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Why is Robust Tool Use Hard for LLMs?

➢LLMs excel at reasoning but have 

limitations (outdated knowledge, 

calculation errors, …)

➢Tool-Integrated Reasoning (TIR) 

is key: LLMs using external tools 

(search, calculators, APIs).

➢Problem: Current methods (SFT) 

struggle.

• Limited generalization

• “Overthinking”



RL for Better Tool Use

➢Recently RL has shown success in enhancing LLM reasoning (e.g., math, logic, …)

➢Potential for Tool Use: 

Learn flexible, adaptive strategies through exploration and feedback.

Li, Xuefeng, Haoyang Zou, and Pengfei Liu. "Torl: Scaling tool-integrated rl." arXiv preprint arXiv:2503.23383 (2025).

RL Training on math problem integrated with code tool use could continuously raise task performance



RL for Better Tool Use

➢The Real Challenge: Designing the Reward Signal for Tool Use.

• Tool use is complex: Multi-step, multiple tools, diverse parameters.

• Simple rewards (e.g., final answer match) are too coarse/sparse.

➢Research Question:

How can we design effective reward signals to train 

LLMs for general-purpose, robust tool selection and 

application via RL?



ToolRL: RL with Principled Reward Design

➢Goal: Develop a robust RL framework specifically for general tool learning.

➢Core Idea: Combine a suitable RL algorithm (GRPO) with a carefully crafted, 

multi-component reward function tailored to tool use intricacies.

Overview of the reward design with an example



The rollout instruction for LLMs.

We instruct the LLM to output different fields 

wrapped by the XML tags



Principled Reward Design

➢ Overall Reward: R_final = R_format + R_correct

1. Format Reward (R_format ∈ {0, 1}):

• Checks if the output structure is correct (presence and order of required 

tokens like <think>, <tool_call>)

• Simple, encourages structural compliance

How the format reward is given:

Directly through comparing the field tags in prediction 

and ground truth



Principled Reward Design
➢Overall Reward: R_final = R_format + R_correct

2. Correctness Reward (R_correct ∈ [-3, 3]):

• Tool Name Matching: Did the model pick the right tool(s)?

• Parameter Name Matching: Did it use the correct parameter names for 

the chosen tool(s)?

• Parameter Content Matching: Did it provide the correct values for 

those parameters?

How the correctness reward is given:

Divided into three aspects, each 

contributes partial rewards



Principled Reward Design

➢Overall Reward: R_final = R_format + R_correct

2. Correctness Reward (R_correct ∈ [-3, 3]):

• Evaluates the semantic accuracy of tool calls against ground truth.

• Key: This decomposition allows partial credit and pinpoints specific errors.



Optimizing the Policy with GRPO
➢Why GRPO (Group Relative Policy Optimization)?

• Designed for LLMs, handles structured outputs well.

• Uses group-based advantage normalization → stabilizes training

➢Our Adaptation: Removed KL penalty against a reference model to allow more 

freedom for the policy to adapt to our specific format and reward structure.

We apply GRPO algorithm with 

KL loss removed from training



ToolRL Test Setting

➢Training Data: 4K diverse examples (ToolACE, Hammer-Masked, xLAM) 

 → covering single/multi-tool calls, complexity levels.

➢Models: Qwen-2.5 Series (1.5B, 3B, 7B), Llama-3.2-Instruct (3B)

➢Evaluation Benchmarks:

• BFCL: Comprehensive tool use (multi-turn, relevance, etc.)

• API-Bank: Multi-turn API interaction complexity

• Bamboogle: Free-form multi-hop QA (generalization to goal-oriented tasks)

➢Baselines:

• Raw Instruct Model

• SFT (on 400 / 4K RL data)

• PPO (Cold Start / initialized from SFT)

• GRPO (Cold Start / initialized from SFT)

Our Main Method



Training and Results

ToolRL yields higher performance than multiple baselines ToolRL yields stable curve with raised score along training



Result Analysis

➢Key Finding: GRPO Cold Start (our method) achieves the best 

performance across benchmarks and models. ~17% improvement over 

Raw models, ~15% over SFT (on average)

BFCL V3 Results API-Bank Results Bamboogle Results



Agentic Behavior Analysis

➢Unfamiliar Scenarios/Goals:

ToolRL generalizes well to unseen 

programming languages and novel 

task goals (relevance detection)

➢Free-form QA (Bamboogle):

Achieves high accuracy without excessive tool 

calls, demonstrating effective and efficient tool 

use when needed



Agentic Behavior Analysis

➢Qualitative Examples:

• Proactive Rejection: Correctly 

identifies and rejects irrelevant

• Clarification: Asks for missing 

information instead of hallucinating 

or misusing tools

• Metacognition: Shows signs of 

understanding tool capabilities and 

limitations



Deep Reward Design Analysis

➢To understand why our proposed reward design is effective, we perform ablation 

studies by varying different aspects of the reward:

➢Key Dimensions Investigated:

• Length Reward:

• Does encouraging longer reasoning (<think> block) help?

• Reward Scale & Dynamics:

• How important is the relative weighting between Format and Correctness, 

and should this weighting change over time?

• Reward Granularity:

• How detailed does the Correctness reward need to be (evaluating tool name, 

parameter names, parameter values separately vs. combined)?



➢Setup: Introduced an additional reward component proportional to the 

length of the model's <think> block (w/ Length Reward).

➢ Gradually increase this length reward w.r.t. training step (Dynamic)

Takeaway 1: While length rewards encourage longer reasoning 

traces, they do not consistently improve task performance and may 

even harm it in smaller models, highlighting that longer reasoning is 

not inherently better for tool use tasks.

Reward Design Analysis: Length



➢Setup: Equalizing the max reward for Format & Correctness (Equal Max)

➢ Switch Format & Correctness max reward abruptly at threshold step (Two Stage)

➢ Gradually change Format & Correctness max reward (Dynamic)

Takeaway 2: Gradually adjusting reward scales during training 

(starting with format, then smoothly to correctness) better supports 

learning and generalization than static scales or abrupt changes.

Reward Design Analysis: Scale



➢ Setup: Compared our original reward, we further design three versions:

• Make all name matching no partial rewards (Finegrained)

• Combined parameter name + value matching (Intermediate)

• Required an exact match for the entire set of tool calls (Coarse)

Takeaway 3: Finegrained reward decomposition provides richer 

learning signals, highlighting its role in enabling more effective 

training compared to coarse reward formulations, which can impede 

progress and degrade final performance.

Reward Design Analysis: Granularity



Reward Is All Tool Learning Needs

➢ Problem: SFT struggles with robust, generalizable tool use for LLMs.

➢ Solution: ToolRL framework using RL (GRPO) with a principled, fine-grained 

reward design focusing on both format and decomposed correctness.

➢ Key Insight: Thoughtful reward engineering (granularity, scaling, type) is 

paramount for unlocking the potential of RL for complex LLM tool learning.

➢ Impact: Provides the first systematic study and a practical roadmap for 

designing effective rewards for training capable LLM agents.



Reward Is All Tool Learning Needs

➢ Arxiv Paper Link:

    - https://arxiv.org/pdf/2504.13958

➢ Github Link:

    -  https://github.com/qiancheng0/ToolRL

Paper Code

https://arxiv.org/pdf/2504.13958
https://github.com/qiancheng0/ToolRL


Thanks for Listening
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