Under review as a conference paper at ICLR 2026

AUTOTOOL: DYNAMIC TOOL SELECTION AND
INTEGRATION FOR AGENTIC REASONING

Anonymous authors
Paper under double-blind review

ABSTRACT

Agentic reinforcement learning has advanced large language models (LLMs) to
reason through long chain-of-thought trajectories while interleaving external tool
use. Existing approaches assume a fixed inventory of tools, limiting LLM agents’
adaptability to new or evolving toolsets. We present AutoTool, a framework
that equips LLM agents with dynamic tool-selection capabilities throughout their
reasoning trajectories. We first construct a 200k dataset with explicit tool-selection
rationales across 1,000+ tools and 100+ tasks spanning mathematics, science, code
generation, and multimodal reasoning. Building on this data foundation, AutoTool
employs a dual-phase optimization pipeline: (i) supervised and RL-based trajectory
stabilization for coherent reasoning, and (ii) KL-regularized Plackett-Luce ranking
to refine consistent multi-step tool selection. Across ten diverse benchmarks, we
train two base models, Qwen3-8B and Qwen2.5-VL-7B, with AutoTool. With
significantly fewer parameters, AutoTool consistently outperforms advanced LLM
agents and tool-integration methods, yielding average gains of 6.4% in math &
science reasoning, 4.5% in search-based QA, 7.7% in code generation, and 6.9% in
multimodal understanding. In addition, AutoTool exhibits stronger generalization
by dynamically leveraging unseen tools from evolving toolsets during inference.

1 INTRODUCTION

Recent advances in reinforcement learning (RL) (Hu et al., 2024; Shao et al., 2024; Yu et al., 2025)
have improved the reasoning capabilities of large language models (LLMs) (Lu et al., 2025; Guo
et al., 2025; Team et al., 2025), enabling them to generate long chain-of-thought (CoT) trajectories
for complex tasks across domains such as visual question answering (Antol et al., 2015; Pramanick
et al., 2025), knowledge retrieval (Yang et al., 2018; Su et al., 2025), and mathematical reasoning
(Maxwell-Jia, 2024; Rein et al., 2024). Building on this, a growing line of research on agentic RL
(Singh et al., 2025; Lu et al., 2025; Qian et al., 2025; Chen et al., 2025) explores how LLMs, beyond
purely text-based model internal reasoning, can operate as agents that interleave their reasoning
with multi-turn interactions in external tool environments (Mai et al., 2025; Wang et al., 2025b),
such as search engines (Kong et al., 2023; Jin et al., 2025), code interpreters (Yue et al., 2023;
Feng et al., 2025a), and vision tools (Su et al., 2025; Peng et al., 2025; Wu & Xie, 2024). The tool
integration process reduces compounding errors in long CoT trajectories and enables more precise
and reliable computation, which in turn strengthens the model’s reasoning and leads to consistent
task performance (Zhang et al., 2023; Feng et al., 2025b).

Despite these advances, existing approaches typically operate under the assumption of single-domain
fixed tools (Gao et al., 2025a): the policy model learns when and how to invoke the designated
tools, but the available tools are predefined and static for a specific task. In practice, these methods
curate training datasets that explicitly cover the utilization of this fixed tool inventory, and then apply
advanced supervised fine-tuning (SFT) or RL techniques to align the model’s behavior with the
prescribed tool usage (Feng et al., 2025a; Jin et al., 2025). While effective within closed environments,
such designs fail to capture realistic scenarios where (i) an agent must select the appropriate tool
from a complex, domain-diverse toolset, and (ii) new tools unseen during training stages may later be
introduced and required at inference time, as illustrated in Figure 1. Without an explicit mechanism
for dynamic tool selection, LLM agents risk overfitting to a closed tool inventory and fail to generalize
in evolving or previously unseen tool environments. Addressing this gap requires moving beyond
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Figure 1: Illustration of fixed vs. (challenging) evolving tool environments. AutoTool enables LLM
agents to dynamically select from complex unseen toolsets via a dual-phase optimization pipeline.

simple tool-use to explicitly training LLM agents to adaptively choose tools from a dynamic and
growing toolset during its trajectory generation process, while preserving strong reasoning ability.

To this end, we introduce AutoTool, a framework that equips LLM agents with dynamic tool-selection
capabilities throughout the reasoning process. AutoTool integrates reasoning and tool use into a
unified trajectory, where the agent alternates between generating rationales and selecting tools from a
large and evolving toolset. Specifically, we first construct a 200k dynamic tool-use dataset through
a dedicated curation pipeline, explicitly incorporating tool-selection rationales into the trajectory
generation of LLM agents. Our curated dataset spans a diverse library of over 1,000 tools and more
than 100 tasks across mathematics, science, code generation, and multimodal understanding.

Building on the data recipe, we further design a dual-phase optimization pipeline to train an LLM
agent policy, as illustrated in Figure 1. In Phase I, we initialize the LLM agent with SFT followed by
RL policy optimization, equipping the model with stable long CoT reasoning and trajectory generation
abilities. In Phase II, we continue refining the LLM agent with a dedicated focus on tool selection,
enabling the model to compose effective sequences of tool choices during its generation. To achieve
this, we draw inspiration from the Plackett—Luce (PL) Ranking (Luce et al., 1959; Cheng et al., 2010)
and frame tool-selection steps within model trajectories as a sequence ranking problem over the
evolving toolset. We provide a theoretical bridge connecting the PL Ranking of tool-selection steps
with the LLM agent’s policy optimization, and then optimize the LLM agent with a KL-regularized
objective by minimizing a tractable policy-level Cross-Entropy (CE) loss. The optimization over tool
preferences explicitly trains the LLM agent to favor more effective tool compositions over weaker
alternatives, leading to effective and generalizable tool-selection strategies.

We conduct extensive experiments across ten diverse benchmarks, training both Qwen3-8B (Yang
etal., 2025) and Qwen2.5-VL-7B (Bai et al., 2025) backbones with AutoTool. Incorporating AutoTool
over previous training paradigms, such as SFT and GRPO, further boosts performance by an average
of 6.4% in math & science, 4.5% in search, 7.7% in code generation, and 6.9% in multimodal
understanding. Additionally, while advanced LLM agents or specialized tool-integration methods
typically excel within fixed domains, they often fail to transfer their tool-usage abilities to other tasks.
In contrast, AutoTool consistently demonstrates strong generalizability across all downstream tasks
by leveraging dynamic tool-selection ability.

2 DATA CURATION FOR TOOL-SELECTION

Since existing training data (Yu et al., 2025; Feng et al., 2025a) and downstream tasks (Qian et al.,
2025; Wang et al., 2025a) for LLM agents prescribe fixed tool usage tailored to specific tasks, they
cannot be directly applied to train or evaluate tool selection setups. To address this limitation, we
extend these data recipes to curate a 200k dataset that explicitly integrates tool selection into the
reasoning trajectory. In particular, we design a data curation pipeline that simulates real-world
scenarios of agentic tool selection and reasoning across diverse domains, including mathematical and
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Figure 2: Data curation pipeline for AutoTool (Detailed in Section 2). The overall pipeline has
three stages: (i) Toolset & Task Collection, assembling 1,000+ tools with metadata across 100+
tasks in math, science, code, and multimodal reasoning; (ii) Tool-Selection Rationale Generation,
producing explicit justifications for tool choices; and (iii) Trajectory Augmentation, combining
CoT reasoning, tool-selection, and tool-integration steps into complete trajectories for robust training.

scientific reasoning, code generation, and multimodal understanding. As illustrated in Figure 2, our
pipeline consists of three key stages:

Toolset & Task Collection. We begin by assembling a diverse library of candidate tools, drawing
from prior tool integration studies (Su et al., 2025; Feng et al., 2025a; Jin et al., 2025). In particular,
we collect three representative categories: (i) Code Tools, including code sandboxes and interpreters
that allow the agent model to execute code and leverage outputs or error messages during generation;
(i) Search Tools, covering search engines and web browser APIs (e.g., Jina Reader) for retrieving
external knowledge from various corpora; and (iii) Image Tools, comprising image processing and
understanding modules such as OCR (Su et al., 2025) and GroundingDINO (Liu et al., 2024), which
enable the agent model to extract and reason over textual content embedded in images. This results
in a comprehensive toolset of over 1,000 tools. Each tool is annotated with a feature description
specifying its toolset index, functionality, input-output schema, and usage constraints. In addition,
we curate a diverse set of downstream tasks aligned with these tools, spanning mathematical and
scientific reasoning, code generation, search-based QA, and related domains, covering over 100 task
types. Together, the toolset and task set provide the foundation for enabling agents to operate in
open-ended, multimodal environments.

Tool-Selection Rationale Generation. In real-world scenarios, toolsets are dynamic and evolve
with new incoming tools. Therefore, we avoid formulating tool selection as a simple classification
problem over a fixed tool index. Instead, we cast it as a decision-making process in which the agent
model should learn to reason step by step toward selecting the most appropriate tool for the current
context. To support this, we first retrieve the original responses from the collected downstream tasks
in the previous stage, which consist of reasoning trajectories involving both model reasoning and tool
integration components. In each response chain, before a specific tool is invoked, we leverage an
expert reasoning model (DeepSeek-R1) to generate explicit rationales that justify why a particular tool
is preferred at each step, serving as the supervision signals that align tool selection with contextual
reasoning. We illustrate our template to generate tool-selection rationale training data in Figure 4.

Trajectory Augmentation. After collecting tool-selection rationales, we insert them back into
the original response trajectories. To ensure quality, we first leverage LLM-as-a-judge (Zheng et al.,
2023) to filter out invalid rationales that lead to incorrect tool choices. We then insert the valid
rationales between the model’s internal reasoning and the subsequent tool invocation (see the example
in Figure 2). Finally, we employ DeepSeek-R1 to review the entire trajectory, smoothing connections
and eliminating logical inconsistencies. This process yields a corpus of 200k data instances, including
various tasks with corresponding tool selection and integration trajectory responses.

Toolset Statistics. Through Stage 1: Toolset & Task Collection, we curate a comprehen-
sive toolset of 1,346 tools drawn from diverse domains (e.g., online APIs, open-source li-
braries, multimodal utilities). Among them, 460 tools are used during training, while the re-
maining 886 tools (65.8%) are kept completely unseen and reserved exclusively for inference-
time evaluation. During training, the candidate toolset is fixed to the 460 predefined tools, be-
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cause all tool-selection rationales and ground-truth trajectories in our source datasets involve
only these tools. This fixed training pool ensures stable tool-embedding learning and con-
sistent PL-ranking optimization. Importantly, Stage 1 is decoupled from Stages 2 and 3,
which focus on collecting high-quality reasoning trajectories strictly over the 460 seen tools.
This separation prevents leakage of unseen tools into train- Tuple 1: Statistics of the curated toolset.
ing and enables a clean evaluation of generalization. Dur-

ing inference, we expand the available toolset to the full

1,346 tools, thereby simulating an evolving tool environ- Category #Tools
ment in which many tools have never been observed during  Fyll Toolset 1346
training. This design allows us to systematically evaluate  goo Tools (Training) 460

AutoTool’s ability to perform dynamic tool selection un-

der distribution shift, where the candidate tools may differ Unseen Tools (Inference Only) 836

across tasks and include entirely new unseen tools.

3 AutoTooL

We introduce AutoTool, an agentic reasoning framework that equips LLM agents with dynamic tool-
selection capabilities during generation. Our framework leverages a dual-phase optimization pipeline:
(i) trajectory stabilization through supervised fine-tuning (SFT) and RL-based policy optimization,
which endows agents with stable long-form CoT reasoning patterns; and (ii) tool-selection refinement
via reward-guided Plackett—Luce (PL) ranking optimization.

We begin by introducing the preliminaries and notation that formalize the tool-selection setting within
LLM agents’ generation process (Section 3.1). We then describe how LLM agents interact with an
evolving toolset through tool-embedding grounded trajectory generation (Section 3.2). Next, we
present the overall pipeline for the dual-phase policy optimization strategy (Section 3.3). Finally, we
elaborate on how we optimize tool-selection via PL ranking during policy training (Section 3.4).

3.1 PRELIMINARY

Toolset. We denote 7y as an LLM agent, parameterized by 6. In our agentic reasoning setting, an
LLM agent is endowed with an evolving toolset,i.e., T = {t1,ta,--- ,t;p|}, where the size |T is
not fixed. Each tool t;, € T is paired with a feature description p(¢), which serves as its “instruction
manual,” specifying the tool’s name, functionality, input-output schema, and usage constraints.

Agentic Trajectory Generation. We conceptualize a complete reasoning trajectory generated by an
LLM agent 7y as an interplay among three complementary components:

_ reason select integrate
T =...T,_1 @7 D T ey e))

where 7 includes: (i) inner-reasoning steps 7¢“*°", which my produces a CoT format internal reasoning

process; (ii) fool-selection steps 7select \which 7y reasons over the toolset 7" and selects a tool ¢, € T
for use; and (iii) tool-integration steps T8’ which follow immediately after the tool-selection
steps and involve invoking the selected tool, executing it, and feeding the feedback back into my’s
middle generation.

Per-step Tool Selection. During trajectory generation, we consider the tool-selection step Tfelec‘ in
particular and formulate 7y’s tool-selection process as a per-step decision-making problem. Given
the input question x, the evolving toolset T', and 7y’s previous generated steps 7—;, we model 7p’s
generation at step 7 as selecting 7:°° from all potential tool-selection candidates { 73 | ¢, € T'}

with each T,iele“ corresponds to the tool ¢, € T', i.e.,

Tiselm = argmax (T,idm | ©, T<, T). 2)
seoe

3.2 ToOL-AWARE TRAJECTORY GENERATION

We first describe how, in AutoTool, an LLM agent interacts with the external toolset 7" and makes tool
selections during its trajectory generation. Our rollout procedure is designed to allow LLM agents to
seamlessly interleave reasoning with tool-selection steps for more coherent and effective tool usage.
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Figure 3: Illustration on AutoTool’s Tool-Selection Refinement Phase. We cast tool-selection as a
Plackett—Luce (PL) ranking problem during trajectory generation, optimizing the LLM agent to align
its policy distribution with reward-consistent tool preferences.

Tool Embedding. To incorporate rich and precise information from the external toolset 7" into
the LLM agent 7y, we first collect the embedding representation of each tool ¢;, together with its
descriptive features 1(t;). We leverage the internal embedding layer of 7y to obtain a contextualized
representation for each tool:

€y, = Embﬂ'e [tk’a :u’(tk)] ) with gT = {etk}LyTzllv (3)

where Er is the tool-embedding set for 7'. The latent embedding for each tool shares the same hidden
state space as the LLM agent, ensuring natural alignment with its reasoning generation process.

Embedding-Anchored Tool Selection. For each tool-selection step 75°t, we ask 7 to first generate
a selection rationale s;, followed by an explicit anchor token with predicted embedding representation
€’;. The tool for Tfel“t is then selected by sampling from the softmax-normalized distance distribution

(Dong et al., 2015) between the predicted €’; and the candidate tool embeddings e;, € Er:

exp( - ||e’,; — €t ||2F)

a theT exp( —vllei— €; ||%?) ’

“

W@(tk | £L’,T<i,8i,T)

where || - || is the Frobenius norm and « > 0 controls the distribution skewness. By sampling from
an embedding-based distribution, the LLM agent dynamically selects tools that are most aligned with
its previous reasoning context. After the tool selection step, the predicted tool is invoked and executed,
with its outputs and feedback returned to the LLM agent for subsequent trajectory generation.

( Takeaway: Why Embedding-Anchored Selection for Evolving Toolsets?

As the external toolset T" evolves, directly generating tool names by the LLM agent risks failure
on unseen tools. By anchoring selection in the embedding space which is generalizable (Mikolov
et al., 2013; Ganguly et al., 2015), the agent can select new tools via representation alignment,
avoiding reliance on memorized tool identifiers and remaining robust to evolving toolsets.

3.3 DUAL-PHASE POLICY TRAINING PIPLINE

Next, we describe how the LLM agent is trained as the policy model in AutoTool through a dual-phase
optimization strategy. The overall training flow of 7y is summarized as follows:

SFT

RL PL Ranking
Oret —> Os;r — O ———

eAutoTool

Phase I - Trajectory Stabilization Phase II - Tool-Selection Refinement

Phase I — Trajectory Stabilization. To enable the LLM agent to follow the reasoning patterns
in Eq. 1 and produce valid tool-integrated trajectories, we initialize from a base reference model
T, (€.g., an off-the-shelf reasoning model). The LLM agent is then trained using agentic training
strategies (Dong et al., 2025; Feng et al., 2025a), beginning with supervised fine-tuning and followed
by RL-based policy optimization. The primary goal of Phase I is to equip the LLM agent with stable
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generation across inner-reasoning, tool-selection, and tool-integration steps, which serves as the basis
for the subsequent tool-selection refinement in Phase II.

Phase II — Tool-Selection Refinement. After the agent acquires stable reasoning capabilities in
Phase I, we further refine the model with a dedicated optimization focused on tool-selection steps.
Unlike the full-trajectory optimization in Phase I, we mask out internal reasoning and tool-integration
steps, restricting optimization to the tool-selection segments of trajectories. This masked formulation
places special emphasis on improving the tool-selection process.

KL-Regularized Tool-Selection Objective. In Phase II, we train the LLM agent via a KL-regularized
RL objective to refine its tool-selection process. Formally, given an input question = and the toolset
T, our objective is to optimize the LLM agent policy from Phase I by:

H}T%X ETNTK‘Q(*'I,T) [Rtool(T)] - ﬁ . DKL(ﬂ-Q(' ‘ xaT) || 7T-Old(' | qu))a (5)

where /3 controls the regularization intensity and Ry (+) denotes the masked trajectory reward that
evaluates solely on the correctness of tool-selection steps (defined later).

Motivation on Policy Optimization under PL Ranking. Previous agentic RL approaches (Shao
et al., 2024; Yu et al., 2025) directly optimize trajectory output rewards but do not explicitly capture
the ordering relationships among candidate tools in the toolset. On the other hand, Plackett—Luce
(PL) ranking (Luce et al., 1959; Cheng et al., 2010) converts trajectory rewards into a permutation
distribution, so that higher-reward tools are prioritized over weaker ones. This formulation naturally
aligns with our embedding-anchored selection mechanism described in Eq. 4. Motivated by this,
we optimize Eq. 5 under the PL ranking framework, aligning the policy-induced ranking with
reward-guided tool preferences and providing a principled refinement of tool-selection behavior.

3.4 PL RANKING & OPTIMIZATION ON TOOL SELECTION

We detail how the LLM agent is optimized under the PL ranking framework. The key idea is to view
trajectory rollouts for each query as a ranked list, where the relative order is induced by trajectory
rewards derived from tool-selection steps. By mapping these rewards into a probabilistic ranking
distribution, we connect the LLLM agent policy optimization with ranking consistency and train the
policy with a tractable loss that directly improves the LLM agent’s tool-selection accuracy.

Trajectory Collection & Reward Assignment. For each input question x and toolset 7', we first
sample N trajectory rollouts 7 = {7()} 9’21 from the LLM agent 7y (- | x, T'). Within each trajectory,
every tool-selection step 75! is assigned a step-level reward 1o that jointly evaluates the quality
of the tool-selection rationale and the correctness of the final answer produced with the chosen tool:

Tiool (2, T°Y) = PRM(73°°%) + Acc(z, ty), t, €T, (6)

2

where the process reward model, PRM(+), provides dense supervision by evaluating the reasoning
quality of each tool-selection step 7:**!, and Acc(x, t;) measures whether the final answer obtained
using tool ¢; is correct. We then aggregate all per-step selection rewards into a single masked
trajectory-level reward Ry (T) = ﬁ Dic S(r) Tro01 (T, T5°1), where S(7) is the (random) set of
selection-step indices in each trajectory 7. We use Ry, for the KL-Regularized optimization in Eq. 5.

PL Ranking over Collected Rollouts. Given the collected set of trajectory rollouts 7 with associated
tool-selection rewards Ry, for a permutation o of IV trajectories, we have the induced PL ranking
model of the LLM agent 7y:

N ,
exp (Rioot (770))
Pﬂe(U‘T):H N ( = a()l) )
j=1 Zl:j exp (Rtool(T ))
where o(j) denotes the trajectory placed at rank j in the permutation o. Eq. 7 shows that trajectory

candidates with higher tool-selection reward appear earlier in the ranking order, thereby providing a
tool-preference aware distribution over the N candidate rollouts.

)

Bridging PL Ranking with Policy Optimization. In Eq. 7, directly optimizing the PL distribution
over the V! possible trajectory permutations is computationally infeasible (Cheng et al., 2010). To
obtain a tractable training objective, we establish a theoretical bridge that links the PL ranking to the
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LLM agent’s policy optimization. In Proposition 3.1 below, we establish that learning the optimal
policy is equivalent to matching its induced PL ranking distribution over candidate trajectory rollouts.

Our key contribution is establishing a theoretical bridge that connects PL-ranking with LLM policy
optimization, enabling a tractable surrogate objective that faithfully preserves PL preference structure.
To our knowledge, this is the first framework that applies PL-ranking to dynamic tool selection under
evolving and unseen toolsets.

( N

Proposition 3.1 (Equivalence between Optimal Policy and PL. Ranking). Consider the KL-
regularized RL objective defined in Eq. 5 with the tool-selection reward R, defined in Eq. 6. Let
7" denote the corresponding optimal policy (Rafailov et al., 2023) for Eq. 5. Then, a trainable
policy gy is equal to the optimal policy (i.e., m9 = ") if and only if their induced PL ranking
distributions coincide for any input x and trajectory collection T, i.e.

7T9:’/T* <~ Pﬂ-e(0'|7-) = Pfr*(0|7-)a Vo.

- J

Proposition 3.1 (proof in Appendix C) suggests that optimizing the LLM agent policy provides
a tractable surrogate to direct PL ranking optimization. Accordingly, leveraging the closed-form
solution of 7* (Schulman et al., 2017; Rafailov et al., 2023), we employ a practical Cross-Entropy
(CE) loss to train the LLM agent policy my towards the optimal policy 7* on a training set D:

Lcg=—Ezop g (1|, T) logmg(r | 2, T)
TET
(®)

E Z 7Told T | z T) eXp( Rtool(T)) og 7'1'9(7' | LU,T)
— — Lgz~D .
= Yorer Tola(T! | 2, T) eXp( Riool (17)) Yorermo(t | 2,T)

4 EXPERIMENTS

Datasets. To assess the effectiveness and generalizability of AutoTool, we conduct evaluations
on a broad range of downstream tasks. For mathematical and scientific reasoning, we evaluate on
AIME24 (Maxwell-Jia, 2024), AIME25 (math ai, 2025), and GPQA-Diamond (Rein et al., 2024). For
search-based reasoning, we use multi-hop question answering datasets including HotpotQA (Yang
et al., 2018), 2WikiMultiHopQA (2Wiki) (Ho et al., 2020), and Bamboogle (Press et al., 2022), which
together cover a broad spectrum of search and reasoning challenges. For multimodal understanding,
we first apply MMSearch (Jiang et al., 2024), a comprehensive benchmark for evaluating multimodal
search performance. In addition, to assess AutoTool performance in multi-turn interaction scenarios,
we curate 500 image-based questions spanning three domains: (i) V-Chart, covering chart reasoning
with questions sourced from the ChartGemma dataset (Masry et al., 2024); (ii) V-Math, consisting
of math problems derived from GSM8K (Cobbe et al., 2021) and AIME24 (Maxwell-Jia, 2024);
and (iii) V-Code, focusing on code generation with questions drawn from MBPP (Austin et al.,
2021), HumanEval (Chen et al., 2021), and LiveCodeBench (Jain et al., 2024). All three domains are
presented to the LLM agents in image form, requiring them to parse visual inputs before reasoning.

Baselines and Models. We compare AutoTool with a broad set of baselines, including advanced
LLM agents, fixed tool-integration approaches, and agentic training paradigms. (i) For advanced
LLM agents, we compare against strong reasoning models including GPT-4o0 (Hurst et al., 2024),
Qwen2.5-VL-72B (Bai et al., 2025), Qwen2.5-Math-72B (Yang et al., 2025), QwQ-32B (Team,
2025), and DeepSeek-R1-Distill-Qwen-14B (Guo et al., 2025). (ii) For tool-integration methods,
we compare with ReTool (Feng et al., 2025a) for strategic tool use on math and science reasoning,
Search-R1 (Jin et al., 2025) for search-based question answering, and v-ToolRL (Su et al., 2025) for
multimodal understanding. (iii) For training-stage based comparisons, we compare with two common
agent training paradigms, including SFT where the policy model is directly fine-tuned on curated
trajectories that interleave reasoning with tool invocations, and GRPO (Shao et al., 2024), which
trains the SFT checkpoint to refine reasoning trajectories.

Implementation Details. We incorporate AutoTool into two off-the-shelf models Qwen3-8B (think
mode) (Yang et al., 2025) and Qwen2.5-VL-7B (Bai et al., 2025), and train them on our curated



Under review as a conference paper at ICLR 2026

Table 2: Comparison of AutoTool with both advanced LLM agents and tool-integration methods
across math, search, and multimodal benchmarks. While some baselines excel in isolated domains
(e.g., ReTool on math, Search-R1 on search, GPT-40 on multimodal), AutoTool delivers balanced and
robust performance across all diverse tasks, demonstrating the generalization benefits of dynamic tool-
selection and integration. The best results are bold, and the second-best results are underlined.The
Oracle row reports the upper-bound performance when the correct tool name is directly provided,
enabling transparent comparison against optimal tool-selection behavior.

Method Size Math 1 Search 1 Multimodal 1
AIME24 AIME25 HotpotQA 2Wiki V-Chart V-Math V-Code
Advanced LLM Agents

GPT40 - 18.2 15.8 38.7 29.8 273 414 51.2
Qwen2.5-VL-72B-Instruct 72B 6.3 4.1 13.9 104 225 24.5 18.2
Qwen2.5-Math-72B-Instruct 2B 313 274 23.7 16.7 - - -
QwQ-32B 32B 473 31.8 32.6 22.3 - -
DeepSeek-R1-Distill-Qwen-14B 14B 65.9 44.1 24.2 14.1 - - -

Tool-Integration Methods

v-ToolRL 2B - - - - 21.6 19.5 13.3

Search-R1 7B 12.1 73 43.3 44.5 - - -

ReTool 32B  70.1 47.4 214 19.7 - - -
Dynamic Tool-Selection & Integration

AutoTool (Qwen2.5-VL-7B) 7B 453 38.9 332 36.5 13.2 44.3 52.5

AutoTool (Qwen3-8B) 8B 68.8 51.2 45.1 48.8  24.7 53.0 56.1
Oracle Tool Assignment (Upper Bound)

Oracle (Qwen2.5-VL-7B) 7B 46.7 39.1 35.2 38.1 13.6 43.7 533

Oracle (Qwen3-8B) 8B 70.3 53.8 46.7 504 269 54.8 58.2

200k dataset described in Section 2. For Phase I training, we leverage LLaMa-Factory (Zheng et al.,
2024) for SFT and VeRL (Sheng et al., 2024) for GRPO training. For Phase II training, we train
the induced PL ranking framework by setting the rollout size N to 8 per question and training for
3 epochs. All training and inference experiments are conducted on 8xA100-80G GPUs. We leave
additional experimental setups in Appendix D.

4.1 AUTOTOOL BALANCES PERFORMANCE ACROSS VARIOUS DOMAINS

As shown in Table 2, we first compare AutoTool against both advanced LLM agents and tool-
integration methods. Large LLM agents such as GPT-40 and Qwen2.5-VL-72B rely primarily on
internal chain-of-thought reasoning and lack the ability to adaptively invoke external tools. As a
result, their performance is uneven. For example, GPT-40 shows strong multimodal ability (27.3%
on V-Chart, 51.2% on V-Code) but lags behind on math-intensive tasks (18.2% on AIME24, 15.8%
on AIME2S). Qwen2.5-Math-72B, while stronger in math (31.3% on AIME24, 27.4% on AIME25),
fails to generalize to search or multimodal tasks. In contrast, AutoTool extends reasoning beyond the
model’s internal capacity through dynamic tool selection, achieving 68.8%/51.2% on AIME24/25,
45.1%/48.8% on HotpotQA/2Wiki, and 53.0%/56.1% on V-Math/V-Code.

For tool-integration methods, we observe a limitation in their inability to maintain consistent reasoning
across different domains due to their fixed tool-usage abilities. For example, ReTool excels in math
(e.g.,70.1% on AIME24, 47.4% on AIME25) but drops sharply on search tasks (21.4% on HotpotQA,
19.7% on 2Wiki). Such brittleness highlights the limitations of fixed-task optimization. In contrast,
AutoTool achieves balanced and robust performance across all domains, with AutoTool (Qwen3-
8B) reaching the highest performance on 6 out of 7 benchmarks. These results demonstrate that
explicit tool-selection optimization not only adapts tool use to task demands but also preserves stable
reasoning across diverse modalities.
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Table 3: Comparison of AutoTool with agentic training baselines (SFT and GRPO). AutoTool
consistently outperforms the training-based baselines, demonstrating that the Phase II PL-ranking
stage provides complementary gains by explicitly optimizing dynamic tool selection.

Method Math & Science 1 Search 1 Multimodal 1
AIME24 AIME25 GQPA HotpotQA 2Wiki Bamboogl V-Chart V-Math V-Code MMSearch

Qwen3-8B 46.7 40.0 58.1 26.2 31.1 37.4 6.0 394 432 -
SFT 533 40.0 63.6 343 37.9 40.2 16.3 44.6 48.6 -
GRPO (with SFT)  60.0 46.7 70.7 38.6 452 52.8 22.8 51.8 55.2 -
AutoTool 66.7 53.3 73.7 45.1 48.8 56.8 24.7 53.0 56.1 -
Qwen2.5-VL-7B 6.7 13.2 7.6 14.0 18.2 10.6 2.6 229 26.6 27.8
SFT 30.0 20.0 30.8 24.9 22.0 24.5 6.8 28.4 432 39.7
GRPO (with SFT)  36.7 333 333 28.5 325 44.0 10.7 42.7 49.6 452
AutoTool 46.7 40.0 38.4 33.2 36.5 48.2 13.2 44.3 52.5 49.3

4.2 AUTOTOOL ADVANCES BEYOND STANDARD AGENTIC TRAINING PARADIGMS

Table 3 compares AutoTool with two commonly adopted agent training paradigms. For Qwen3-
8B, we equipped the model with vision-extraction tools such as OCR to retrieve text from image
inputs. AutoTool consistently surpasses both SFT and GRPO by explicitly modeling and optimizing
tool selection within reasoning trajectories. For instance, on Qwen3-8B, AutoTool delivers a 6.7%
improvement on AIME24 and 6.5% on HotpotQA over GRPO, while on Qwen2.5-VL-7B, AutoTool
boosts multimodal performance to 49.3% (MMSearch) and 52.5% (V-Code), outperforming the
GRPO baseline by over 7%. Our results show that, beyond stabilizing reasoning via fine-tuning
and improving trajectory coherence with GRPO, Phase II PL-ranking provides complementary
benefits by explicitly modeling dynamic tool selection, thereby enabling tool-aware optimization.

Table 4: Comparison with a ground-truth
tool assignment baseline where the correct
tool is directly provided to the LLM agent
before invocation (i.e., no requirements for
explicit tool-selection actions).

AutoTool vs. Oracle Tool Assignment. To examine
the effectiveness of AutoTool’s dynamic tool selection
abilities, we further conduct experiments to compare
AutoTool with a ground-truth tool assignment baseline
where the correct tool is directly provided before each
invocation. As shown in Table 4, we find that Auto-
Tool achieves performance highly competitive with

Qwen2.5-VL-7B Pre-given (No Tool-Selection) AutoTool

this “oracle" setup, with only marginal differences  AIME24 46.7 46.7
across benchmarks (e.g., 49.3 vs. 49.8 on MMSearch ;I\,OJS(?QA ;;f ;;§
and 44.3 vs. 43.7 on V-Math). This minimized gap  Mwmsearch 49.8 493
demonstrates that AutoTool ’s Phase II optimization  V-Math 87 443

enables agents to autonomously select tools nearly as
effectively as ground-truth assignment, validating the robustness of explicit tool-selection training.

4.3 CASE STUDY ON AUTOTOOL

In Appendix B, we present an example of AutoTool (Qwen3-8B) solving an image-based cryptarith-
metic puzzle from V-Math. The agent first invokes OCR to extract textual content from the input
image, and then adaptively switches to the Code Interpreter to verify digit assignments and compute
the final solution. This case study highlights how AutoTool enables dynamic tool selection for the
agent model to seamlessly integrate visual perception with symbolic reasoning.

5 RELATED WORK

Agentic Reasoning in RL. A prominent line of research on agentic reasoning in LLMs builds upon
reinforcement learning to optimize reasoning behaviors directly. The introduction of GRPO and
its variants (Shao et al., 2024; Zheng et al., 2025; Zhao et al., 2025; Li et al., 2025; Zhang et al.,
2025; Liu et al., 2025; Yu et al., 2025; Lu et al., 2025) marked a turning point, proposing a critic-free
formulation that estimates group-relative advantages across sampled responses. Building on these
foundations, recent work has explored agentic reasoning with tool use, such as ARTIST (Singh et al.,
2025) and rStar2 (Shang et al., 2025), which employ outcome-based RL in settings with noisy or
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uncertain tool feedback. In parallel, recent research on self-evolving agents (Fang et al., 2025; Gao
et al., 2025a) shifts the view from static agents toward agents designed for continual adaptation.
This line of work emphasizes mechanisms such as continual learning, structural modification, and
autonomous self-improvement to extend an agent’s reasoning capacity over time.

Tool Integration for LLM Agents. Early work on tool use in LLMs relied on prompting strategies
that interleaved reasoning with external queries or API calls (Press et al., 2023; Yao et al., 2023),
but one drawback is that these inference-only methods make model parameters unchanged and
struggled on complex tasks. Meanwhile, some existing works (Schick et al., 2023; Nakano et al.,
2021) proposed training-based approaches that explicitly empower LLMs with tool-use capabilities,
as well as extended tool-usage to large-scale API integration and planning (Patil et al., 2024; Song
et al., 2023), multi-tool orchestration (Shen et al., 2023), and adaptive selection (Qin et al., 2024).
More recent work integrates tool use tightly into training and system design, such as multimodal agent
tuning (Gao et al., 2025b) and infrastructure for dynamic discovery and synchronization (Lumer et al.,
2025; Ding, 2025; Mastouri et al., 2025). However, existing tool-integration work setups generally
assume a fixed set of designated tools for limited tasks, whereas realistic scenarios usually demand
dynamic selection from large and evolving tool pools. In this context, we address this by explicitly
modeling tool selection within reasoning trajectories.

6 CONCLUSION

We introduced AutoTool, a framework that equips LLM agents with dynamic tool-selection capabili-
ties. First, we curate a large-scale dataset with explicit tool-selection rationales to ground reasoning
in realistic tool-use scenarios. Then, we train the agent policy through a dual-phase optimization
pipeline, enabling AutoTool to move beyond static tool use and achieve adaptive, generalizable
reasoning. Extensive experiments across mathematics, science, retrieval, and multimodal tasks show
that AutoTool consistently outperforms training-only baselines and existing tool-enhanced methods.
These results highlight the importance of explicit tool-selection optimization in building extensible
agents that can effectively operate under evolving tool environments.

ETHICS STATEMENT

This work does not involve human subjects, sensitive personal data, or experiments that could directly
raise ethical concerns. Our study focuses on developing methods for large language model agents to
improve reasoning with dynamic tool selection. The datasets used in training and evaluation are pub-
licly available benchmarks (e.g., AIME, GPQA, HotpotQA, MMSearch, etc.), and all preprocessing
steps are fully documented. We do not foresee any immediate harmful applications of the methods,
but we note that stronger reasoning and tool-use abilities could potentially be misused for harmful or
deceptive purposes if applied irresponsibly. We encourage responsible use of our work and adherence
to the ICLR Code of Ethics.

REPRODUCIBILITY STATEMENT

We have taken several measures to ensure the reproducibility of our results. The main text describes
the model architecture, training procedure, and evaluation setup in detail (Sections 2 to 4). Additional
hyperparameters, training configurations, and implementation details are included in the appendix.
The appendix C further provides complete theoretical proofs of the main propositions to ensure
transparency and verifiability of our claims. All datasets used in our experiments are publicly
available, and we describe the preprocessing pipeline in Section 2. To facilitate replication, we
release the source code through an anonymized link https://anonymous.4open.science/
r/iclr_autotool_code—-2E15/. Together, these resources provide sufficient information for
independent reproduction of our results.
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A THE USE OF LLMSs

LLMs are integral to this work in two capacities. First, they serve as the agents, where our AutoTool
framework equips pre-trained models with dynamic tool-selection abilities. We evaluate across
diverse families and scales, including Qwen3-8B and Qwen2.5-VL-7B, as described in Section 4.
Second, during data curation (Section 2), we employed an expert reasoning model (DeepSeek-R1) to
generate explicit tool-selection rationales and validate trajectory consistency, ensuring high-quality
supervision signals. Finally, LLMs were also used in a limited capacity for writing assistance,
specifically to improve phrasing and readability of this manuscript. They did not contribute to
research design, methodological innovations, or experimental results; all scientific contributions are
the responsibility of the authors.
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B CASE STUDY ON AUTOTOOL

Case Study on V-Math

Input Prompt: You are given a problem and a set of tools.
Solve the problem step by step by selecting the proper
Solve the following problem: tools to use during your thinking.
WHITE
Here is the name and usage instructions for the
toolset, where you will select the appropriate tools to use.
""""""" Tool 1: Code Interpreter (CI) ...
Prelixc Tool 2: OCR ...

Each distinct letter represents a different digit. Tool 3: SearchAPI ...
Find the number represented by the answer PICNIC.

+ WATER

Now, given the input image <problem.png> about the
cryptarithmetic puzzle, solve the problem and put the final
answer into \boxed{ }

problem.png

AutoTool Response:

Okay, let’s tackle this cryptarithmetic puzzle step by step. First, given the input image, I need to extract the
information about the puzzle for later calculation.

<select> We need to extract the information from the input image and then reason programmatically about the
cryptarithmetic problem. OCR is suitable because it converts the visual image into structured text for further
automated reasoning. <tool>OCR</tool> </select>

<ocr>

{"name": "OCR", "action": "extract_text", "input": "problem.png"}
</ocr>

<interpreter> Extracted Text: Solve the following problem ... by the answer PICNIC. </interpreter>

From the texts, each letter represents a unique digit. We need to find the number represented by PICNIC.
First, since adding two 5-digit numbers results in a 6-digit number, the leading digit P must be 1 due to the
maximum carryover. So, P = 1. Next, we analyze the columns from right to left. The key steps involve
checking carryovers and ensuring unique digits. Let’s verify possible values for W and I based on the
equation 2W +cq4 = 10+ 1.

<select> We need to systematically check possible values for W and I based on mathematical constraints. This
requires iterating through multiple possibilities and performing calculations. A code execution environment is

ideal for this task. <tool>Code Interpreter (CI)</tool> </select>

<code>

4 A

possible_w_i=[]
for c4 in [0,1]:
for W in range (2,10):
I=2*«W+c4-10
if 0<=I<=9 and I!=1:
possible_w_i.append((W,I,c4))
print (possible_w_1i)

(. J

</code>

<interpreter>

(5,0,0), (6,2,0), (7,4,0), (8,6,0), (9,8,0), (6,3, 1), (7,5,1), (8,7,1), (9,9, 1)]
</interpreter>

From the output, valid (W, I) pairs are filtered. We then explore each case. After several attempts, we find a
valid solution when W = 8, I = 6, c4 = 0, and other constraints align. Thus, WHITE is 83,642 and WATER
is 85,427. Adding together, the PICNIC is 169,069. All digits are unique and satisfy the constraints. Thus, the
\answer is \boxed{169069}.

J
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C THEORETICAL BRIDGE BETWEEN OPTIMAL POLICY AND PLL RANKING

C.1 PROOF OF PROPOSITION 3.1

In the main body, we denote P, (c|7T) by omitting the query z for notation brevity. For the derivations

below, we reinstate this dependence. In this case, for a collection of trajectories 7 = {7 }'].’Ql and
query z, the Plackett-Luce (PL) ranking model induced by a policy T, relative to a previous policy
Tod, Will be defined as:

7 (17D
1Tl exp (5 log ﬁ)

Pr(o|T, = ; ) 9

(U| J}) H |71 1 7 (ro () |x) ®)
=1 L= P | Blog 7oy

where we have o being a permutation (or ranking) of the indices {1,2,...,|7}, and denote 77(*)

being the trajectory ranked at position 7 in permutation o. FZEZTIT;) represents the relative preference

of policy 7 over the previous checkpoint before updating.

We consider two policy models: y is a trainable policy model with parameters 6, and 7* is the
optimal policy model. Subsequently, let us denote the two induced PL ranking models by

o (i)
Tl exp (5 log M)
. ot (77 (D [z)
Pro(01T,0) =11 7 o (") [z) \’
i=1 Ej:i exp (ﬁ log ﬂold(Taunx))

0 _o(i)|,.
7] exp (ﬂlog M)
B Toia (77D )
P (o] T,2) =[] 7l w (r7 D) \ |
i1 D j—; €XP (6 log m)

We will then have the following result on the equivalence between the optimal policy and the
optimal PL ranking model. Results from the following Proposition C.1 supports the conclusion from
Proposition 3.1.

( )

Proposition C.1 (Equivalence between Optimal Policy and PL. Ranking). Consider the KL-
regularized RL objective defined in Eq. 5 with the tool-selection reward R, defined in Eq. 6. Let
m* denote the corresponding optimal policy (Rafailov et al., 2023) for Eq. 5. Then, a trainable
policy my is equal to the optimal policy (i.e., m1g = ") if and only if their induced PL ranking
distributions coincide for any input x and trajectory collection T, i.e.

7T9:’/T* < Pﬂ-e(0'|7-) = Pﬂ*(0|7-)7 Vo.

& J

Proof. We need to prove both directions of the equivalence, and we will start with the forward
direction that optimal policy indicates the optimal PL ranking.

Forward Direction. Suppose my(7|z) = 7*(7|x) for all 7 and z. Then, since the policies are
identical, their ratios with respect to the old policy are also identical, leading to
mo(rlz) _ 7 (rl2) 00

7Told(7'|33) 7Told(7'|36’)

Therefore, with 5 > 0, for any permutation ¢

o (7D |z (17D |z
A 7] exp (510g %) 3 71 exp (Blog W)
mo 1 T) = H |7 31 mo(re@z) \ } [T 81 T (17D |x)
i=1 25— exp (Blog T irmmsy ) =t 2= exp ( Blog T i
= P« (0|T, 2)

Thus, if the policies are identical, then their induced PL ranking models are also identical.
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Reverse Direction. Suppose Py, (0 | T,2z) = Pr«(0 | T,z) for possible permutations o, finite
trajectory sets 7, and queries = (with 8 > 0 and 7o (- | ) > 0 on the support). First, define the
scores

w(t|z)
Tod(T | )

Sx(7]x) := Blog

Next, consider any two trajectories 7, 7" and the two-trajectory collection 7 = {7,7'}. The PL
probabilities for the two possible permutations satisfy

Pﬂe ((T’ T/) | T, m) = Pr ((Ta T/) | T, w), P‘ﬂ'e ((7_177_) | T, x) = P ((TlvT) | T, x)

By the PL definition on a two-item set 7 = {7, 7'}, the probability of placing 7 first under = will be
sx(T|2) 1
e

esn(Tl0)  esa(T2) — 1 1 exp (s (7" | @) — sz (7 | 2))

Pﬂ((T, VI T, x) =

Hence equality of the two top-1 probabilities for 7y and 7* implies equality

Po((n )| To) _ Pt To0) e trloensto

Pﬂ'e((T/’T) ‘ T,J}) PTF*((T/vT) IT,J))
Taking logarithms yields

N2) — g e (rla)—spe (7']2)

Smg (T | @) = 8y (7 [ @) = 87 (7 | @) = 57 (7" | 7).
Fix an arbitrary reference g and set 7/ = 7. The above identity then gives, for every T,
S0 (T | ) = 87y (10 | 2) = 87 (7 | 2) = 87 (70 | ).

Based on the invariance property of the exponential scoring and ranking mechanism (Lemma C.2),
this is equivalent to the existence of a constant C'(x) := s, (70 | ) — Sz« (70 | ) (independent of 7)
such that
Smo(T | ) = 8xe (7 | ) + Cl2), V7.
Equivalently,
Blog 7 12)
Told (T | )

so dividing by 3 and exponentiating gives

(7 | z)

Toud (T | )

= Blog + C(x),

mo(r|x) _ m(T]2) cwys

= = m(t|z) =€ (T | ).
ol (7 | ) Told(7 | ) (] 2) (]2)

Since both 7y and 7* are probability distributions and will sum to 1 over all possible trajectories,
e€@)/B = 1, which implies 7y (7|z) = 7*(7|x). Therefore, if the induced PL ranking models are
identical, then the underlying policy models will also be identical. Combining the results from both
directions will complete the proof.

O
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C.2 PROOF OF LEMMA C.2

In this section, we provide the proof for Lemma C.2 previously used in the proof of Proposition C.1.

( \

Lemma C.2 (Softmax Shift-invariance Property). Let z,w € R%, d > 2 be two vectors of
the same dimension. The softmax outputs are identical, softmax(z) = softmax(w), if and only
if there exists a scalar constant C' € R such that the inputs differ by a constant shift, i.e.,
w =z + C - 1, where 1 is the vector of ones. The softmax function is defined component-wise

_ exp(z
as softmax(x); = ﬁ

L J

for a position i.

Proof. (Forward =) Suppose vector w = z + C - 1 for some constant C. Then, for any component
1

softmax(w); = — o) __oxp(z +C)
Z] 1 exp(w;) Zj:1 exp(z; + C)
exp(zi)e” exp(z;)

= = = = softmax(z);.
e® Zj:l exp(z;) Zj:l exp(z;)

Since this holds for all ¢, softmax(w) = softmax(z).

(Backward<) Suppose softmax(z) = softmax(w). Let S, = >_, exp(z;) and Sy, = 3 _; exp(wy).
%(Z") = exgi(“”) for all 7. Since S, Sy, > 0, we rearrange to get

exp(w;) = exp(z;) - (Sw/S:).

Let the positive constant K = S,,/.S. Taking the natural logarithm yields w; = In(exp(z;)K) =
zi + In(K). Setting the constant C' = In(K), we have w; = z; + C for all i. Thus, we will have
w = z + C' - 1, which completes the proof.

This condition implies

O
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D EXPERIMENT SETUPS

We evaluate our model on a comprehensive suite of benchmarks to assess its capabilities across
various domains. The datasets used are detailed below, categorized by the primary task they are
designed to evaluate.

Mathematical and Scientific Reasoning

* AIME24 and AIME25 (Maxwell-Jia, 2024; math ai, 2025): The American Invitational Mathemat-
ics Examination (AIME) datasets, specifically from the years 2024 and 2025, consist of challenging
mathematical problems from this prestigious high school competition. These datasets are used to
evaluate the mathematical reasoning and problem-solving abilities of large language models. The
problems cover various domains like algebra, geometry, and number theory and require multi-step
reasoning.

* GPQA / GPQA-Diamond (Rein et al., 2024): GPQA is a benchmark of 448 graduate-level
multiple-choice questions in biology, chemistry, and physics, crafted by domain experts and
validated to be “Google-proof.” Expert accuracy is 65% (or 74% after correction), while skilled
non-experts (with unlimited web access) achieve 34%. The “Diamond” subset is often used to
select the hardest subset of these questions.

Search-Based Reasoning

* HotpotQA (Yang et al., 2018): A multi-hop QA dataset built over Wikipedia, containing 113k
questions. Each question often spans multiple documents, and supporting fact annotations are
provided to encourage explainable reasoning.

* 2WikiMultiHopQA (2Wiki) (Ho et al., 2020): Similar to HotpotQA, this is a multi-hop question-
answering dataset created from Wikipedia. It’s designed to evaluate the reasoning steps of a model
and includes evidence to support the answers. It has different question types, including comparison,
inference, and compositional questions.

* Bamboogle (Press et al., 2022): This dataset is a collection of questions that are designed to
be difficult for Google’s search engine to answer correctly. It is used to test the compositional
reasoning abilities of language models, pushing them beyond simple information retrieval.

Multimodal Understanding

* MMSearch (Jiang et al., 2024): This is a benchmark for evaluating the multimodal search per-
formance of large language models. The dataset consists of instances that are not present in the
training data of current models, so the correct answer can only be found by searching. It evaluates
models on tasks like re-querying, reranking, and summarization in a multimodal context.

Data Example of V-Chart

- - ) Input Prompt: You are given a problem and a set of tools.
olve the following problem: How many bars are Solve the problem step by step by selecting the proper

there in the graph? . T

Sexatoat it by it order,Chin, 2000 &= tools to use during your thinking.

Here is the name and usage instructions for the
toolset, where you will select the appropriate tools to use.
Tool 1: Code Interpreter (CI) ...

Tool 2: OCR ...

Tool 3: SearchAPI ...

problempng  INOW, given the input image <problem.png> about the

cryptarithmetic puzzle, solve the problem and put the final

Answer: 3 answer into \boxed{ }
.

J

¢ V-Chart

— ChartGemma (Masry et al., 2024): The ChartGemma dataset is used for chart understanding
and reasoning. It contains a diverse set of charts and is used to train and evaluate models on
their ability to interpret and answer questions about the visual information presented in charts.
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* V-Math

— GSMBSK (Cobbe et al., 2021): This dataset, which stands for "Grade School Math 8K," contains
8,500 high-quality and linguistically diverse grade school math word problems. It is designed
to measure the multi-step reasoning capabilities of language models.

— AIME24: Using data from AIME24, we reframe the text data into an image form.

Data Example of V-Math

Input Prompt: You are given a problem and a set of tools.
Solve the problem step by step by selecting the proper

Solve the following problem: . y >
. tools to use during your thinking.

Here is the name and usage instructions for the
toolset, where you will select the appropriate tools to use.
Tool 1: Code Interpreter (CI) ...

Tool 2: OCR ...

Tool 3: SearchAPI ...

problempng Now, given the input image <problem.png> about the
Answer: 81 cryptarithmetic puzzle, solve the problem and put the final
: answer into \boxed{}
\_ ),
* V-Code

— MBPP (Austin et al., 2021): The "Mostly Basic Python Problems" dataset consists of around
1,000 entry-level Python programming problems. It’s used to evaluate the ability of language
models to generate code from natural language descriptions.

— HumanEval (Chen et al., 2021): A dataset created by OpenAl, HumanEval consists of 164
handwritten programming problems to evaluate the functional correctness of code generated by
language models. The problems are designed to be novel and not easily found on the web, to
prevent models from simply recalling existing code.

— LiveCodeBench (Jain et al., 2024): A dynamic benchmark collecting new programming
problems from competitive programming platforms (LeetCode, AtCoder, Codeforces), designed
to provide “contamination-free”” code evaluation by only testing on problems released after
model training cutoffs.

Data Example of V-Code

Solve the following problem:

Input Prompt: You are given a problem and a set of tools.
Write a function to multiply two lists using map and Solve the prOb!em step by SFep by selectmg the proper
lambda function. tools to use during your thinking.

Here is the name and usage instructions for the
toolset, where you will select the appropriate tools to use.
Tool 1: Code Interpreter (CI) ...

problempng 1001 2: OCR ...
Tool 3: SearchAPI ...

Answer: Now, given the input image <problem.png> about the
def mul_list (numsl, nums2): cryptarithmetic puzzle, solve the problem and put the final
result = map (lambda x, answer into \boxed{}

y: X % y, numsl, nums2)
return list (result)
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E DETAILS ON AUTOTOOL TRAINING DATA CURATION

f Template for Tool-Selection Rationale

You are a Tool Use Expert in selecting the most appropriate tool(s) to answer user questions. You are
provided with three inputs:

# INPUT QUESTION: ...

# MODEL ANSWER: ...

# TOOLSET (including different types of tools and capabilities)
<tooll name> + <description>

<tool2 name> + <description>

Your task is to provide the rationale and the final selected tool from the toolset before the model invokes a
tool. Your response:

Figure 4: Template to generate tool-selection rationales during AutoTool’s data curation process.
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F DETAILS ON AUTOTOOL EVOLVING TOOLSET CONSTRUCTION

In this section, we provide additional clarification on how the evolving toolset is constructed during
both training and inference, and how we control tool-selection difficulty in a principled and repro-
ducible manner. This responds to the reviewer’s questions regarding the definition and usage of the
evolving tool inventory 7'.

F.1 How THE EVOLVING TOOLSET IS CONSTRUCTED

Training-Time Toolset. During training, the toolset is not evolving. It remains fixed to the 460
“seen” tools collected through Stage 2 and Stage 3 of our data curation pipeline. All training-time
tool-selection rationales and ground-truth tool trajectories reference only these 460 tools because
the underlying source datasets provide demonstrations exclusively for this subset. As a result, every
training instance uses the same 460-tool candidate pool. This design ensures stable tool-embedding
learning and consistent PL-ranking optimization across all training samples.

It is important to emphasize that AutoTool learns dynamic tool-selection behavior through its
embedding-based matching mechanism (Eq. 4), rather than through dynamic changes in the training-
time toolset itself. Therefore, an evolving toolset is not required during training for the model to
develop dynamic selection capabilities.

Inference-Time Evolving Toolset. During inference, AutoTool does not assume a static or closed
tool inventory. In real-world settings, available tools may expand as new APIs are added or domain
registries evolve. To simulate this realistic setting while maintaining experimental reproducibility, we
construct the evolving toolset as follows:

Tinference = ﬂeen U Tunseena

where 7., contains the 460 tools used during training and 7jeen contains the remaining 886 tools
from our toolset collection (Stage 1). This full set of 1,346 tools is fixed for benchmarking but
serves as a principled proxy for evolving tool availability. This allows us to evaluate AutoTool under
realistic, large-scale tool environments while keeping comparisons fair across baselines.

F.2 CONTROLLING TOOL-SELECTION DIFFICULTY

The reviewer asked how we ensure the difficulty of tool selection is meaningful and comparable
across tasks. We control difficulty along four dimensions:

» Candidate toolset size: increasing the number of available tools directly expands the search space.

* Ratio of relevant vs. irrelevant tools: most tools in the 1,346-tool pool are irrelevant to any single
query, introducing realistic distractors.

* Semantic similarity: tools with partially overlapping capabilities increase ambiguity in selection.

* Degree of expansion from training to inference: moving from 460 tools at training to 1,346 tools
at inference introduces controlled distribution shift.

In our experimental setup, tool-selection difficulty is intentionally high: only a small fraction of the
1,346 available tools are useful for any given question, while the majority belong to unrelated domains
(e.g., image processing vs. math solvers). This results in a challenging and realistic evolving-toolset
environment for AutoTool and for all baseline methods.
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Table 5: Comparison of toolsets from prior works and AutoTool.

Toolset # Tools / Tasks Supports Training for Tool Selection Dynamic Tool Envir t Tool-Selection Rati
ToolLLM 3,451 tools (API only), 49 tasks Only selects online APIs No No
RestGPT 100+ tools (API only), 2 tasks No No No
HuggingGPT 400+ tools, 24 tasks No No No
AutoTool (Ours) 1,346 tools across 100+ tasks Yes (online + offline tools) Yes Yes

G ToOOLSET COMPARISON WITH PRIOR WORKS

In addition to our main experiments, we provide a detailed comparison between the toolsets used
in AutoTool and those adopted by existing tool-use frameworks, including ToolLLM (Qin et al.,
2024), RestGPT (Song et al., 2023), and HuggingGPT (Shen et al., 2023). The comparison highlights
differences in scale, diversity, supervision quality, and support for dynamic tool environments.

Key Observations. From Table 5, we highlight two major distinctions of AutoTool relative to prior
work (Qin et al., 2024; Song et al., 2023; Shen et al., 2023):

* Scale and Diversity. AutoTool integrates over 1,300 multimodal tools spanning more than 100
tasks across code, search, math, multimodal reasoning, and API-based utilities. While ToolLLM
contains more raw APIs, AutoTool covers the broadest task spectrum and uniquely includes both
online and offline tools. Unlike RestGPT (100 tools) or HuggingGPT (400 tools), AutoTool
supports significantly larger and more diverse tool-use scenarios.

* Support for Proactive Tool Selection. Prior frameworks do not provide supervision for learning
how to choose the correct tool. ToolLLM relies on static API retrieval, and both RestGPT and
HuggingGPT are training-free. In contrast, AutoTool provides explicit tool-selection rationales and
is built upon a Dynamic Tool Environment that naturally supports generalization to new, unseen
tools introduced during inference.

These distinctions position AutoTool as the first framework that systematically enables both dynamic
tool selection and generalization to evolving unseen toolsets.

25



Under review as a conference paper at ICLR 2026

H DiscussioN ON AUTOTOOL WITH TOOL RETRIEVAL & GENERATION

In this section, we further clarify the relationship between AutoTool and recent works on tool retrieval,
tool generation, and large-scale API/tool integration. While these lines of work make important
progress, they differ fundamentally from our formulation of dynamic tool selection under evolving
and unseen toolsets.

Retrieval-Based Tool Selection. Retrieval methods, such as AnyTool (Du et al., 2024), rely on
an external hierarchical retriever to match user queries to candidate tools. The retriever is trained
separately from the LLM agent and operates as a standalone indexing system. This creates a two-stage
pipeline, where the LLM does not directly optimize its internal representations for tool selection.
In contrast, AutoTool jointly aligns the LLM’s internal representations with tool embeddings via
PL-ranking, enabling robust generalization to unseen tools that were never present in the training
datasets.

Tool-Generation Approaches. Methods including CRAFT (Yuan et al., 2024), ToolMaker (Cai et al.,
2023), and CREATOR (Qian et al., 2023) synthesize new tools or executable code when suitable
tools are missing. These approaches focus on constructing tools rather than selecting from a large and
evolving tool library. While powerful, they introduce significant execution, validation, and debugging
overhead. AutoTool instead focuses on the complementary challenge of efficiently selecting correct
tools from a large and constantly evolving pool, without requiring code synthesis or verification.

Table 6: Comparison between retrieval-based methods, tool-generation methods, and our dynamic
tool-selection approach.

Category Representative Works Core Mechanism Key Difference vs. AutoTool

Retrieval AnyTool External hierarchical retriever Not jointly trained with policy; fixed inventory
Generation CRAFT, ToolMaker, CREATOR Code/tool synthesis Creates new tools instead of selecting dynamically
Dynamic Selection AutoTool Embedding-anchored PL ranking Supports evolving toolsets; generalizes to unseen tools

Comparative Summary. Table 6 summarizes the core differences between retrieval, generation, and
our dynamic selection framework. Compared with prior retrieval and generation methods, AutoTool
uniquely formulates tool selection as a listwise ranking problem anchored by tool embeddings and
optimized using a PL-ranking objective that naturally extends to unseen tools. In summary, while
retrieval- and generation-based approaches tackle important aspects of tool use, they do not address
the core problem studied by AutoTool: scalable and generalizable dynamic tool selection under
shifting and unseen tool environments. Our PL-ranking formulation provides a principled optimization
framework specifically suited for this setting.

26



	Introduction
	Data Curation for Tool-Selection
	AutoTool
	Preliminary
	Tool-Aware Trajectory Generation
	Dual-phase Policy Training Pipline
	PL Ranking & Optimization on Tool Selection

	Experiments
	AutoTool Balances Performance Across Various Domains
	AutoTool Advances beyond Standard Agentic Training Paradigms
	Case Study on AutoTool

	Related Work
	Conclusion
	References
	Table of Contents
	The Use of LLMs
	Case Study on AutoTool
	Theoretical Bridge between Optimal Policy and PL Ranking
	Proof of Proposition 3.1
	Proof of Lemma C.2

	Experiment Setups
	Details on AutoTool Training Data Curation
	Details on AutoTool Evolving Toolset Construction
	How the Evolving Toolset Is Constructed
	Controlling Tool-Selection Difficulty

	Toolset Comparison with Prior Works
	Discussion on AutoTool with Tool Retrieval & Generation

