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Abstract

Augmenting Large Language Models (LLMs)
with external tools enables them to execute
complex, multi-step tasks. However, tool
learning is hampered by the static synthetic
data pipelines, where data generation and
model training are executed as two separate,
non-interactive processes. This approach fails
to focus on the model’s specific weaknesses
adaptively and allows noisy labels to persist,
degrading training efficiency. We introduce
LoopTool, a fully automated, model-aware
data evolution framework that closes this loop
by tightly integrating data synthesis and model
training. LoopTool iteratively evolves both the
data and the model through three synergistic
modules: (1) Greedy Capability Probing
(GCP) diagnoses the model’s mastered and
failed capabilities; (2) Judgement-Guided
Label Verification (JGLV) uses an open-source
judge model to find and correct annotation
errors, progressively purifying the dataset; and
(3) Error-Driven Data Expansion (EDDE)
generates new, challenging samples based on
identified failures. This closed-loop process is
tightly integrated with reinforcement learning
training and operates within a cost-efficient,
open-source ecosystem, thereby eliminating
reliance on costly APIs. Experiments show
that LoopTool-8B significantly surpasses its
32B data generator and achieves new state-of-
the-art results on the BFCL-v3 and ACEBench
benchmarks for its scale. Our work demon-
strates that closed-loop, self-refining data
pipelines can dramatically enhance the tool-use
capabilities of LLMs. The code is accessible in
https://github.com/DeepExperience/LoopTool.

1 Introduction

Large Language Models (LLMs) augmented with
external tools have become a powerful paradigm
for solving complex tasks beyond pure text gen-
eration (Qu et al., 2025; Schick et al., 2023;

*This work was done while Kangning Zhang and Kouni-
anhua Du were interns at Xiaohongshu Inc.

Qin et al., 2023). By invoking APIs, querying
databases, and interacting with computational en-
gines, such agents can tackle diverse real-world
scenarios (Chen et al., 2025b; Xie et al., 2024; Pan
et al., 2025) with high efficiency and adaptabil-
ity. The development of robust tool-use capabili-
ties, however, hinges on access to accurate, large-
scale, and well-aligned training data that matches
the model’s current competencies (Liu et al., 2025).

A widely adopted approach constructs large-
scale tool-calling datasets via automated synthesis
pipelines (Qin et al., 2023; Liu et al., 2024; Tang
et al., 2023; Liu et al., 2025; Prabhakar et al., 2025),
followed by supervised fine-tuning (SFT) or rein-
forcement learning (Wang et al., 2025; Shao et al.,
2024). Despite notable advances, they almost in-
variably adopt a static design, wherein data gen-
eration and model training are executed as two
separate, non-interactive processes. In such set-
tings, the training data is generated a priori with-
out awareness of the evolving state of the model,
causing wasted capacity on trivial cases already
mastered while leaving harder, underrepresented
cases unresolved. Furthermore, the model plays no
role in guiding or influencing data generation. This
inherent disconnect leads to a persistent mismatch
between the model’s learning needs and the fixed
nature of the available training data, thereby con-
straining both the efficiency and effectiveness of
post-training.

Another major challenge in tool-use data gener-
ation is the trade-off between cost-efficiency and
data quality. Many pipelines rely on large closed-
source models (OpenAl, 2023) for data generation
and evaluation. Although these models can produce
high-fidelity tool-calling sequences, their use en-
tails high API costs and low generation efficiency,
rendering frequent large-scale synthesis impracti-
cal. Substituting them with more accessible open-
source models often introduces noisy annotations,
including incorrect arguments, incomplete function
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calls, or outputs misaligned with task requirements.
Such errors inject misleading learning signals and
may impair model generalization (Liu et al., 2025).

To overcome the limitations of static, costly,
and error-prone tool-use data pipelines, we pro-
pose LoopTool, an automatic, model-aware data
evolution framework that couples data synthesis
and training in a closed loop. LoopTool begins
with an Automated Tool-Augmented Dialog Gen-
eration stage, where tool specifications are syn-
thesized and combined with multi-agent dialogue
generation to produce a diverse seed corpus of real-
istic tool-oriented conversations, followed by an
initial GRPO-based (DeepSeek-Al et al., 2025)
post-training round.

Each iteration integrates three synergistic mod-
ules. First, Greedy Capability Probing (GCP)
queries the fine-tuned model on the training corpus
via greedy decoding to reveal mastered, border-
line, and failure cases, whose predicted tool calls
support automated error analysis and focus train-
ing on challenging instances. Second, Judgement-
Guided Label Verification (JGLV) uses the open-
source judge Qwen3-32B (Yang et al., 2025) to
compare predictions with reference labels, distin-
guishing genuine model errors from cases where
the model output surpasses the original annotation;
these “model-better-than-label” examples replace
noisy labels and progressively purify the supervi-
sion signal. Third, Error-Driven Data Expansion
(EDDE) turns verified failures into structurally sim-
ilar yet contextually diverse hard samples that pre-
serve the core functional challenge under varied
conditions. Across iterations, LoopTool incorpo-
rates corrected annotations, diversified hard exam-
ples, and refined seeds into subsequent training
rounds, inducing a dynamic curriculum aligned
with the model’s evolving strengths and concentrat-
ing learning on non-trivial, high-value cases while
mitigating noisy-label effects.

To balance quality and cost, LoopTool unifies
data generation and evaluation within a single open-
source model, Qwen3-32B, thereby eliminating
reliance on expensive closed-source APIs while
maintaining high data quality. Notably, although
the final 8B-scale LoopTool model is trained en-
tirely on data generated and judged by Qwen3-32B,
it surpasses the 32B generator in tool-use perfor-
mance, underscoring the amplifying effect of itera-
tive, model-aware data refinement.

In summary, our main contributions are:

* We present LoopTool, the first fully automated,
model-aware iterative framework that tightly
couples reinforcement learning post-training
with targeted data synthesis. By continuously
diagnosing model weaknesses and generating
capability-targeted training data, LoopTool en-
ables dynamic co-adaptation of the model and
the dataset.

* We propose a closed-loop data refinement
and augmentation strategy that purifies la-
bels through comparative judgment (JGLV)
and transforms verified failures into diverse,
high-value training samples (EDDE), enhanc-
ing tool-use learning without reliance on
closed-source models.

» Leveraging fully open-source, self-contained
data generation and refinement, our 8B model
trained by LoopTool surpasses its 32B gen-
erator and achieves state-of-the-art perfor-
mance on BFCL-v3 (Patil et al., 2025) and
ACEBench (Chen et al., 2025a) among models
of similar scale.

2 Related Work

Tool-Augmented LLMs. Integrating LLMs
with external tools helps mitigate inherent limi-
tations (Qu et al., 2025), enabling API calls (Shen
et al., 2023; Qin et al., 2023), knowledge-base ac-
cess (Lazaridou et al., 2022; Chen et al., 2025b;
Zhang et al., 2026; Hao et al., 2026), code exe-
cution (Wang et al., 2024; Fu et al., 2026), pro-
cess reward model (Zheng et al., 2025) and multi-
modal processing (Hu et al., 2024; Ma et al., 2024;
Wang et al., 2026). Early work mainly used su-
pervised fine-tuning (SFT) on human-annotated
tool-use data to improve tool selection and argu-
ment generation (Schick et al., 2023; Qin et al.,
2023; Liu et al., 2024). More recent studies in-
vestigate autonomous tool creation and dynamic
invocation, aiming to generalize to unseen APIs
without predefined schemas. Benchmarks such as
tau-bench (Yao et al., 2024; Barres et al., 2025),
BFCL (Patil et al., 2025), and ACEBench (Chen
et al., 2025a) standardize evaluation of tool selec-
tion, argument generation, multi-step reasoning,
and multi-turn tool use.

Synthetic Data for Tool Use. The scarcity and
cost of high-quality tool-use datasets have driven
research into automated synthesis pipelines (Qin
et al., 2023; Liu et al., 2025, 2024; Prabhakar
et al., 2025; Xu et al., 2025). Methods include
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multi-agent simulation (Mitra et al., 2024; Tang
et al., 2024), modular task composition (Chen et al.,
2025c¢), and graph-based query—function synthe-
sis (Arcadinho et al., 2024; Yin et al., 2025). Our
work builds on this line but differs by introducing
a fully automated, model-aware, iterative paradigm
in which synthesis is guided by post-training diag-
nostics and refined via systematic error correction.

Reinforcement Learning for Tool-Use Op-
timization. Reinforcement learning (RL) in-
creasingly enhances LLM reasoning and decision-
making (Ouyang et al., 2022; Rafailov et al.,
2024; Meng et al., 2024; Shao et al., 2024). In
tool-use settings, GRPO has shown strong per-
formance (Qian et al., 2025; Zhang et al., 2025).
We embed RL into an interleaved train—generate
loop, enabling the model to iteratively improve
through exposure to prior failures and progres-
sively refined supervision. A detailed comparison
between LoopTool and recent studies on iterative
training (Zweiger et al., 2025; Zhou et al., 2025) is
presented in Appendix C.

3 Automated Tool-Augmented Dialog
Generation

Before initiating LoopTool, we require a diverse
and high-quality seed dataset Dgeeq to support the
first round of post-training. To this end, we intro-
duce an Automated Tool-augmented Dialog Gen-
eration that synthesizes realistic function-calling
interactions by combining curated APIs with simu-
lated multi-agent conversations. While this stage is
not the core innovation, it establishes the essential
foundation for the following iterations.

3.1 Hierarchical Dual-Tree Guided API
Synthesis

Our tool set includes real-world APIs collected
from public sources (Liu et al., 2025, 2024) and
synthetic APIs generated via a Hierarchical Dual-
Tree method. For each application domain, we
construct two complementary hierarchies: (i) a
Context Tree capturing topical scope and func-
tional granularity, from coarse categories at the
root to fine-grained specializations at the leaves;
and (ii) a Constraint Tree encoding structural and
functional requirements for valid APIs, such as
naming conventions, parameter types and counts,
and output formats. To synthesize an API, we in-
dependently sample a leaf path from each tree and
merge them into a structured LLM prompt, thereby

enforcing both functional intent and structural con-
straints. Illustrative Context and Constraint Trees
are provided in Appendix I.

3.2 Multi-Agent Tool-Use Dialog Generation

Multi-Agent Dialogue Simulation. We construct
the seed dataset by simulating tool-use dialogs with
four roles. The Planner Agent designs coherent di-
alog flows based on a sampled tool subset and a
target number of turns, enabling realistic task de-
composition and natural progression toward tool
usage. The User Agent follows the Planner’s out-
line, issuing requests, refining requirements, and
supplying missing information such as parameters.
The Assistant Agent selects suitable APIs from the
assigned subset, infers candidate parameters from
context, executes tool calls, or synthesizes user-
facing responses. The Tool Agent executes tool
calls according to the API specifications and gen-
erates simulated outputs. The dialog proceeds turn
by turn until the predefined length is reached.

Rule-based and LLM-based Verification. All
dialogs undergo a two-stage verification pipeline.
Rule-based checks validate API syntax, parameter
completeness, type consistency, and adherence to
schema definitions. LLM-based evaluation, using
the open-source Qwen3-32B, assesses each tool
call for contextual appropriateness and alignment
with user intent. Only dialogs passing both stages
are retained in the seed dataset.

4 Iterative Model-Data Co-adaptation

To overcome the limitations of static data genera-
tion and support dynamically adaptive model train-
ing, we develop an automated iterative framework
for tool-augmented LLLM learning as shown in Fig-
ure 1. LoopTool integrates the GRPO Optimization,
Greedy Capability Probing, Judgement-Guided La-
bel Verification, and Error-Driven Data Expansion
into a unified closed loop. This iterative cycle en-
ables the model to assess its own capabilities contin-
uously, target its weaknesses, and refine the quality
of supervision data.

4.1 GRPO Training for Tool Calling

Data Format. We construct the initial seed tool-
calling dialogue dataset Dseeq through the Auto-
mated Tool-Augmented Dialog Generation in Sec-
tion 3. Each multi-turn dialog sample is trans-
formed into multiple GRPO training samples,
which consist of the tuple: (7, ¢, af), where ¢
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Figure 1: The overall closed -loop automatic pipeline of LoopTool, which couples (a) GRPO optlmlzatlon (b)
Greedy Capability Probing, (c) Judgement-Guided Label Verification, and (d) Error-Driven Data Expansion for

iterative tool-use enhancement.

denotes the current turn in the dialogue, 7T is the
set of available tools at the current step, and c¢;
means the historical dialogue context, which can
be either a single-turn user query or a multi-turn
conversation. a; is the tool call step from the con-
versation corresponding to the last user query. The
model’s output O; include two structured compo-
nents: a reasoning trace wrapped within <think>
..</think> and the predicted tool invocation a;
inside <tool_call>...</tool_call>. A detailed
specification of both the single-turn and multi-turn
training formats is provided in Appendix J.
Binary Reward Definition. To quantify the
quality of model-generated tool calls, we adopt a
Binary Reward scheme (Qian et al., 2025; Zhang
et al., 2025), which serves as a simple yet effective
rule-based reward function. For a given context c;
and the model output a;, the reward is defined as:

1, ToolMatch(ay, a})

0, otherwise

T(Ta Ctaa:aat) = (1)

Here, ToolMatch(-, -) denotes a strict AST-level
comparison: it returns 1 only when the predicted
call and the reference call match in both function
name and parsed argument values, and 0 otherwise.
This definition is identical to the rule-based reward
used during GRPO training and is consistent with
the official benchmark scripts.

GRPO Optimization. Given the tool sets 7 and
historical dialogue ¢, the policy 7y sample a group
of candidate response {O}, 0%, ..., O} from the
old policy 7, and their corresponding rewards

are {r},r?,...,r%}. We optimizes the 7y through
maximizing the following objective:

|

min (pzAL Chp(pzv 1- €, 1+ 6)14;) - BDKL(WGHWOM) )

MQ

Jareo(0) =

E
D{O{}L IN”"old

7e(OF | ¢, T)

i Tz_ﬂr
. A= ——.
004 (OF | e, T

where p; = 7 i .
-,

@)
where u, and o, mean the group-wise mean and
standard deviation of rewards. € is the PPO clipping
parameter, and /3 controls the strength of the KL
penalty.

4.2 Greedy Capability Probing

GRPO-based post-training often assigns near-zero
advantages to both trivially easy and prohibitively
hard samples, leading to gradient vanishing (Yu
et al., 2025). To improve sample efficiency, we
introduce Greedy Capability Probing (GCP), an
offline diagnostic stage that identifies training in-
stances with substantive learning value.

Given the training set D; at iteration j, we per-
form deterministic greedy decoding with the cur-
rent policy 7y, on every instance. For each tool-call
sample (7, ¢, af), the model generates a predic-
tion a; € O, via greedy search. If a; = aj, the
sample is provisionally regarded as mastered. Oth-
erwise, the quadruple (7, ¢, aj; a;) is forwarded
to Judgement-Guided Label Verification (JGLV)
for correctness assessment. To quantify sample
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difficulty, we compute sample-level perplexity:

L
1
PPL(7,) = exp <_L Zlogpe(Oi | T,ct,01:-1)

i=1

3)
where L is the output length and o; is the ¢-th out-
put token. Higher perplexity corresponds to lower
model confidence and indicates that the sample
lies near the decision boundary, making it more
informative for further training. In subsequent it-
erations, GCP selectively carries over a subset of
these high-PPL cases D?PPL into the next iteration.

4.3 Judgement-Guided Label Verification

In each iteration j, for every mismatched case
(T, ct,af; ar) identified by GCP, we organize the
tool specifications 7, dialogue context ¢;, reference
label a; and model prediction a; into the open-
source Qwen3-32B, which outputs a categorical
decision: Yjudge € {PRED_WRONG, LABEL _WRONG,
BOTH_CORRECT, BOTH_WRONG} and formatted error
analysiS emessage- Based on the judgment results,
we define two key subsets of the evolving dataset:
the Prediction Wrong set and the Label Wrong Set.

DI = {(T,ct,a;; at) | Yjudge = PRED_WRONG}

DI = {(T c1,0}, 1) | Yjudge = LABEL_WRONG}
C))

DJP W are retained for retraining in the next it-

eration. For DJLW, we replace af with a; to
obtain a refined set DjLR. For samples classi-
fied as BOTH_CORRECT, we retain only those with
high-PPL into D?PPL. Samples identified as
BOTH_WRONG are directly discarded to avoid prop-
agating noisy supervision. (Refer to Appendix K
for judgment prompt and detailed samples.)

Unlike methods that ask LLM to regenerate la-
bels, JGLV casts annotation refinement as a com-
parative judgment problem, where the judge simply
decides which of two existing candidates better sat-
isfies the task specification. The evolving policy’s
own predictions are incorporated as candidates. As
training progresses and the policy produces more
accurate tool calls, JGLV increasingly replaces in-
correct labels with superior model outputs, turning
label verification into a self-reinforcing process that
continually improves data quality. !

' Appendix E compares Qwen3-32B and GPT-4o as judge
models and validates the reliability of Qwen3-32B.

4.4 Error-Driven Data Expansion
While GCP and JGLV surface mismatches and cor-

ields limited gains (see Section 5.4), especially
when failures stem from systematic weaknesses.
To expand coverage of challenging tool-use sce-
narios, we introduce Error-Driven Data Expansion
(EDDE), which converts verified failure cases into
structurally similar “hard” samples.

In iteration j, EDDE operates on Dfs =
DJPW U D]-LR, where DJPW and D]-LR are the mis-
prediction and label-refined sets from JGLV. For
each error seed (7,c¢t,a;;a:) € Dfs , We ex-
tract: the tool subset 7, dialog context ¢, correct
call a°™ wrong call a;"*"¢, and error analysis
Emessage- A generator LLM is then prompted to pro-
duce k new tool-calling samples that preserve the
seed’s structural difficulty (e.g., argument complex-
ity, multi-step dependencies). To avoid excessive
similarity among the augmented samples derived
from the same error seed, we additionally intro-
duce scenario diversification constraints Sconstraint-
Specifically, each generation prompt is enriched
with varied situational contexts, while preserving
the core challenge (Refer to Appendix L for error
generation prompt and newly generated samples).
All EDDE-generated samples are subjected to the
same two-tier validation pipeline outlined in Sec-
tion 3.2. Samples passing both filters are collected
into: D;EE = Verity (Generate(D}ES)).

Integration into the Iterative Loop. At the
end of iteration j, the training dataset for the next
round is constructed by merging multiple sources
identified during the current iteration:

_ nES EE HPPL Seed-
Djy1 = DPSUDPE Y pIFPL y plecdnew (s

);ect noisy labels, repeatedly reusing the same errors

where D]S."ed'“ew is a small untrained subset from
the initial seed dataset Dyceq. This merged dataset
D11 is then used in the subsequent GRPO training
round, with the policy 7y, serving as the initializa-
tion. The full iteration pipeline is summarized in
the Algorithm 1.

S Experiments

5.1 Experiment Setup

Benchmarks and Implementation. We evaluate
LoopTool by applying our data generation pipeline
and pure RL fine-tuning to Qwen3-8B (Yang
et al., 2025)%>. Experiments are conducted on

“We also test LoopTool on Llama-3.1-8B-Instruct; see
Appendix F.
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Single-Turn Multi-Turn Hallucination
Rank  Overall Acc Model Non-Live AST Acc Live Acc | Overall Acc | Relevance Irrelevance
1 78.45 xLAM-2-70b-fc-r (FC) 88.44 72.95 75.00 66.67 78.91
2 76.43 xLAM-2-32b-fc-r (FC) 89.27 74.23 67.12 88.89 76.74
3 74.93 LoopTool-8B (Ours) 89.52 84.72 50.88 61.11 87.67
4 73.57 watt-tool-70B (FC) 84.06 77.74 58.87 94.44 76.32
5 72.04 xLAM-2-8b-fc-r (FC) 84.40 66.90 69.12 77.78 64.34
6 71.71 GPT-40-2024-11-20 (FC) 86.81 78.85 50.00 83.33 81.31
7 70.42 GPT-40-2024-11-20 (Prompt) 87.67 79.88 43.00 72.22 85.36
8 70.32 GPT-4.5-Preview-2025-02-27 (FC) 86.12 79.34 45.38 66.67 83.64
9 69.25 Qwen3-32B (FC) 88.90 77.83 43.12 72.22 75.79
. (Ranks 10-18 omitted for brevity)
19 66.34 Qwen3-8B (FC) 88.81 78.54 33.00 77.78 79.08
20 65.19 Qwen3-8B (FC, self-host) 87.06 78.50 31.25 77.78 78.74

Table 1: Comprehensive evaluation of the BFCL-v3 (last updated on 2025-06-14). FC denotes that the model is
tailored for functional calling. The best results in each category are highlighted in bold, while the second-best are

underlined.
Model Normal Special Agent Overall
Atom Single-Turn Multi-Turn Similar API Perference Summary

Closed-Source Large Language Models
GPT-40 90.0 78.0 68.0 80.0 78.0 82.5 92.7 56.0 81.1
Gemini-2.5-Pro-05-06 83.7 73.5 61.0 72.0 58.0 75.1 90.7 52.5 75.8
Qwen-Max 88.0 75.0 61.0 74.0 82.0 79.7 74.0 60.0 75.1
GPT-40-Mini 84.3 73.5 59.0 74.0 72.0 76.4 76.7 27.5 68.9
Gemini-1.5-Pro 82.3 73.0 61.0 74.0 72.0 75.7 71.3 26.0 68.5

Open-Source Large Language Models
Kimi-k2-0711 87.0 78.5 62.0 70.0 74.0 78.9 81.3 65.0 774
Qwen2.5-Coder-32B-Instruct ~ 86.0 73.5 59.0 76.0 72.0 77.4 80.0 50.0 73.9
LoopTool-8B (Ours) 86.0 76.0 58.0 74.0 78.0 78.0 80.7 433 73.4
Qwen3-32B 86.3 76.0 57.0 80.0 70.0 71.3 76.0 46.7 72.2
ToolACE-2.5-Llama-3.1-8B  87.7 75.5 62.0 74.0 66.0 78.3 76.0 35.9 71.1
DeepSeek-V3 88.0 71.5 63.0 76.0 78.0 80.3 72.7 34.0 71.1
Qwen2.5-72B-Instruct 81.3 74.5 64.0 76.0 80.0 76.8 74.0 37.5 70.0
Qwen3-8B 80.3 68.5 52.0 70.0 58.0 70.9 78.0 34.2 67.1

Table 2: Comprehensive evaluation of ACEBench for English Data (last updated on 2025-07-21). LoopTool-8B
(Ours) achieves the best result in the 8B scale and surpasses the Qwen3-32B model.

BFCL-v3 (Patil et al., 2025) and ACEBench (Chen
et al., 2025a), two comprehensive executable
function-call benchmarks; details and metrics are
given in Appendix B.1. In BFCL-v3, Overall Acc
is the official aggregate score across single-turn,
multi-turn, and hallucination categories, while in
ACEBench, Overall is the official aggregate over
Normal, Special, and Agent splits. GRPO is im-
plemented with Verl (Sheng et al., 2025), using
batch size 128, learning rate 1 x 107°, and two
epochs per iteration, initializing from the previous
checkpoint and resetting optimizer states. The roll-
out temperature is fixed at 1.0, with entropy and
KL coefficients set to 0. We adopt Clip-Higher (Yu
etal., 2025), increasing €p;qp, from 0.2 to 0.28 to en-
courage high-entropy, low-probability tokens, and
set k = 4 in EDDE. Full hyperparameters are pro-
vided in Appendix B.2.

Fairness of iterative controls. For all itera-
tive comparisons, including the static baseline and
open-loop controls introduced below, we keep the

same number of iterations, the same number of gra-
dient updates per iteration, the same initialization-
from-previous-checkpoint schedule, and the same
optimizer reset policy. The only difference is how
the next-round training data is constructed.

5.2 Overall Performance Analysis

Results on BFCL and ACEBench. Using the
official evaluation scripts, we report average ac-
curacy across categories (Tables 1 and 2). On
both BFCL-v3 and ACEBench, LoopTool-8B
achieves SOTA among open-source 8B models
and surpasses several larger ones. On BFCL-v3,
LoopTool-8B reaches 74.93% overall accuracy,
outperforming Qwen3-8B by +8.59 points and
achieving the best Single-Turn and Live execution
accuracy. It also surpasses the 32B-scale Qwen3
used as data generator and judge, demonstrating
the effectiveness of our iterative data evolution. On
ACEBench, LoopTool-8B attains 73.4% overall
accuracy, +6.3 points over Qwen3-8B, with consis-
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Figure 2: The Iterative Performance across four iterations evaluated in BFCL-v3. The left y-axis represents Category
Acc (bar chart), while the right y-axis denotes Overall Acc (line chart). “Overall w/o Iterations” refers to the result
obtained under the same number of iteration steps, where we train solely on the initial seed dataset Dyeeq.

tent gains across categories.

5.3 Iterative Details and Analysis
5.3.1 Closed-Loop Validation

To isolate the contribution of model-aware feed-
back from simply using more synthetic data, we
compare LoopTool with three additional controls:
an open-loop random expansion baseline that
matches LoopTool’s data volume but periodically
adds randomly generated samples, a variant that
uses the same EDDE generator but replaces ver-
ified failure seeds with randomly selected ones,
and a static curriculum that only reorders the fixed
seed corpus from easy to hard. LoopTool consis-
tently outperforms all controls, with the largest
margin over open-loop expansion at Iteration 4
(+1.98 points), showing that the gain comes from
targeting current failure modes rather than from
volume alone. It also surpasses random error seeds
by +1.48 points, indicating that hard-data genera-
tion remains ineffective without closed-loop error
selection. The full control results are reported in
Appendix B.3.

5.3.2 Iterative Dataset Distribution

#Total | #DF #DEE # DHPPL # Pieednew

D; 18304 0 0 0 18304 (100%)
Dy 18304 | 1919 (10.48%) 6566 (35.87%) 4187 (22.98%) 5632 (30.77%)
D3 18304 | 3386 (18.50%) 8066 (44.07%) 4036 (22.06%) 2816 (15.38%)
Dy 18304 | 3731(20.38%) 8169 (44.63%) 4996 (27.29%) 1408 (7.69%)

Table 3: Distribution of samples across iterative datasets
in our LoopTool framework.

Configuration Overall Non-Live Live Multi-Turn
Acc Acc Acc Acc
Iteration 1 (D1) 71.20 87.10 81.34 44.62
Iteration 2 (D2) 73.00 88.42 82.10 49.00
w/o High-PPL 72.31 88.17  81.59 46.25
w/o JGLV 71.30 87.90  82.05 43.88
Remove EDDE 71.50 88.06  81.47 45.00
HighPPL-Replace 72.50 88.10  82.36 47.88
Error-Seed Repetition  72.38 88.40  81.87 46.88
Tteration 3 (Ds) 74.34 89.79 84.01 49.75
w/o High-PPL 73.50 89.12  82.79 48.90
w/o JGLV 72.61 89.17  82.59 46.25
Remove EDDE 73.12 88.75 8245 48.75
HighPPL-Replace 73.28 89.40 83.96 46.88
Error-Seed Repetition  73.43 88.15 83.74 48.38

Table 4: We conduct the corresponding ablation ex-
periments in Iteration 2 and Iteration 3, employing the
data variants of Dy and D3. Overall accuracy and per-
category accuracy are reported.

The initial seed dataset Dseeq includes 28k tool
call samples. The corpus D; at iteration j + 1
is constructed from four primary sources as illus-
trated in Eq (5). Djs-ced‘new means the untrained new
seed samples randomly drawn from the seed dataset
Dqeed- In each iteration, we gradually reduce the
proportion of untrained seed samples, ensuring that
each training round incorporates newly generalized
queries, while gradually converging on increasingly
challenging samples. The detailed data statistics
are presented in Table 3. Importantly, LoopTool
does not train only on hard failures: DJHPPL and
D?eed'new act as a replay-style buffer that preserves
borderline and standard cases, which helps prevent
catastrophic forgetting while the loop shifts more
capacity toward difficult semantic errors.
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Metric Iter. 1 Iter. 2 Iter. 3 Iter. 4
Avg. PPL 1.123 1.287 1.551 1.638
Multi-turn ratio (%) 50.0 627 66.5 709
Avg. turns / sample 2.1 34 4.8 52
Syntactic & schema (%) 9.2 4.5 1.8 0.5
Parameter (%) 62.1 543 48.7 424

Reasoning & context (%) 38.7 41.2 495 57.1

Table 5: Evolution of data complexity and failure types.
LoopTool progressively increases training difficulty
while shifting the remaining failures from structural
issues to reasoning-heavy errors.

5.3.3 Performance Analysis of Iterative
Training Framework

We compare the proposed iterative training
paradigm with static model training. As shown
in Figure 2, the LoopTool framework yields con-
sistent gains in tool-calling accuracy across itera-
tions. Starting from the initial model (“Original”),
each iteration exploits closed-loop data evolution
to identify and correct model deficiencies, lead-
ing to steady improvement. In contrast, the static
“Overall w/o Iterations” setting produces markedly
smaller gains. Without newly synthesized hard
cases or refined labels, the model quickly saturates
on the limited supervision and exhausts the infor-
mation content of Dseeq. Performance plateaus by
Iteration 2 and declines after Iteration 3, indicating
overfitting and an increasing mismatch between the
fixed training distribution and the model’s evolving
inference behavior. The computational resource
costs of multiple iterations are summarized in Ap-
pendix G. The detailed iterative learning curves are
analyzed in Appendix H.

Table 5 shows that the iterative loop changes not
only data volume but also data quality. The average
perplexity, multi-turn ratio, and average number of
turns all increase monotonically, indicating that
EDDE progressively injects more difficult scenar-
ios. In parallel, the failure profile shifts from struc-
tural issues to semantic ones: syntactic and schema
errors drop from 9.2% to 0.5%, while reasoning-
and-context errors grow to 57.1% among the re-
maining failures. This pattern suggests an auto-
matic curriculum in which easy formatting errors
are removed early and later rounds concentrate on
hard planning, dependency, and state-tracking fail-
ures. We further extend training beyond the main
four rounds and observe that performance peaks at
Iteration 4 and then declines slightly, so we use four
rounds in the final system. The detailed saturation

results are provided in Appendix B.4, while the full
control comparisons remain in Appendix B.3.

5.4 Ablation Study

To assess the contributions of each key component
in LoopTool, we perform ablation experiments on
BFCL-v3. Specifically, we design the following
variants: (i) w/o High-PPL: Replace D}'IPPL with
randomly samples that the model predicted cor-
rectly; (i) w/o JGLV: Skip verification and treat all
mismatches (a; # af) as model errors; keep origi-
nal labels without refinement. (iii) Remove EDDE:
Drop DJEE entirely; (iv) HighPPL-Replace: Re-
place D]EE with an equal number of high-PPL sam-
ples selected via GCP; (v) Error-Seed Repetition:
Remove DfE and duplicate Dfs to match data
scale. From the results in Table 4, several key ob-
servations can be made:

* Importance of high-PPL samples. w/o High-
PPL lead to consistent accuracy drops, especially
in Multi-Turn cases. Even replacing EDDE sam-
ples with high-PPL ones (HighPPL-Replace)
sustains performance close to full configurations,
confirming that high-PPL cases—though pre-
viously predicted correctly—lie near decision
boundaries of current policy and drive further re-
finement, in line with recent works (Liang et al.,
2025; Shang et al., 2025).

* Necessity of JGLV. w/o JGLYV significantly de-
grades accuracy, confirming that noisy or erro-
neous labels can mislead training. Without label
refinement, such errors persist and even propa-
gate when used by EDDE to generate variants,
exacerbating noise in subsequent iterations.

* Effectiveness of EDDE The three w/o EDDE
variants in both Iteration 2 and Iteration 3 consis-
tently reduce overall accuracy. Further, we com-
pare these variants with the full configuration,
evaluating accuracy only on the subset of histori-
cally misclassified cases, as shown in Figure 3.
The results indicate that merely re-training on
the original erroneous seeds is insufficient for the
model to effectively handle these difficult cases.
By contrast, EDDE synthesizes structurally simi-
lar, error-informed variants that preserve the core
challenges of the original failures while introduc-
ing additional diversity. This targeted augmen-
tation enables the model to learn the relevant
patterns more robustly, thereby improving its
performance on the original hard seeds.
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5.5 Scaling Performance with Model Size

We evaluate LoopTool across backbone models
from 0.6B to 8B parameters, measuring BFCL-
v3 accuracy over two training iterations (Figure 4).
Larger models consistently achieve higher accuracy
in both the initial (Iteration 1) and refined (Iteration
2) stages, with greater absolute improvements in
the second iteration. Specifically, the 0.6B model
gains only +0.70 points, whereas the 8B model
achieves 41.80 points. Larger models tend to iden-
tify correct trajectories earlier, thereby amplifying
the benefits of iterative refinement.

5.6 Generalization Ability Evaluation

Model Qwen3-8B LoopTool-8B
MMLU-redux 87.72 87.37
IFEval 83.30 84.70
LiveCodeBench 42.31 46.15
Math-500 91.40 92.60
AIME24 60.00 70.00
AIME25 56.67 66.67

Table 6: Generalization benchmark performance com-
parison between Qwen3-8B and LoopTool-8B.

Beyond tool-use performance, we assess
whether LoopTool-8B preserves or improves gen-
eralization to non-tool domains. We compare it
with vanilla Qwen3-8B (Yang et al., 2025) on six
benchmarks: MMLU-redux (Gema et al., 2025),
IFEVAL (Zhou et al., 2023), LiveCodeBench (Jain
et al., 2024), Math-500 (Lightman et al., 2023),
AIME24, and AIME25 (Art of Problem Solv-
ing, 2025), as shown in Table 6. LoopTool-8B
matches or surpasses Qwen3-8B on all bench-
marks, with clear gains: +1.40 on IFEval, +3.84
on LiveCodeBench, +1.20 on Math-500, and im-

76
Original Model 73.00
Iteration 1 ;

—_
= .
> 68 | ™ Iteration 2 71.20
2
S 65.19
= 63.39
g 60
<
F
]
Qo 52 49.8
®)
4897
47.33
44

Qwen3-0.6B Qwen3-1.7B  Qwen3-4B  Qwen3-8B
Figure 4: Scaling performance with different model
sizes.

provements on both AIME sets. These results show
that the iterative, model-aware data refinement
and training paradigm does not overfit to tool-
calling, but instead strengthens general reasoning
and problem-solving, improving cross-domain gen-
eralization.

6 Conclusion

We introduce LoopTool, a fully automated, model-
aware pipeline that integrates data synthesis, la-
bel refinement, and GRPO-based post-training into
a closed loop to enhance tool-augmented LLMs.
This unified process yields progressively cleaner
and more challenging data without dependence
on costly closed-source APIs, leveraging a single
open-source model for both judgment and gener-
ation. Built entirely on open-source models and
tools, our 8B-scale LoopTool model, trained solely
on data generated and judged by Qwen3-32B, sur-
passes its 32B teacher and achieves SOTA perfor-
mance on BFCL-v3 and ACEBench among 8B-
scale models, while also improving general abili-
ties on non-tool benchmarks.

Limitations

LoopTool runs as an offline, strictly iterative frame-
work, where data probing, refinement, and expan-
sion for the next round only begin after the previous
GRPO training stage completes, limiting respon-
siveness and preventing fully online or streaming
co-evolution. Our experiments are primarily con-
ducted on BFCL-v3 and ACEBench with function-
calling tasks and simple binary rewards, leaving
open questions about performance in broader tool
ecosystems (e.g., highly stateful, domain-specific
tools), under richer reward schemes, and under ex-
plicit safety and robustness constraints.
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A The use of Large Language Models
(LLMs)

In the research process, we employed the open-
source Language model as both the Judge Model
and the data Generator within our proposed Loop-
Tool framework. During manuscript preparation,
we used general-purpose LLMs exclusively for
grammar checking, phrasing refinement, and clarity
improvements in the English text. All conceptual
contributions, experiment designs, analyses, and
claims in this paper are the responsibility of the
authors.

B Experimental Details

B.1 BenchMarks

BFCL The Berkeley Function-Calling Leader-
board (BFCL-V3) (Patil et al., 2025) constitutes a
broad and systematic framework designed to rig-
orously evaluate the function-calling proficiency
of large language models (LLMs) across a diverse
spectrum of programming languages, application
domains, and intricate real-world scenarios. The
benchmark encompasses tasks ranging from multi-
ple and parallel function invocations to multi-turn
and multi-step function-call interactions. In total,
BFCL-V3 comprises 4,951 test instances—3,951
single-turn cases and 1,000 multi-turn samples-
carefully curated to reflect dynamic, authentic use
cases. The assessment methodology in BFCL in-
corporates several complementary metrics:

* Abstract Syntax Tree (AST) Evaluation:
This metric examines the structural correspon-
dence between the abstract syntax tree of the
model-generated output, the ground-truth ref-
erence, and the formal function specification.
It evaluates the correctness of function identi-
fication, the inclusion and accuracy of oblig-
atory parameters, and the precision of both
parameter types and associated values.

21155


https://arxiv.org/abs/2412.10400
https://arxiv.org/abs/2412.10400
https://arxiv.org/abs/2402.01030
https://arxiv.org/abs/2402.01030
https://arxiv.org/abs/2402.01622
https://arxiv.org/abs/2402.01622
https://arxiv.org/abs/2510.01179
https://arxiv.org/abs/2510.01179
https://arxiv.org/abs/2510.01179
https://arxiv.org/abs/2505.09388
https://arxiv.org/abs/2406.12045
https://arxiv.org/abs/2406.12045
https://arxiv.org/abs/2503.14476
https://arxiv.org/abs/2503.14476
https://arxiv.org/abs/2505.00024
https://arxiv.org/abs/2505.00024
https://arxiv.org/abs/2505.00024
https://arxiv.org/abs/2601.08605
https://arxiv.org/abs/2601.08605
https://arxiv.org/abs/2510.08049
https://arxiv.org/abs/2510.08049
https://arxiv.org/abs/2510.08049
https://arxiv.org/abs/2311.07911
https://arxiv.org/abs/2311.07911
https://openreview.net/forum?id=9yusqX9DpR
https://openreview.net/forum?id=9yusqX9DpR
https://arxiv.org/abs/2506.10943
https://arxiv.org/abs/2506.10943

¢ Executable Function Evaluation: Here, the
produced API call is executed, and its runtime
output is compared directly against the ex-
pected ground-truth result, thereby measuring
practical execution accuracy.

* Multi-turn State-based Evaluation: The
evaluation focus on comparing the backend
system’s state after all function calls are ex-
ecuted at the end of each turn of the conver-
sation. It capture the correctness of model
executions that modify the internal state via
write and delete.

¢ Multi-turn Response-based Evaluation: It
compares the model’s execution path against
the minimial viable execution result paths as
labeled in ground truth. The minimial viable
execution result paths refer to a list of function
calls that must be executed in order to produce
desired response as user requests.

e Irrelevance: This criterion quantifies the
model’s capacity to avoid generating function
calls when presented with extraneous or un-
related user queries. The irrelevance score is
determined by dividing the number of accu-
rate non-function-call responses by the total
test set size.

* Relevance: Relevance gauges the model’s
adeptness at producing function calls that
align contextually with the user’s query, ir-
respective of parameter value accuracy. This
score is computed as the proportion of appro-
priate function-call responses within the entire
evaluation set.

ACEBench ACEBench (Chen et al., 2025a)
is designed to evaluate tool-use capabilities with
fine-grained categorization which could be divided
into three primary categories: Normal, Special,
Agent.“Normal" evaluates tool usage in basic sce-
narios;“Special" evaluates tool usage in situations
with ambiguous or incomplete instructions;“Agent"
evaluates tool usage through multi-agent interac-
tions to simulate real-world, multi-turn dialogues:

* Normal Evaluation compares the model’s
function call output with the ground truth us-
ing AST parsing.

* Special Evaluation mainly assesses the abil-
ity of model in problem identification. Specif-
ically, the model must: (1) detect and alert

missing parameters, (2) accurately locate er-
roneous parameters, and (3) recognize task-
function mismatches.

* Agent Evaluation focus on the model’s profi-
ciency in utilizing tools during human-agent
interactions, employing gpt-4o as a user simu-
lator, incluing End-to-End Accuracy and Pro-
cess Accuracy.

B.2 Hyper-Parameters

The detailed hyperparameters of GRPO training
are illustrated in Table 7.

Category Hyperparameter

Train Batch Size: 128
Validation Batch Size: 128
Max Prompt Length: 4096
Max Response Length: 1024
Learning Rate: le-6

PPO Mini Batch Size: 128
KL Loss Used: False
Entropy Loss Used: False
Clip Ratio Low: 0.2

Clip Ratio High: 0.28
Rollout Mini Batch Size: 2
GPU Memory Utilization: 0.5
Number of Rollouts: 12
Save Frequency (epoch): 1
Test Frequency (epoch): 1

Data Configuration

Optimization

Rollout Configuration

Training & Logging

Table 7: Configuration for Iterative GRPO training.

B.3 Closed-loop controls

To verify that the gains of LoopTool do not come
merely from additional synthetic data, we evaluate
three iterative controls under the same number of
iterations, the same number of gradient updates per
round, the same checkpoint initialization, and the
same optimizer reset policy as the full LoopTool
system.

Method Iter. 2 Iter. 3 Iter. 4
LoopTool (Ours) 73.00 74.34 74.93
Open-loop random expansion 72.04 72.80 72.95
Random error seeds 7235 73.10 7345
Static curriculum 7240 7255 72.68
Static training on Dseeq 72.18 7345 73.26

Table 8: Full iterative control results on BFCL-v3.

B.4 Saturation and iteration dynamics

To determine whether the iterative loop has reached
a useful stopping point, we extend LoopTool-8B
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beyond the four rounds used in the main experi-
ments. As shown in Table 9, performance peaks at
Iteration-4 and then declines slightly in Iterations
5-6 across overall, non-live, live, and multi-turn
metrics. This suggests that later rounds provide
diminishing returns and may over-concentrate the
training distribution on difficult residual cases. We
therefore use four iterations as the final setting.

LoopTool-8B  Overall Acc Non-Live Acc  Live Acc  Multi-Turn Acc

Iteration-4 74.93 89.52 84.72 50.88
Iteration-5 74.62 88.12 83.79 50.12
Iteration-6 74.24 87.96 83.65 50.34

Table 9: Extended saturation analysis beyond the main
four training rounds.

Table 10 further shows how the loop changes
the training distribution over the four effective it-
erations. The average perplexity, multi-turn ratio,
and average number of turns increase monotoni-
cally, indicating that EDDE progressively injects
more complex samples. Meanwhile, syntactic and
schema errors shrink sharply, while reasoning-and-
context errors become the dominant remaining fail-
ure type. This trend supports the interpretation that
LoopTool forms an automatic curriculum: early it-
erations remove easier structural failures, and later
iterations focus more on semantic planning, depen-
dency tracking, and context reasoning.

Metric Iter. 1 TIter.2 Iter.3 Iter. 4
Avg. Perplexity (PPL) 1.123  1.287 1.551 1.638
Multi-turn ratio (%) 50.0 627 66.5 70.9
Avg. turns per sample 2.1 34 4.8 5.2
Syntactic & schema (%) 9.2 4.5 1.8 0.5
Parameter errors (%) 62.1 54.3 48.7 424

Reasoning & context (%) 38.7 41.2 49.5 57.1

Table 10: Evolution of training-data complexity and
error distribution across iterations.

C Comparison with the Iterative
Algorithm

SEAL (Zweiger et al., 2025) trains LLM to self-
adapt through self-edits from the current context,
then performs a lightweight inner-loop update on
these self-edits to obtain an adapted model. Self-
Challenging Agents (SCA) (Zhou et al., 2025)
trains tool-using LLM agents using only self-
generated tasks. The model first acts as a chal-
lenger that explores the environment and proposes
executable “Code-as-Test” instances consisting of
an instruction, a programmatic verifier, an example

solution, and adversarial failure cases, enabling au-
tomatic filtering for feasible and non-trivial tasks.
The same model then acts as an executor and is op-
timized with RL using the verifier-derived rewards.
LoopTool differs from SEAL and SCA in both the
loop granularity and the role of data. It is explicitly
dataset-centric rather than instance- or task-centric,
using a multi-module closed loop to persistently
curate and refine a growing training corpus over
many iterations. This design operationalizes cost-
effective, fully open-source data improvement at
benchmark scale, enabling progressive capability
gains that can even allow a smaller trainee model
to outperform its larger data generator.

D The Algorithm of LoopTool

We present the complete procedure of our Loop-
Tool framework in Algorithm 1 , which cou-
ples GRPO-based post-training, Greedy Capability
Probing (GCP), Judgement-Guided Label Verifica-
tion (JGLV), and Error-Driven Data Expansion
(EDDE) into a unified closed-loop data evolution
process.

E Qwen3-32B VS GPT-40 as Judge Model

In JGLYV, the performance of Qwen3-32B as the
evaluator is highly consistent with GPT-40. We
conducted an additional comparison in which
Qwen3-32B and GPT-40 were separately used as
evaluators in JGLV on all samples in Iterations 2—4,
with the result shown in the Table 11. The evalua-
tion output distributions from the two models were
highly consistent (> 97%) for every iteration. The
result demonstrates that Qwen3-32B has sufficient
capability and stability to serve as the judge for
JGLV without introducing significant bias or drift
in the iterative process. This is likely because the
evaluation task, which follows a fixed and explicit
instruction format, is relatively simple compared to
open-ended generation. Under such well-specified
criteria, Qwen3-32B can reliably follow the instruc-
tions and thus perform consistently with GPT-4o.

F The performance of LoopTool on
Llama

LoopTool is essentially a model-agnostic frame-
work for iterative evolution of data and mod-
els. To further verify the effectiveness of the
LoopTool framework for other model architec-
tures, we conducted additional experiments using
Llama-3.1-8B-Instruct (Grattafiori et al., 2024) as
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Algorithm 1: LoopTool: Iterative Model-Aware Data Evolution Framework

Input: Initial seed dataset Dgeeq from Automated Tool-Augmented Data Construction; Initial

model parameters 7.

Output: Final optimized tool-calling model 7y, after .J iterations.

—

Initialize: j <— 1, D; < Subset(Dgeed)-
while ;7 < J do
// Step 1: GRPO-based Post-training

[

3 Train policy 7y, _, on D; using GRPO in Eq.(2) with binary reward r(+), obtaining updated

parameters 7y, .

4 | foreach (T, ¢, af) € D; do

// Step 2: Greedy Capability Probing (GCP)

5 Generate a; via deterministic greedy decoding from g, ;

6 if a; # a; then

7 L Send (7T, ¢t, af; a;) to JGLV for evaluation;

8 Compute PPL7 ) by Eq.(3) and retain high-PPL samples and a; = a; into DJH PPL,

// Step 3: Judgement-Guided Label Verification (JGLV)
9 foreach mismatched case (T, ct, af; a;) do
10 Obtain judgement result
Yiudge € {PRED_WRONG, LABEL _WRONG, BOTH_CORRECT, BOTH_WRONG} via Qwen3-32B;

1 if ;udge = PRED_WRONG then

12 ‘ Add to D;VI R,

13 else if y/;,qgc = LABEL_WRONG then

14 ‘ Replace a; < a; and add to DfR;
15 else if yj,qgc € {BOTH_CORRECT,BOTH_WRONG} then

16 ‘ Discard sample;

18 foreach error seed in DJES do

// Step 4: Error-Driven Data Expansion (EDDE)
17| Construct error seed set DI < DPW U DLA;

19 L Generate k new samples with scenario diversification constraints;

20 Validate generated set via rule-based + LLM-based evaluation to obtain D;JE ;

21 Select untrained subset D]Seed'new C Dseed;
2 Construct next-round dataset by Eq.(5):

3 | j<J+ 1L

24 return 7y,

// Step 5: Dataset Update for Next Iteration

Dj+1 = ’DjES U ’DJEE U 'D]HPPL U D]Seed-new

the main updated policy, while keeping training
budget, number of steps, and all LoopTool con-
figurations identical to the Qwen-based runs. We
still employ the Qwen3-32B model as both the
Generator and the Evaluator. The results are il-
lustrated in the Table 12. Results show clear iter-
ative improvements: overall accuracy rises from

49.72% (Original) to 61.00% (Iteration-3), with
substantial metric-level gains such as +8.51 points
in Multi-Turn accuracy and +35.37 points in Irrel-
evance. These results provide direct evidence that
the LoopTool framework offers substantial bene-
fits to a different model family (Llama), demon-
strating that the improvements are not specific to
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Iteration Model # Both Correct # Both Wrong # Pred Wrong # Label Wrong Consistency Rate (%)
. Qwem3-32B 14899 1486 1152 767
Tteration-1- = pr 46 14884 1474 1158 788 973
. Qwem3-32B 13917 1001 2257 1129
Tteration-2 = 2pr 45 13882 1037 2231 1154 838
. Qwen3-32B 13649 924 2734 997
lteration-3 = pr 4 13617 919 2758 1010 976

Table 11: Comparison of Qwen3-32B and GPT-40 across iterations as judge models in JGLV.

Model Overall Non-Live Acc Live Acc Multi-Turn Acc Irrelevance
Original ~ 49.72 84.48 61.13 9.62 48.46
Iteration-1 53.99 85.46 71.97 11.75 75.29
Iteration-2  56.39 86.17 74.14 14.12 82.55
Iteration-3  61.00 86.73 77.74 18.13 83.93

Table 12: Performance comparison of Llama-3.1-8B-
Instruct across iterations.

Mean Reward Across Iterations
— LoopTool-8B-lteration4

0.8

Mean Batch Reward

Step
0 50 100 150 200 250 300 350
Figure 5: The visualization of reward score across four
iterations.

Qwen-based models.

G The Computation Cost across Multiple
Iterations

We have quantified actual GPU-hour usage for
data iteration and GRPO training, with all exper-
iments run on the same 8 NVIDIA H800 hard-
ware. We deploy the Qwen3-32B model service
locally via VLLM to accomplish the JGLV and
EDDE modules. The computational cost is equiva-
lently converted into comparable GPU Hours. The
result is illustrated in the Table 13. This shows
that the per-iteration data evolution cost is only
6% of the GRPO training cost. In contrast,
without LoopTool’s closed-loop data refinement,
static-seed training rapidly converges and begins to
overfit (as seen by "Overall w/o Iterations" in Fig-
ure 2), leaving additional compute under-utilized.

Iteration GCP JGLV EDDE GRPO Training
Iteration-1  1.05  2.83 6.49 171.96
Iteration-2 1.10  3.15 7.97 181.07
Iteration-3 1.14  3.49 8.07 188.45

Table 13: Computational Cost Comparison. All values
are measured in GPU Hours on 8 NVIDIA H800 hard-
ware.

H The Learning Curves in Iterative
Learning

Figure 5 presents a detailed depiction of the re-
ward curves for LoopTool-8B across multiple it-
erative training cycles. These curves consistently
exhibit two notable characteristics: (1) There is
a stable increase in reward scores across itera-
tions. In all four training iterations, the model’s
average binary reward score curves maintain a con-
sistent upward trajectory, free from oscillations or
divergence. This stable improvement mirrors the
benchmark results shown in Figure 2, thereby con-
firming a sustained enhancement in the model’s
tool-use capability; (2) The reward trends reflect
the escalating difficulty of the data. As illustrated
in Figure 5, the overall data complexity progres-
sively increases from one iteration to the next. Al-
though the absolute reward scores tend to be lower
in later iterations due to this heightened difficulty,
the curves within each training phase still display
a steady upward progression, indicating effective
learning despite more challenging conditions.

I The example of Hierarchical Dual
SubTrees

The example subtrees of the Context Tree and Con-
straint Tree are illustrated in Figure 6 and Figure 7,
respectively.

J The Training Sample for GRPO

The Instruction Prompt used in all GRPO samples
is illustrated in Figure 8. The Single-Turn and
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Context Tree

1
I T T 1

Entertainme

Science Finance  — ...
nt
|
I T | T 1
Message Travel Movies Music Books
1
T [ 1
Transportati ~ Accommod Local
on ation Services
Flight Hotel Currency
Search Search Exchange
Vocation ‘Weather
Bus Search Rentals Forecast
Flight Make Local Event
Booking Reservation Search

Figure 6: The example subtree of Context Tree.

Multi-Turn samples are illustrated in Figure 9 and
Figure 10.

K The Label Verification Prompt

The Prompt used in Judge-Guide Label Verifica-
tion (JGLV) is concluded in Figure 11. Sample ex-
amples with 3,44 = PRED_WRONG and y;y4ge =
REF_WRONG are respectively presented in Figures 12
and 13.

L. The Error Generation Prompt and New
Error Samples

The system and user prompts for Error-Driven Data
Expansion (EDDE) are illustrated in Figures 14
and 15, respecitively. The generated sample case is
shown in Figure 16.

Constraint Tree
1

[ | T 1
N P; t
amé Description arameters Output
Conventions Rules Format
\ [ : 7
Simple
Naming Count Types
I— Snake Case Zero Simple Complex
I— Camel Case One-Three -  String -
— Kebab Case '— More — Numeric —
‘— Boolean '

Figure 7: The example subtree of Constraint Tree.
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The Full Instruction Content

You are an expert in composing functions. You are given a question and a set of possible functions. Based on the question,

you will need to make one or more function/tool calls to achieve the purpose.

If none of the functions can be used, point it out. If the given question lacks the parameters required by the function, also

point it out. If the result of tool calls has fulfilled the user’s request, summarize the answer.

Important Notes

1. When the tool call has fulfilled the user’s request, please provide a. concise summary in plain text without extra tool calls
If no tool is suitable, state that explicitly. If the user’s input lacks required parameters, ask for clarification

2. During each tool invocation, it is important to carefully examine the corresponding tool’s description and constraints.
Ensure that the required fields of the tool are strictly satisfied, and that parameter types conform to the definitions. If a
function call uses the default parameter value, it is not necessary to specify the value during the call.

3. If the user’s request cannot be completed through a one-time function call, or if the parameters of subsequent function
calls depend on the results of previous calls, then decompose it into multi-step calls. You only need to return the result of
the first step. The use of fictitious parameters or placeholder is strictly prohibited.

4. In multi-turn dialogs, if you encounter an error and the task remains unfinished, retry with more necessary tool calls unti
completion. Based on the tool feedback, reflect on whether the understanding or selection of the tool is wrong, what tool
calling step is missing, and how to achieve the task goal from now on.

The current time is {current_time}.

# Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:

<tools>{tool_sets}</tools>

For each function call, return a json object with function name and arguments within <tool_call></tool_call> XML

tags:\n<tool_call>\n{\"name\": <function-name>, \"arguments\": <args-json-object>}\n</tool_call>."

Figure 8: The general instruction prompt employed in all GRPO samples. The variables current_time and
tool_sets are placeholders.

The Single-Turn GRPO Sample

Input: <lim_startl>user\n I am planning a marketing campaign targeting men within age 25-30 in New York. I
need to know the estimated size of my target audience. Also, I want to retrieve the media plan with the Campaign
ID ‘CAMI12345’. Can you help with these? <lim_end|>

Label: <tool_call>\n {“name: "getAudienceSize”, "arguments”: {"age_range“: "25-

30, "gender”: "male”, "location”: "New York“}} \n </tool_call>

<tool_call>\n {"name”: "getMediaPlan“, "arguments”: {"campaign_id“: "CAM12345“}} \n</tool call>

Figure 9: The example of Single-Turn GRPO samples.

The Multi-Turn GRPO Sample

Input: <|im_start | >user\n I have an image at ‘images/satellite_view.png’ and I want to understand what the dominant
features are in that image. Can you analyze it using a detailed question about its content? <|im_end | >

”. ” o«

<|im_start| >assistant\n <tool_call>\n{“name”: “pipeline”, “arguments”: {“image_path”: “images/satellite_view.png”,
“question”: “What are the dominant features visible in this satellite view, and how are they distributed across the
image?”’}} \n</tool_call> <|im_end|>

<|im_start|>user\n <tool response>\n{“caption”: “The satellite view reveals a diverse landscape dominated by dense
forest regions, intersected by rivers flowing in a northwesterly direction. Urban clusters are sparsely distributed along the
riverbanks, with major infrastructure visible in the central part of the image. Open land patches and agricultural fields are
scattered towards the southern quadrant.”}\n</tool response> <|im_end|>

<|im_start | >assistant\n The satellite image analysis ... <|im_end|>

<|im_start|>user\n I‘d like to calculate the area under the curve for the polynomial function defined by the coefficients [3,
-4, 1] between the limits of 1 and 5. Also, can you search for the book ’Calculus: Early Transcendentals’ in the library
located in New York?” <|im_end | >

”

Label: <tool call>\n {“name”: “mathematics.calculate_area_under_curve”, “arguments”: {“polynomial”: [3, -4,
1], “limits”: [1, 5]}} \n</tool_call>
<tool call>\n {"name": "library.search_book", "arguments": {"'book_name": "Calculus: Early Transcendentals",

“city”: “New York”}} \n</tool call>

Figure 10: The example of Multi-Turn GRPO samples.
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The Prompt For Judgement-Guided Label Verification (JGLV)

System: You are an expert evaluator specialized in assessing function call responses. Your task is to compare two different
function call responses and determine their correctness. Here are the available tools in the conversation:

<tools> {tool_str}\n </tools>

Evaluation Criteria:

1. Correctness: Whether the function calls properly address the user's request

2. Parameter Accuracy: Whether all parameters are correct and appropriate

3. Function Selection: Whether the cﬂosen functions are suitable For the task

4. Completeness: Whether the response fully satisfies the user's needs.

Please provide objective and thorough evaluations based on these criteria.

User: ## Task
Please evaluate two function call responses for the following conversation. The time of the conversation is {date}.

Original Conversation:
{conversation_text}

## Responses to Compare
Response 1
{responsel}

Response 2
{response2}

## Output Format
Strictly respond with the following formats (no additional text):
"[RESPONSE1_INCORRECT/RESPONSE2_INCORRECT/BOTH_CORRECT/BOTH_INCORRECT]

rror Analysis: [Only briefly describe the cause of the incorrect response, without comparing it to the correct response - max
2 sentences% Correct Approach: [Explain the right way to handle this task - max 2 sentences].”

The analysis should be brief and focus on the key differentiating factor.

Figure 11: The Prompt used in Judge-Guide Label Verification for Judgement Model. The red text corresponds to
variables that are placeholders.

The PRED_WRONG Example Identified by JGLV

Input: I have a tweet in English that I want to analyze for sentiment. Also, I have a number 1456 that I want to spell out in
French. Additionally, I want to check the metadata of mﬁ company's website URL and lastly, I need a list of available spell-
check rule sets for Dutch. Here is my tweet: "I just love the holidays! Best time of the year!\". And my company’s website

URL is "https://examplecompany.com".

Label (Correct): ) . . )

<tool_call>\n{"name"; "Text Sentiment Analysis", "arguments": {"text": "I just love the holidays\"SpellOut\", "arguments":
{"data": 1456, "lang": "fr", "ruleset":! Best time of the year!"}} \n</tool_call>

<tool_call>\n{\"name\": \"SpellOut\", \"arguments\": {\"data\": 1456, \"lang\": \"fr\", \"ruleset\":
\"cardinal\"}}\n</tool_call>

<toolfca11>\n§"name": "parse", "arguments": {"url": "https://examplecompany.com"}}\n</tool_call>

<tool_call>\n{"name": "Get Rule Sets", "arguments": {"lang": "nl"}} \n</tool_call>

Response (Wrong): . . . .
<tool_call>\n{"name"; "Text Sentiment Analysis", "arguments": {"text": "I just love the holidays\"SpellOut\",
"arguments": {"data": 1456, "lang": "fr", "ruleset":! Best time of the year!"}}\n</tool call>

<tool call>\n{"name": "Get Rule Sets", "arguments": {"lang": ”fr"?} \n</tool_call>

", "arguments™: {"url": "https: /exam]%lecompany.com"}}\n</tool_call>

"name": "parse",
"name": "Get Rule Sets", "arguments": {"lang": "nl"}}\n</tool call>

<tool_call>\n
<tool_call>\n

Error Message (Generated From Judge Model?: ) )

Error Analysis: Response 2 incorrectly uses "Get Rule Sets" with ‘lang: "fr'"* (French) instead of ‘lang: "nl"* (Dutch) for the
Dutch spell-check rule sets request. ) )

Correct Approach: Use "SpellOQut" with ‘lang: "fr"" for the French number spelling and "Get Rule Sets" with ‘lang: "nl" to
retrieve Dutch rule sets as specified.

Figure 12: The example with y;,q5c = PRED_WRONG identified by JGLV.
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The REF_WRONG Example Identified by JGLV

Ingut: Can you help me calculate the fluctuation in the exchange rate of the Euro against the Dollar between January 1,
2020, and January 1, 2021? Also find the fluctuation for the Pound against the Dollar for the same time period.

Label (Wrong): )
<t0017ca11>\n% "name\": \"Fluctuation Endpoint\", \"arguments\": {\"start_string\": \"2020-01-01\", \"end_string\":
\"2021-01-01\", \"base\": \"usd\", \"symbols\": \"eur\"} } \n</tool call>

<tool call>\n{\"name\": \"Fluctuation Endpoint\", \"arguments\": {\"start_string\": \"2020-01-01\", \"end_string\":
\"2021-01-01\", \"base\": \"usd\", \"symbols\": \"gf)p\"} \n</tool_call>

Response Gorrect): ) ) ) )
<tool call>\n{\"name\": \"Fluctuation Endpoint\", \"arguments\": {\"start_string\": \"2020-01-01\", \"end_string\":
\"2021-01-01\", \"base\": \"eur\", \"symbols\": \"usd\"} } \n</tool_call> ) )
<tool call>\n{\"name\": \"Fluctuation Endpoint\", \"arguments\": {\"start_string\": \"2020-01-01\", \"end_string\":
\"2021-01-01\", \"base\": \"gbp\", \"symbols\": \"usd\"}} \n</tool call>

Error Message (Generated From Judge Model): )

Error Analysis: Response 1 incorrectly sets USD as the base currency and EUR/GBP as symbols, which calculates USD's
ﬂuctuagon against EUR/GBP instead of EUR/GBP's fluctuation against USD. The base and symbols parameters were
reversed.

Correct Aﬁproach: Use EUR and GBP as the base currencies with USD as the symbol in separate calls to measure their
respective fluctuations against the Dollar.

Figure 13: The example with 7;,45. = REF_WRONG identified by JGLV.

The System Prompt for Error-Driven Data Expansion (EDDE)

System: You are an expert data enginee{Ns'peciahzed in creating higlh-quali training samples for tool-calling language
models. Your mission is to generate NEW t

raining samples that help models learn correct tool usage patterns.

## Context Information

Current Date: {current_date}
Available Tools:
<tools> {tools_content} </tools>

## Your Task
You will analyze an error case and create a completely NEW sample that:

1. Demonstrates CORRECT tool usage in a similar scenario
2. Uses different parameters (names, amounts, symbols, etc.)
3. Maintains similar complexity and potential error patterns
4. Follows exact format requirements

## Critical Requirements

Generate a realistic but DIFFERENT scenario;

Show the CORRECT approach to handle such requests;

Use proper conversation format with role markers.

Output format must be: INPUT: [content] \n OUTPUT: |content];

INPUT could be a single turn or multiple turn request; OUTPUT must use <tool_call>\n...\n</tool_call> format
NO additional explanations or text outside the INPUT/OUTPUT sections

SN =

Figure 14: The system prompt for Error-Driven Data Expansion (EDDE).
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The User Prompt for Error-Driven Data Expansion (EDDE)

User: According to the original sample, generate a NEW training sample:

Original Sample: {converted_input}
Correct Response: {correct_response}
Incorrect Response: {incorrect_response}
Error Analysis: {error_analysis}

Format Requirements

Your response must ONLY contain: )

INPUT: %New conversation with proper role markers like USER, ASSISTANT]
OUTPUT: [Correct tool calls in <tool_call>\n...\n</tool_call> format]

Generation Instructions

Create a NEW sample that addresses the same type of error but with maximum diversity:

- Apply the scenario focus: {scenario['focus']}

- Follow parameter strategﬁr: {scenari(g' arameters’]} o

- The new sample should help the model recognize the error pattern from the original case and learn the correct approach for
similar scenarios

- The correct invocation of new samples does not need to use exactly the same tools as the original samples, and can further
involve more complex user requests.

Format Requirements
Your response must ONLY contain:

INPUT: %New conversation with <proper role markers like USER, ASSISTANT]
OUTPUT: [Correct tool calls in <tool_call>\n...\n</tool_call> format|

Some Output Examples:
{sample_1}
{sample_2}

Figure 15: The user prompt for Error-Driven Data Expansion (EDDE).

The Generated Single-Turn GRPO Sample from EDDE

Original Sample

Input: Log me in with username \"Customer Support\" and password \"P@ssw0rd2023\". Then, show me all tickets I've
create

Label (Correct): <tool call>\n{"name": "ticket_login", "arguments": {"username": "Customer Support", "password":
"P@ssw0rd2023"} } \n</tool _call>\n<tool call>\n{"name": "get user_tickets", "arguments": {} } \n</tool call>"

Response éWron ): <tool call>\n{"name": "ticket_login", "arguments": {"username": "Customer Support", "password":
“P@ssw0rd2023\"}} \n</tool call>

New Generated Sample

Input: Please sign me in with username "jane.doe" and password "Secure#2024". After that, show me any tickets I have
that are currently marked as "open".

Label: <tool call>\n{“name”: “ticket_login”, “arguments”: {“username”: “jane.doe”, “password”:
“Secure#2024”} } \n</tool _call>\n<tool call>\n{"“name”: “get_user_tickets”, “arguments”: {“status”:

"open"} }\n</tool_call>

Figure 16: The new sample generated by EDDE according to the error in the model response.
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