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ABSTRACT

Training language-enabled agents to reliably use tools remains a
significant challenge, often hindered by complex frameworks and
high computational costs. We present ToolBrain, an open-source
platform that addresses this challenge through the Coach-Athlete
paradigm, an architectural abstraction that simplifies the appli-
cation of reinforcement learning (RL) to agentic workflows. We
evaluate ToolBrain by adapting a compact language model to three
representative tasks: multi-step information retrieval, quantitative
reasoning, and real-world API interaction. Our results demonstrate
that ToolBrain substantially improves the performance of com-
pact models, enabling them to solve complex tool-using tasks effi-
ciently. The accompanying demonstration video can be viewed at
https://youtu.be/FIgfg-y0sXw
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1 INTRODUCTION

The advent of large language models (LLMs) has spurred the devel-
opment of language-enabled agents capable of complex behaviors
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such as planning, reasoning, and interacting with external tools
[18, 20, 22]. However, training these agents to use tools reliably
remains a significant challenge. Many existing systems rely on
prompt engineering or supervised fine-tuning, which limits their
ability to learn from experience. Although reinforcement learning
(RL) provides a powerful paradigm for adaptive learning, its integra-
tion into agentic workflows is often limited by complex frameworks,
high computational costs, and the difficulty of reward design [6, 12].

ToolBrain is an open-source platform designed to address these
challenges by making RL-based training for tool-using agents more
accessible through a unified API that abstracts away the complexi-
ties of the training loop. To position our contributions within the
existing landscape, we compare ToolBrain with several prominent
frameworks in Table 1.

Table 1: Comparison of ToolBrain with other frameworks.

Aspect ToolBrain LangChain / ART

LangGraph

Agent Light-
ning

GRPO-based RL
with RULER eval-
uator [6].

Hierarchical RL
with credit as-
signment [12].

Training Approach ./ Native RL (GRPO,
DPO) with iterative

fine-tuning [16, 19].

Supervised learn-
ing & prompt
chaining [11].
RULER: auto-
mated LLM-as-
judge with rela-
tive scoring.

Credit-aware re-
ward assignment.

Manual heuristic
scoring.

Reward System ' Hybrid: Python
callable + ranking-

based LLM [14, 23].

Manual tool def-
inition and pass-
ing.

Manual tool def-
inition and pass-
ing.

Manual tool def-
inition and pass-
ing.

Tool Management + Integrated Tool
Retriever automati-
cally selects relevant
tools, a strategy ex-
plored in prior work
such as [9, 15, 18].

Advanced Strategies Supports Knowl-
edge Distillation
[7,17] and Zero-
Learn task genera-

tion [18, 21].

Efficiency & Usability Minimal code
changes; requires
separate server
setup.

Code-centric;
complex context
management.

v Simple Brain
API; integrated Un-
sloth/QLoRA opti-
mizations [2, 5, 8, 13].

Requires MDP
design; steep RL
expertise.

2 THE COACH-ATHLETE PARADIGM

ToolBrain’s architecture is structured around the Coach—Athlete
paradigm, a conceptual abstraction that cleanly separates training
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orchestration from task execution. The novelty of ToolBrain lies in
its architectural abstraction that decouples training from execution
and enables RL integration into heterogeneous agent frameworks.
As illustrated in Figure 1, it consists of three key components.
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Figure 1: The Coach-Athlete paradigm. The Brain (Coach)
orchestrates the learning loop: it observes the Agent’s (Ath-
lete) actions via the Adapter and then updates the Agent’s
underlying policy to improve performance.

The Brain (the Coach) is the high-level API that manages the
entire training loop. The user-provided Agent (the Athlete) is re-
sponsible for task execution and is unaware of the training process.
The crucial link is the internal Adapter (the Interpreter). Imple-
menting the classic Adapter design pattern [4], it acts as a transla-
tion layer that wraps the user’s agent. Its core function is to convert
the heterogeneous, framework-specific memory of the Agent into
a standardized, high-fidelity execution trace. The Brain then uses
this trace to internally perform the Learn & Improve step, comput-
ing the required policy updates. Finally, it applies these updates to
the Agent’s underlying language model, completing the learning
cycle. Although this paradigm shares structural similarities with
traditional actor-learner architectures such as IMPALA [3], the sep-
aration of concerns is explicitly designed to support the iterative
development cycle of tool-using agents. As a result, the workflow
becomes modular, allowing strategy and reward changes via the
Brain API without altering the core agent logic or structure.

3 SYSTEM DEMONSTRATION

Our demonstration shows how compact models adapt to diverse
tool-use tasks while reusing a unified training pipeline across het-
erogeneous agent architectures and domains.

e Email Search Agent: Navigates a large email corpus us-
ing search and read tools to resolve multi-step information
retrieval queries over unstructured data.

¢ Finance Agent: Maps natural language queries to financial
calculation tools for structured quantitative reasoning tasks.

o API Agent: Calls an external weather API to answer real-
time queries with grounded and up-to-date information.
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4 EXPERIMENTAL RESULTS

We evaluated ToolBrain’s effectiveness on the three tasks described
above. The main experiment on the Email Search Agent provides
an analysis of learning dynamics, while the supplementary experi-
ments highlight the framework’s rapid adaptation capabilities.

4.1

We trained two sizes of the Qwen2.5 model (3B and 7B parameters)
for 60 steps using GRPO [19] with an LLM-as-a-Judge [14, 23]. The
task required the agent to answer questions from a benchmark
dataset [1] by navigating the Enron email corpus [10]. The results
of a representative run are summarized in Table 2. Both models
show significant improvements over their initial baselines. Notably,
after training, the 7B model’s task success rate more than triples,
and its hallucination rate is nearly halved. This demonstrates that
ToolBrain can effectively teach complex, multi-step tool use. While
commercial models like GPT-40-mini offer strong zero-shot perfor-
mance, fine-tuned compact local models (3B/7B) provide advantages
in privacy, latency, and deployment cost for domain-specific tasks.

Main Experiment: Email Search Agent

Table 2: Evaluation of the Email Search Agent, comparing
performance before (Step 0) and after (Step 60) training. |
indicates lower is better.

Before Training (Step 0) After Training (Step 60)

Model

Qwen2.5-3B
Qwen2.5-7B

Success Rate% Hallucination%| Turns| Success Rate% Hallucination%| Turns]

0.0
13.3

100.0
60.0

4.63
7.03

16.7
43.3

66.7
35.0

5.57
4.77

4.2 Supplementary Experiments: Flexibility

To further examine the framework’s adaptability, we evaluated a
0.5B parameter agent on the Finance and API tasks. For each task,
a training set of 40 queries and a test set of 10 queries were synthe-
sized via the framework’s Zero-Learn task generation mechanism.
The agents were then trained for a small number of optimization
steps using only knowledge distillation [7, 17]. As shown in Table 3,
this lightweight training procedure resulted in a twofold increase
in task success rates for both agents. These results indicate that
ToolBrain provides an efficient mechanism for adapting compact
models to new domains with minimal training overhead.

Table 3: Flexibility on Secondary Tasks. Success Rate (%) is
measured on a separate test set of 10 queries.

Case Study Untrained Trained (w/ Distill)
Finance (Quantitative Reasoning) 20.0% 40.0%
API (Real-World Grounding) 30.0% 60.0%

5 CONCLUSION

We presented ToolBrain, an open-source framework featuring the
Coach-Athlete paradigm that simplifies the training of language-
enabled agents. Our demonstration and results validate its effec-
tiveness in enhancing agent capabilities across multiple tasks. The
source code is available at https://github.com/toolbrain/toolbrain.
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