often suffer from instability and limited
accuracy in tool usage. (2) SFT-based methods apply supervised
fine-tuning to teach weaker models tool use by distilling trajecto-
ries from stronger models [13, 26, 28, 76]. Though effective, their
performance is constrained by the quality of demonstrations and
limited generalization beyond seen examples. (3) RL-based meth-
ods optimize tool use via outcome-driven rewards [2, 11, 23, 33, 34,
51, 52, 56], enabling autonomous discovery of effective strategies.
Despite these advances, most work focuses on single-tool settings.
Multi-tool collaborative reasoning—requiring coordination across
heterogeneous tools—remains underexplored. While OTC [65] and
ToolRL [42] have made initial progress, there is still a great gap in
developing specialized RL algorithms for multi-tool collaboration.

3 Methodology
MethodOverview. Tool-Star is an end-to-end agentic post-training

framework that empowers LLMs to autonomously interact with
multi-tool environments. As shown in Figure 2 and Figure 3, Tool-
Star includes two key components: (1) A tool-integrated data syn-
thesis pipeline that generates high-quality trajectories with reason-
able tool usage (§3.1); (2) A two-stage agentic training paradigm
that facilitates multi-tool collaborative reasoning, comprising cold-
start fine-tuning and a multi-tool self-critic RL algorithm (§3.2).
Below, we will dive into the specifics of our approach.

Problem Formulation. Multi-tool Collaborative Reasoning aims
to enable LLMs to performmulti-step reasoning through interaction
and collaboration with multiple external tools. Specifically, given a
task query 𝑞 and an external tool set T , Tool-Star autonomously
invokes tools during the generation of the reasoning chain Rc,

guided by the tool-integrated instruction 𝐼 T . The real-time tool-call
feedback 𝐹 T is dynamically concatenated into the reasoning chain
to facilitate ongoing inference until the final output 𝑦 is produced.
This process can be modeled as:

𝑃𝜃 (Rc, 𝑦 | 𝐼T , 𝑞,T) =
∏𝑇𝑐

𝑡=1
𝑃𝜃 (Rc

𝑡 | Rc
<𝑡 , 𝐼

T , 𝑞, {𝐹 T }<𝑡 )︸                                       ︷︷                                       ︸
Multi-Tool Integrated Reasoning

·

∏𝑇𝑦

𝑡=1
𝑃𝜃 (𝑦𝑡 | 𝑦<𝑡 ,Rc, 𝐼

T , 𝑞)︸                              ︷︷                              ︸
Answer Generation

,

(1)

where 𝑇𝑐 denotes the token numbers in the reasoning chain Rc, Rc
𝑡

is the token at position 𝑡 , and Rc
<𝑡 represents all tokens generated

before 𝑡 . {𝐹 T }<𝑡 denotes the feedback of all tool calls prior to 𝑡 . 𝑇𝑦
is the length of the Answer 𝑦, with 𝑦𝑡 as the token at position 𝑡 .

Tool Design. In this work, we design six tools to foster multi-
tool collaborative reasoning of Tool-Star. During the two-stage
training process, we introduce three core tools that enable LLMs to
autonomously invoke external functionalities during reasoning:

• Search Engine: Executes search queries to retrieve relevant
information, supporting both local and web-based search modes.
• Web Browser: Parses web search results by visiting URLs, ex-
tracting relevant content and summarizing key information.
• Code Interpreter: Executes code snippets generated by the LLM
in a sandbox environment, returning either the execution results
or error messages based on code correctness.

During inference, we introduce three Inference-time scaling tools
to optimize the reliability of TIR process:

• Code Debugger: Automatically corrects LLM-generated erro-
neous code by leveraging the original code and compiler error
messages to guide revisions.
• Tool-Use Backtracer: Locates and rolls back to the reasoning
step preceding a failed tool invocation, enabling the model to
resume and revise its reasoning path.
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Figure 3: The overview of multi-tool self-critic reinforcement learning algorithm.

• Reasoning Chain Refiner: When the output exceeds the max-
imum length, refiner prunes and optimizes redundant steps in
the reasoning process, replacing original reasoning chain with a
more concise and coherent version to complete the task.

3.1 Tool-Integrated Reasoning Data Synthesis
In this section, we present our tool-integrated reasoning data syn-
thesis pipeline, aiming to enable automated and scalable construc-
tion of high-quality tool-use datasets (Figure 2).

3.1.1 Step-1: Data Collection and Sampling. To balance data scale
and diversity while ensuring accessibility, we curate a high-quality
training set from open-source knowledge-based and computational
reasoning datasets, comprising approximately 90K text-based rea-
soning data (𝐷text) and 1K existing TIR datasets (𝐷tool). To further
expand TIR trajectories, we introduce two complementary sampling
strategies:

(1) TIRPrompting-based Sampling.Wedesign a tool-integrated
prompt 𝐼𝑇 to guide the LLM 𝑃𝜃 in sampling responses for queries in
𝐷text. Following the Eq.(1), LLM decodes tool-call requests within
special tokens (e.g., <search> , <python> ) during trajectory gener-
ation. We then automatically parse and extract these requests, in-
voke external tools to obtain feedback 𝐹 , and insert the tool feed-
back—enclosed within <result> and </result> tags—back into the
reasoning chain as additional context for subsequent generation
steps. This process iterates until either (1) the maximum number
of tool calls or length is reached, or (2) the model generates a final
answer, enclosed by designated tokens <answer> and </answer> .
After inference on the entire 𝐷text, we filter for correct samples to
obtain the dataset 𝐷𝑃

tool.

(2) Hint-based Sampling. To further diversify tool invocation
patterns, we employ a hint-based method [29] that inserts hint
tool-call tokens into language-only reasoning trajectories. We first
prompt the LLM to perform language-only reasoning on queries
from 𝐷text. Following the START [28], we propose two hint instruc-
tions—Logical Verification and Answer Reflection—to insert tool-
invoking hints into the original reasoning chains. As shown in
Figure 2, logical verification hints randomly replace uncertain ex-
pressions (e.g., maybe, wait, not sure) in the chain, while reflection
hints are inserted after the answer. These diverse hints facilitate
the model to invoke tools when information is insufficient or after
answer generation, enabling information completion and answer
verification. After inserting hints, we truncate the original reason-
ing chain at the hint position, prompting the model to perform
TIR reasoning in response to the hint, obtaining the hint-based
TIR dataset 𝐷𝐻

tool. Finally, we merge two datasets to obtain the final
dataset 𝐷𝑣1

tool = {𝐷
𝐻
tool ∪ 𝐷

𝑃
tool ∪ 𝐷tool}.

3.1.2 Step-2: Tool-Use Quality Normalization. To ensure the ratio-
nality of tool usage within each sample, we implement the following
3 TIR normalization strategies for tool-use data quality control: (1)
Tool-call Frequency Control: Remove samples with tool-call fre-
quency exceeding a predefined threshold 𝛽 to alleviate excessive
tool invocation. (2) Duplicate Tool-call Removal: Eliminate sam-
ples containing redundant tool calls, such as repeated generation of
search queries or code snippets in the same response. (3) Format
Normalization: Standardize tool call formats in reasoning chains
by unifying special tokens for invocation, feedback, and final an-
swers, while ensuring balanced usage of start and end tokens. By
applying these criteria, we obtain a quality-filtered dataset 𝐷v2

tool.
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3.1.3 Step-3: Difficulty-Aware Data Classification. Considering the
computational overhead of tool-use and the multi-stage nature of
TIR training, we argue that a high-quality tool-use dataset should
meet the following criteria: (1) Invoke tools only when nec-
essary: Tool calls should be avoided when the model is capable
of solving the problem through direct reasoning. (2) Organize
samples from easy to hard: As emphasized in prior ToolRL learn-
ing [81], stage-wise training based on sample difficulty is crucial
for effective learning.

To achieve the above objectives, we first perform a language-only
reasoning pass on each question in𝐷v2

tool, producing direct reasoning
results denoted as 𝐷v2

text. Based on the correctness of both direct
reasoning (DR) and tool-integrated reasoning (TIR), each sample is
assigned to one of four categories (Figure 2). For categories 1 and 2,
where direct reasoning already yields correct answers, tool use is
unnecessary; these samples form the subset 𝐷sub

text. For category 3,
which highlights clear benefits from tool use, we directly sample
from 𝐷v2

tool to construct 𝐷sub
tool.

To support a curriculum learning paradigm [7] from easy to hard,
we construct a cold-start fine-tuning dataset 𝐷SFT

tool by combining
𝐷sub
text and 𝐷

sub
tool. For Category-4 samples, which are challenging for

both DR and TIR, are treated as hard examples and reserved for re-
inforcement learning, forming the dataset𝐷RL

tool. This design enables
the LLM to acquire basic tool-use capabilities through cold-start
fine-tuning, and subsequently generalize to more complex scenar-
ios during the RL phase (e.g. multi-tool collaboration), thereby
facilitating a progressive learning trajectory.

3.2 Multi-tool Collaborative Training Stage
In this section, we propose a multi-tool collaborative training stage
that generalize the LLM’s agentic reasoning capability from a single
to multiple tool-use paradigm, and from easy to hard learning.

3.2.1 Cold-Start Supervised Fine-tuning. To equip the LLM with
an initial understanding of tool usage for problem solving, given
(𝑥𝑖 , 𝑦𝑖 ) ∈ 𝐷SFT

tool, we apply the standard Supervised Fine-tuning
objective on the backbone model 𝑃𝜃 with parameters 𝜃 : L(𝜽 ) =
−∑

(𝑥𝑖 ,𝑦𝑖 ) ∈𝐷SFT
tool

log 𝑃𝜃 (𝑦𝑖 | 𝑥𝑖 ) , where 𝑥𝑖 denotes the 𝑖-th input. Ul-
timately, we obtain a cold-start LLM 𝜋𝜃 with initial TIR capability.

3.2.2 Multi-Tool Self-Critic Reinforcement Learning. We will intro-
duce how the LLM learn to autonomously invoke tools, including a
Code interpreter, a search engine and a web browser agent.

(1) Memory-based Roll-Out with Tools.As shown in Figure 3,
we employ multi-tool invocation instructions to guide the model
in decoding tool-use requests into special tokens (e.g., <python> )
during the roll-out process. Upon detecting these tokens, the cor-
responding tool is automatically invoked, and the resulting feed-
back is integrated back into the reasoning chain. To reduce latency
caused by frequent tool calls, we incorporate a memory mechanism
that caches the mapping between each tool request and its output.
This allows the model to retrieve responses for repeated requests
directly from memory, thereby improving efficiency.

(2) Hierarchical Reward Design. Reward signals serve as the
optimization objective and directly guide the behavior of the pol-
icy model during training. Distinct from previous tool-use RL ap-
proaches, we not only design correctness and format rewards for

Algorithm 1Multi-Tool Self-Critic Reinforcement Learning
Require: Reasoning model 𝜋𝜃 , external tools 𝑇 , reward function
R𝜙 , number of training cycles C, GRPO steps per cycle S

1: Input: Dataset 𝐷 , task instruction 𝐼
2: Initialize reference model: 𝜋old

𝜃
← 𝜋𝜃

3: for 𝑖 ← {1, ..., C} do
4: for step← {1, ...,S} do ⊲ Vanilla GRPO Phase
5: Sample mini-batch 𝐷𝑏 ⊂ 𝐷
6: for each query 𝑞 ∈ 𝐷𝑏 do
7: Concatenate instruction: 𝑞 ← 𝐼 ⊕ 𝑞
8: Sample 𝐺 TIR trajectories: {𝑜 𝑗 }𝐺𝑗=1 ∼ 𝜋𝜃 (· | 𝑞,𝑇 )
9: Compute GRPO objective 𝐽𝜃 (Eq. 4)
10: Update model parameters: 𝜃 ← 𝜃 + 𝜂 · ∇𝜃 𝐽𝜃
11: end for
12: end for
13: Sample subset 𝐷sample ⊂ 𝐷 ⊲ Self-Critique DPO Phase
14: for each query 𝑞 ∈ 𝐷sample do
15: Concatenate instruction: 𝑞 ← 𝐼 ⊕ 𝑞
16: Sample 𝐺 outputs with tools: {𝑜 𝑗 }𝐺𝑗=1 ∼ 𝜋𝜃 (· | 𝑞,𝑇 )
17: Identify 𝑜chosen (preferred) and 𝑜reject (less preferred)
18: Compute DPO objective 𝐽𝜃 (Eq. 5)
19: Update model parameters: 𝜃 ← 𝜃 + 𝜂 · ∇𝜃 𝐽𝜃
20: end for
21: end for
22: Output: Fine-tuned model 𝜋𝜃

LLMs, but also introduce multi-tool collaborative rewards. This de-
sign aims to encourage multiple tool usage while maintaining LLM
correctness. Specifically, when both the answer and tool invocation
format are correct, and the model employs multiple tools (i.e., both
<search> and <python> appear in the reasoning chain), an extra
reward 𝑟𝑀 is granted. Formally, the overall reward 𝑅 is defined as:

𝑅 =


max(Acc. + 𝑟M, Acc.) if Format is Good & Acc. > 0;
0 if Format is Good & Acc. = 0;
−1 otherwise,

(2)

where 𝑟𝑀 is defined as follows.

𝑟M =

{
0.1 if ∃( <search> & <python> );
0 otherwise.

(3)

(3) Self-Critic RL Algorithm.Multi-tool RL algorithms involve
complex reward structures, making it challenging for LLMs to dis-
cover optimal behavior. To address this, we propose a self-critic
RL algorithm that enables LLMs to better align with the design
principles of reward mechanisms. As shown in Figure 3, self-critic
RL interleaves DPO and GRPO training to facilitate dynamic
preference optimization. This design leverages the strengths
of both methods: GRPO treats answers as soft targets to promote
multi-tool collaboration, whereas DPO aids in internalizing reward
signals by contrasting hard negatives, thereby guiding the model
to better capture the underlying reward structure.

As an initial step, we begin by performing 𝐾 steps of vanilla
RL training on the cold-start model 𝜋𝜃 . To optimize the policy, we
adopt Group Relative Policy Optimization (GRPO) [49] as our RL

305



SIGIR ’26, July 20–24, 2026, Melbourne, VIC, Australia Guanting Dong et al.

algorithm, which estimates the baseline using a group of rollouts.

LGRPO (𝜃 ) = E[𝑞∼𝐷RL
tool, {𝑜𝑖 }

𝐺
𝑖=1∼𝜋̂𝜃old (𝑂 |𝑞) ]


1
𝐺

𝐺∑︁
𝑖=1

1
|𝑜𝑖 |

|𝑜𝑖 |∑︁
𝑡=1

min

(
𝜋𝜃 (𝑜𝑖,𝑡 |𝑞,𝑜𝑖,<𝑡 )
𝜋𝜃old (𝑜𝑖,𝑡 |𝑞,𝑜𝑖,<𝑡 )

𝐴̂𝑖,𝑡 , clip

(
𝜋𝜃 (𝑜𝑖,𝑡 |𝑞,𝑜𝑖,<𝑡 )
𝜋𝜃old (𝑜𝑖,𝑡 |𝑞,𝑜𝑖,<𝑡 )

, 1 − 𝜖, 1 + 𝜖
)
𝐴̂𝑖,𝑡

)]
,

(4)

where 𝜖 and 𝛽 are hyper-parameters, 𝑞 and 𝑜 denote query and
model’s output with tools. 𝐴𝑖 is the normalized advantage of the
𝑖-th rollout in group. Then we obtain an RL-initialized model 𝜋RL

𝜃
.

Subsequently, we detail our self-critic reward fine-tuning phrase,
which help LLMs better internalize the reward structure. As shown
in Figure 3, we start by randomly rejection sampling 𝑘 examples
from the RL training set 𝐷𝑅𝐿

tool to construct 𝐷
S
tool [61, 77]. For each

query 𝑞 ∈ 𝐷S
tool, the RL initialized model 𝜋RL

𝜃
self-samples 𝑛 candi-

date responses, forming a diverse QA set 𝐷 ∼ (𝑞, {𝑎𝑖 }𝑁𝑖=1). Notably,
our hierarchical rule-based reward function acts as an executable
program that automatically assigns a reward label to each response.
This enables on-policy reasoning by providing each 𝑎𝑖 with a cor-
responding reward. We then construct a reward-aware dataset
𝐷critic
tool = {(𝑥𝑖 , 𝑦𝑖 )}𝑁𝑖=1, where each input 𝑥𝑖 is a query 𝑞, and each

output 𝑦𝑖 includes a candidate response 𝑎𝑖 , its reasoning trace 𝑝𝑖 ,
and reward score 𝑟𝑖 . We treat samples with 𝑟𝑖 ≥ 1 as positive
and those with 𝑟𝑖 < 1 as negative, forming a preference dataset
(𝑥,𝑦𝑤, 𝑦𝑙 ) ∼ 𝐷critic

tool . Finally, we fine-tune the RL-initialized model
using DPO objective as:

LDPO (𝜋RL
𝜃
;𝜋ref) = −E(𝑥,𝑦𝑤 ,𝑦𝑙 )∼D

[
log𝜎

(
𝛽 log

𝜋RL
𝜃
(𝑦𝑤 |𝑥)

𝜋ref (𝑦𝑤 |𝑥)
− 𝛽 log

𝜋RL
𝜃
(𝑦𝑙 |𝑥)

𝜋ref (𝑦𝑙 |𝑥)

)]
,

(5)
where the reference model 𝜋ref is set to 𝜋RL

𝜃
initially and remains

fixed throughout training. 𝛽 is a hyperparameter and 𝜎 is the sig-
moid function. LDPO encourages higher log-probability for pre-
ferred responses 𝑦𝑤 over dispreferred ones 𝑦𝑙 .

Therefore, we interleave self-critic reward fine-tuning every 𝑘
steps during standard RL training. This iterative process allows
the model to progressively learn behavioral distinctions via self-
sampling and evaluation, implicitly capturing the hierarchical re-
ward structure. The full algorithm is detailed in Algorithm 1.

3.3 Multi-tool Collaborative Inference
During inference, we follow Eq.(1), enabling the model to em-
ploy the search engine, web browser agent and Python interpreter
autonomously. To improve TIR robustness, we introduce three
inference-time mechanisms targeting common failure scenarios:
• Code Execution Error: When generated code contains syn-
tax errors, the Code Debugger uses compiler messages and the
original code to produce executable fixes.
• Tool Invocation Failure: If tool calls yield no useful output or
debugging fails, the Backtracer identifies the statement before
the tool-call token and restarts inference from there.
• Inference Length Overflow: When tool outputs exceed the
context limit, the Chain Refiner compresses and restructures the

reasoning chain by removing redundant or irrelevant content,
allowing continued inference without tools.

These mechanisms enhance tool invocation reliability and provide
an effective inference-time scaling strategy.

4 Experiments
4.1 Experimental Setup

Datasets. To comprehensively evaluate the tool-use capabilities
of our model, we conduct experiments on two types of reasoning
datasets: (1) Knowledge reasoning benchmarks, including four
Wikipedia-based open-domain QA tasks: HotpotQA [74], 2Wiki-
MultihopQA [16], Musique [63] and Bamboogle [41]. (2) Computa-
tional reasoning benchmarks, including AIME2024, AIME2025 1,
MATH500 [35], MATH [15], and GSM8K. (3) Deep information
seeking tasks, including General AI Assistant (GAIA) [37], Web-
WalkerQA (WebWalker)[69], Humanity’s Last Exam (HLE) [40],
and xbench DeepSearch split [1]. For all tasks, we follow previous
work [32] and extract answers from the output enclosed in \box{}.

Baselines. To effectively evaluate the efficacy of Tool-Star, we
compare the following 3 categories of baselines: (1) Proprietary
Models: Qwen2.5 [47], Llama3.2 [8], QwQ [60], DeepSeek-R1 [14],
GPT-4o [20]and o1-preview [20]. (2) Code-integrated Models:
ToRL [34], DotaMath [26], ReTool [11], START [28]. (3) Advanced
SearchAgents:Vanilla RAG [25], ReAct [75], Search-o1 [32], Search-
R1 [23], WebSailor [30] and WebDancer [68] and Webthinker [33].
(4) Multi-tool Enhanced Baselines, including prompt-based ap-
proaches, ReCall, IKEA, SMART, AutoTIR, [2, 18, 44, 67].

Evaluation Metrics. For deep-information seeking tasks, we
follow Search-o1 [32]’s evaluation setting and employ strong LLM-
based judging (Qwen3-235B-A22B) to ensure answer correctness.
We randomly sampled 200 validation samples and confirmed that
the agreement rate between LLM judge and human evaluation is
100%. For open-domain QA and reasoning tasks, we adopt token-
level F1 score and accuracy as the evaluation metric. To assess
tool usage efficiency, we propose the Tool-use Efficiency (𝑇𝐸 ) metric:
𝑇𝐸 = 1

𝑁

∑𝑁
𝑖=1

𝑆𝑖
𝑇𝑐
𝑖
, where 𝑁 denotes the total number of evaluation

datasets, 𝑆𝑖 represents the number of correctly answered samples
using tools on the 𝑖-th dataset, and 𝑇 𝑐

𝑖 is the total number of tool-
invoked samples in that dataset. A higher 𝑇𝐸 value indicates more
effective tool utilization in producing correct answers.

Implementations. Our training is conducted using the LLaMA-
Factory [82] and VERL frameworks [50]. For SFT stage, we adopt
DeepSpeed ZeRO-3 [48] and FlashAttention2 [5] to accelerate train-
ing. The model is trained for 3 epochs with a batch size of 128,
weight decay of 0.1, and mixed-precision (BF16) training. The RL
stage runs for 2 epochs on 8 NVIDIA A800 GPUs, with 10k examples
randomly sampled from 𝐷𝑅𝐿

𝑡𝑜𝑜𝑙
. For challenging reasoning tasks, we

employ E5-base-v2 [66] to retrieve the top 10 documents for each
query from the 2018 Wikipedia dump [24]. For deep information
seeking tasks, we use the Bing search engine to retrieve 10 web
pages, browse each page contents from the URLs, and employ a
browser agent of the same size as the reasoningmodel to summarize

1https://huggingface.co/datasets/AI-MO/aimo-validation-aime
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Table 1: Overall results on 10 challenging QA and reasoning benmarks. For methods sharing the same backbone, the top two
results are highlighted in bold and underlined. and represent methods with code interpreter and search tool, respectively.
For fairness, we reproduce WebSailor-7B using Wikipedia-based data and report the RAG setting (Top-5 documents) for
code-assistant models in knowledge-intensive QA tasks. The dataset abbreviation: 2Wiki. refers to 2wikiMultiHopQA.

Method Size
Knowledge-Intensive QA Computational Reasoning

Avg.
WebWalker HotpotQA 2Wiki. MuSiQue Bamboogle AIME24 AIME25 MATH500 GSM8K MATH

Qwen2.5-Instruct 7B 0.5 26.1 25.6 7.9 36.5 10.0 10.0 70.6 90.2 82.0 35.9
Llama3.1-Instruct 8B 4.0 16.2 13.7 7.4 23.2 3.3 3.3 43.3 78.4 60.6 25.3

Single-Tool Integrated Reasoning Methods

RAG 7B 9.1 35.1 25.0 7.5 23.2 13.3 3.3 70.8 86.8 80.0 35.4
Search-o1 7B 9.5 41.1 35.4 13.2 39.8 6.7 10.0 61.8 80.2 73.6 37.1
Search-R1 7B 12.5 46.6 40.0 22.8 47.4 16.7 6.7 63.8 82.4 81.2 42.1
WebThinker 7B 14.1 47.5 42.8 22.3 48.0 16.7 10.0 66.0 84.8 82.5 43.5
WebSailor 7B 15.2 47.5 44.3 20.5 49.7 13.3 13.3 74.4 80.8 81.2 44.0
ToRL 7B 10.9 41.3 35.4 9.5 36.9 26.6 30.0 80.2 89.2 87.4 44.7
DotaMath 7B 16.5 26.2 21.7 6.5 28.6 16.7 13.3 62.2 86.7 64.8 34.3
ReTool 7B 8.5 31.5 29.0 11.1 35.8 23.3 30.0 78.4 86.2 84.8 41.9
START 7B 8.5 30.2 28.0 10.2 35.8 23.3 26.6 79.6 88.4 83.5 41.4

Multi-Tool Integrated Reasoning Methods

Multi-Tool Prompting 7B 15.5 21.1 23.8 9.9 25.5 6.7 10.0 68.2 64.6 78.2 32.4
IKEA 7B 11.4 30.5 34.7 14.8 35.8 10.0 10.0 63.6 73.4 80.2 36.4
SMART 7B 9.5 25.4 21.7 11.8 40.7 6.6 6.6 39.4 59.8 70.5 29.2
AutoTIR 7B 12.5 42.4 53.4 22.8 56.3 30.0 20.0 72.6 85.5 83.5 47.9
ReCall 7B 15.2 51.9 54.0 25.0 55.5 16.7 16.7 54.6 79.8 73.2 44.3
Tool-Star (Qwen2.5) 7B 29.0 54.7 57.4 24.1 58.8 30.0 33.3 83.2 93.2 89.0 55.1
Tool-Star (Llama3) 8B 26.5 49.3 50.8 21.2 47.7 16.7 10.0 56.8 82.9 74.6 43.6

Table 2: Analysis of Tool-Star with multi-tool collaboration.
, , denote code interpreter, search and browser tool.

Method GAIA HLE Webwalker MTC

Qwen3-8B 20.4 4.6 2.0 -

Tool-Star( ) 25.4 6.6 8.0 0
Tool-Star ( ) 32.8 7.0 23.5 0
Tool-Star ( + ) 35.5 8.6 34.9 39
Tool-Star ( + + ) 39.8 10.0 38.5 92

the information. All results are averaged over three independent
runs for reproducibility.

4.2 Main Results on General Reasoning Tasks
Our main results are presented in Table 1. Overall, Tool-Star con-
sistently outperforms all baselines across 10 challenging reasoning
tasks, achieving average accuracies of 55.1% on Qwen2.5-7B and
43.6% on Llama3-8B, decisively establishing the superiority of our
approach. We identify the following key insights:

(1) TIR prompting fails to explore better tool-use behav-
ior. Focusing on Search-o1 and Multi-Tool Prompting, their per-
formance on comprehensive reasoning tasks remains suboptimal,
with average accuracies of 37.1% and 32.4%, respectively. Notably,
Multi-Tool Prompting exhibits lower consistency compared to its
backbone model (32.4% vs. 35.9% for Qwen2.5-Instruct). This reveals

Table 3: General Ablation study on Tool-Star(3B).

Method
Knowledge. Computational.

HQA. Bamb. GSM8K MATH

Tool-Star (3B) 51.9 52.5 85.0 82.6

w/o Cold-Start SFT 43.5 (-8.4) 40.8 (-11.7) 77.8 (-7.2) 74.2 (-8.4)
w/o RL stage 47.5 (-4.4) 43.9 (-8.6) 80.2 (-4.8) 78.4 (-4.2)
w/o Self-Critic RL 49.8 (-2.1) 48.3 (-4.2) 82.8 (-2.2) 77.8 (-4.8)
w/o Multi-tool Reward 50.4 (-1.5) 50.3 (-2.2) 83.1 (-1.9) 80.2 (-2.4)

that relying solely on prompt engineering to elicit tool usage is
insufficient for guiding LLMs toward effective tool utilization.

(2) Single-tool RL-based methods exhibit strong domain
specialization but limited generalizability. RL-based search
agents (e.g., Search-R1, WebSailor) perform well on knowledge-
intensive tasks, achieving up to 47.5% on HotpotQA and 44.3%
on 2Wiki. However, their performance on computational reason-
ing tasks remains limited, with Search-R1 achieving only 6.7% on
AIME25. Conversely, code-assistant methods like ToRL achieve
strong performance on computational tasks (44.7% average, with
87.4% on MATH) but underperform on knowledge-based tasks.
These trends underscore the specialization bias of single-tool RL
methods and their limited cross-domain transferability.

(3) Tool-Star demonstrates versatile agentic reasoningwith
robust plug-and-play capability. Tool-Star(7B) consistently out-
performs both single-tool and multi-tool baselines, achieving 55.1%
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Table 4: Overall performance on deep information seeking tasks. The best results are indicated in bold, and the second-best
results are underlined. Results from larger or closed-source models are presented in gray for reference.

Method General AI Assistant WebWalkerQA Humanity’s Last Exam XBench-DS FRAMES

Lv.1 Lv.2 Lv.3 Avg. Easy Med. Hard Avg. NS CE SF Avg. Avg. Avg.

Direct Reasoning (>=32B)
Qwen3-32B-thinking 26.2 12.1 0 14.9 6.9 1.1 2.9 3.1 14.6 9.8 8.4 12.6 14.0 26.0
DeepSeek-R1-32B 21.5 13.6 0.0 14.2 7.5 1.4 4.2 3.8 6.6 5.1 6.5 6.4 10.0 23.8
QwQ-32B 30.9 6.5 5.2 18.9 7.5 2.1 4.6 4.3 11.5 7.3 5.2 9.6 10.7 28.8
GPT-4o 23.1 15.4 8.3 17.5 6.7 6.0 4.2 5.5 2.7 1.2 3.2 2.6 18.0 44.6
DeepSeek-R1-671B 40.5 21.2 5.2 25.2 5.0 11.8 11.3 10.0 8.5 8.1 9.3 8.6 32.7 45.6
o1-preview† - - - - 11.9 10.4 7.9 9.9 12.9 8.1 6.6 11.1 - -

Deep Information Seeking Methods (Qwen3-8B)
Vanilla RAG 28.2 15.4 16.7 20.4 8.9 10.7 9.9 10.0 5.1 1.6 12.9 5.8 8.0 18.8
Search-o1 35.9 15.4 0.0 21.4 6.7 15.5 9.7 11.5 7.6 2.7 5.3 6.4 10.0 19.2
WebThinker 43.6 11.5 0.0 22.3 6.7 13.1 16.9 13.0 7.3 4.0 6.3 6.6 13.0 21.4
ReAct 35.9 17.3 8.3 23.3 8.9 16.7 18.3 15.5 4.2 4.0 6.3 4.6 16.0 21.1
WebDancer 48.7 28.0 8.3 33.0 31.1 35.7 28.2 32.0 6.4 4.0 10.5 6.8 23.0 44.2
Tool-Star(Ours) 51.3 34.6 8.3 36.9 43.1 35.0 27.1 34.1 7.3 6.7 15.8 8.8 26.0 47.8

Deep Information Seeking Methods (Qwen3-14B)
Vanilla RAG 38.5 19.2 8.3 25.2 17.8 13.1 11.3 13.5 5.5 6.3 9.4 6.0 15.0 31.4
Search-o1 48.7 23.1 0.0 30.1 11.1 21.4 16.9 17.5 6.4 4.0 10.5 6.8 21.0 39.8
WebThinker 48.7 26.9 8.3 33.0 13.3 23.8 18.3 19.5 7.0 4.0 9.5 7.0 23.0 40.8
ReAct 48.7 25.0 8.3 32.0 11.1 20.2 12.7 15.5 5.8 5.3 10.5 6.6 20.0 37.6
WebDancer 48.7 34.6 16.6 37.8 47.7 33.6 15.6 36.8 7.9 6.7 12.6 8.6 25.0 49.1
Tool-Star(Ours) 53.9 34.6 16.7 39.8 35.6 42.9 35.2 38.5 10.3 10.7 13.7 10.0 28.0 54.6

average accuracy across 10 datasets while maintaining competitive
performance on individual tasks (e.g., 83.2% on MATH500). Notably,
it delivers substantial improvements across different backbones
and parameter scales, with average gains of 19.2% on Qwen2.5-
7B and 18.3% on Llama3-8B . These results underscore Tool-Star’s
generality and strong adaptability across both models and tasks.

4.3 Main Results on Deep Information Seeking
To validate the effectiveness of Tool-Star in challenging deep infor-
mation seeking tasks, we train Qwen3-8B and Qwen3-14B models
combined with Tool-Star and compare them with advanced web
agents. As shown in Table 4, we derive the following insights:

(1) Limitations of Advanced Large Models: Both closed-
source and large-parameter open-source LLMs (e.g., GPT-4o and
DeepSeek-R1-671B) perform poorly in challenging deep informa-
tion seeking scenarios. GPT-4o achieves only 17.5% and 5.5% on
General AI Assistant and WebWalkerQA, Notably, most large mod-
els achieve less than 10% average accuracy on the Humanity’s Last
Exam (GPT-4o: 2.6%). This indicates that relying solely on model
internal knowledge is insufficient for complex agentic search.

(2) Strong Performance of Tool-Star in Deep Information
Seeking: Compared to robust web agents, Tool-Star demonstrates
exceptional performance across all deep information seeking benchs.
Tool-Star (8B) achieves 36.9%, 34.1%, and 8.8% on GAIA, WebWalk-
erQA and HLE, respectively, outperforming strong RL-based search
agent such as WebDancer and Search-R1. The performance ad-
vantage becomes more pronounced as parameter increases, with
Tool-Star (14B) showing substantial improvements over its 8B coun-
terpart, particularly on WebWalkerQA where the gain exceeds 4%.

This highlights its ability to handle complex agentic search scenar-
ios that require sophisticated multi-tool orchestration.

(3) Superior Generalization Across Diverse Benchmarks:
Beyond its outstanding performance on 10 challenging reason-
ing tasks(Table 1), Tool-Star consistently outperforming baselines
across diverse deep information seeking scenarios. Notably, Tool-
Star achieves comprehensive performance across deep web infor-
mation seeking tasks (GAIA, WebWalkerQA), reasoning-search
integration tasks (HLE), Chinese search domains (XBench-DR), and
factual search scenarios (FRAMES), fully demonstrating its versa-
tility. These results underscore Tool-Star’s strong generalization
ability across diverse deep information seeking scenarios.

4.4 Ablation Study
General Ablation Study. In this section, we conduct a system-

atic ablation study in Table 3, where “w/o” denotes removing a
specific component. The results demonstrate that: (1) Removing
any single module leads to performance degradation, highlighting
the critical role of each part of design. (2) Excluding either results
in significant performance drops. the Cold-Start phase helps the
model initially acquire tool-use capabilities, while the RL phase
promotes generalization in multi-tool reasoning. Both stages are
indispensable and complementary. (3) Incorporating hierarchical
rewards and a self-critic mechanism on vanilla RL consistently
brings further improvements, confirming the effectiveness of our
tailored RL strategy.

Detailed Ablation on Training Strategies. To thoroughly eval-
uate the effectiveness of Tool-Star’s complete training strategy
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(a) (b) (c) (d)

Figure 4: (a) Detailed Ablation on Training Strategies of Tool-Star (7B). (b): Tool-use efficiency comparison across TIR methods.
(c): Performance analysis of TIR methods with inference-time tool. (d): Error statistics of tool invocation.

(cold-start SFT+self-critic RL), we conduct a comparative analysis
of four training paradigms, as shown in Figure 4 (a). The results in-
dicate that incorporating DPO after SFT yields inferior performance
compared to vanilla RL, underscoring the superiority of on-policy
RL in modeling tool-use behaviors. Importantly, our self-critic RL,
which interleaves DPO and GRPO, achieves consistently strong
results across all four datasets, suggesting that it effectively inte-
grates the complementary strengths of RL and DPO for dynamic
preference optimization.

4.5 Quantitative Analysis
Multi-Tool Collaboration Gains Analysis. To further verify

Tool-Star’s self-critic RLmechanism truly brings collaborative gains
across multiple tools, we compare the performance of Tool-Star
(8B) under different tool combinations setting while maintaining
data consistency. Notably, MTC denotes the number of multiple
tool-call samples across three datasets. We select GAIA, HLE, and
WebWalkerQA as evaluation benchmarks, as these challenging
datasets are naturally suited for multi-tool application scenarios.
As shown in Table 2, when the model simultaneously combines
search and code tools, it demonstrates progressive performance
improvements compared to single-tool configurations. Furthermore,
as the number of tools increasing (2→ 3), the MTC metric shows
a substantial increase (39 → 92), and Tool-Star achieves notable
performance gains across all datasets correspondingly. This result
indicates a positive correlation between multi-tool collaboration
times and model performance, validating that Tool-Star does not
simply apply tools in parallel, but rather learns collaborative multi-
tool usage paradigms for achieving collaborative gains.

Tool-Use Efficiency Analysis. To validate whether Tool-Star
can efficiently invoke tools during stepwise reasoning, we compare
the Tool-use Accuracy 𝑇𝐸 of various TIR methods on knowledge-
intensive and computation-based reasoning datasets, as shown in
Figure 4 (b). Results indicate that while Search-R1 and ToRL achieve
high accuracy in knowledge and computation tasks respectively,
they underperform in the other domain—highlighting the tendency
of single-tool RL methods to specialize in specific reasoning types.
In contrast, Tool-Star consistently maintains high tool-use accuracy
across both task types and baselines, demonstrating its efficiency
in tool utilization.

Figure 5: Training curves of reward and response length for
models with different parameters.

Inference-Time Tool-Use Analysis. To verify the effectiveness
of inference-time tool design, we further analyze its impact on the
performance of Tool-Star and DotaMath across two datasets. As
shown in Figures 4 (c) and (d), both models exhibit a notable reduc-
tion in tool-use errors during reasoning after applying inference-
time tool optimizations, accompanied by significant performance
improvements. These results not only underscore the detrimen-
tal effect of incorrect tool usage on reasoning accuracy, but also
reinforces the motivation for incorporating inference-time tools.
Notably, the performance gain for DotaMath is substantially larger
than that for Tool-Star, with improvements exceeding 20% onGSM8K.
This suggests that inference-time tools are particularly beneficial
for models with weaker coding capabilities, while models with
stronger coding proficiency, such as Tool-Star, naturally make fewer
tool-related errors and thus have less room for improvement.

Scaling Analysis on Parameter Scales. To investigate the effec-
tiveness of Tool-Star across different parameter scales, we display
the RL training curves of Qwen2.5 with 0.5B, 1.5B, and 3B parame-
ters in Figure 5. Our key observations are as follows: (1) All models
achieve good reward scores at the beginning of training (step 0),
benefiting from the cold-start SFT stage, which significantly re-
duces the exploration burden in early RL; (2) As training progresses,
the average reward scores steadily improve across all model sizes,
indicating that our self-critic RL framework further improve TIR
capabilities on top of the cold-start initialization. (3) Notably, the
average reward shows signs of emergent improvement around step
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10, while no clear inflection point (i.e., “aha moment”) is observed
in response length. Instead, response lengths gradually stabilize,
suggesting convergence toward optimized response patterns.

5 Conclusion
In this paper, we introduce Tool-Star, an end-to-end agentic post-
training framework that empowers LLM-based web agents to strate-
gically interact with external multi-tool environments. To address
the scarcity of tool-use data, Tool-Star employs a scalable TIR data
synthesis pipeline, incorporating normalization and a difficulty-
aware data classification process. Furthermore, we propose a two-
stage agentic training framework to enhance multi-tool collabo-
rative reasoning in LLMs, consisting of a Cold-Start Fine-tuning
phase and a Multi-Tool Self-Critic RL stage. This framework pro-
gressively fosters effective multi-tool collaboration and strengthens
the LLM’s understanding of reward principles. Experiments across
13 challenging benchmarks consistently demonstrate Tool-Star’s
superiority over mainstream web agents. Further analyses on tool-
use efficiency and collaboration gains offer practical insights for
training multi-tool collaborative web agents.
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