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Abstract

While Supervised Fine-Tuning (SFT) is the pre-
vailing method for equipping Large Language
Models (LLMs) with function calling capabili-
ties, its effectiveness is often compromised by
two critical challenges: 1) Imbalanced Train-
ing Signals, where lengthy Chain-of-Thought
(CoT) reasoning tokens dominate the training
signals over concise function calls in the learn-
ing objective, and 2) Imbalanced Data Hard-
ness, characterized by a scarcity of hard train-
ing examples. To overcome these limitations,
we propose Balanced Supervised Fine-tuning
(BalanceSFT), a novel framework incorporates
two key components: a Self-adjusted Signal
Balancing (SSB) loss that employs a learnable
hyperparameter to dynamically adjust the token
contributions of CoT reasoning and function
calls, together with a Hard Data Re-sampling
(HDR) strategy that establishes a feedback loop
to selectively generate new, high-quality com-
plex data guided by model errors. Extensive ex-
periments demonstrate the effectiveness of our
proposed BalanceSFT framework. With Bal-
anceSFT, a 7B model achieves function calling
performance on par with state-of-the-art giants
like GPT-5.2 and DeepSeek-V3.2. Our code,
models, and dataset are open-sourced.

1 Introduction

The rapid advancement of Large Language Mod-
els (LLMs) has marked a transformative era in
natural language processing (Ouyang et al., 2022;
Achiam et al., 2023; Touvron et al., 2023; Bai et al.,
2023), demonstrating exceptional capabilities in
text understanding, generation, and complex rea-
soning (Zhong et al., 2024). A pivotal direction in
enhancing their practicality is equipping them with
function calling abilities, enabling LLMs to interact
with external tools and APIs to execute concrete
actions and access real-world data (Wang et al.,
2025; Singh et al., 2024). Supervised Fine-Tuning
(SFT) has emerged as the standard paradigm to in-
still this capability, typically by training models on
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Figure 1: Two challenges in LLM Function Calling.
(a) Imbalanced Training Signals: The lengthy Chain-
of-Thought (CoT) tokens dominate the learning signal,
overshadowing the concise but critical function call. (b)
Imbalanced Data Hardness: The training dataset is
dominated by simple examples, with a scarcity of hard
cases necessary for robust performance.
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demonstrations that combine a Chain-of-Thought
(CoT) reasoning process with the final function
call (Lightman et al., 2023; Guo et al., 2025).
Despite the remarkable progress, conventional
SFT approaches suffer from two inherent and
critical imbalances that severely limit its effec-
tiveness (Ju et al., 2024). On the one hand, as
illustrated in Figure 1, the training signals are
skewed due to a token-level imbalance. In a typical
function-calling sample, the lengthy CoT reason-
ing tokens numerically dominate the concise, yet
critical, function call tokens (Qian et al., 2025).
This Imbalanced Training Signal causes the model
to be optimized primarily for generating plausible
reasoning, often at the expense of precision in the



final tool execution. On the other hand, the data
distribution is characterized by an Imbalanced Data
Hardness (Li et al., 2023; Zhang et al., 2024). Ex-
isting training datasets are naturally dominated by
simple examples, while complex and challenging
cases that are crucial for robust performance are
scarce. This scarcity prevents the model from effec-
tively learning to handle edge cases and intricate
scenarios (Zeng et al., 2025b).

To tackle the dual challenges, we propose Bal-
anced Supervised Fine-Tuning (BalanceSFT), a
novel framework designed to recalibrate the SFT
process. BalanceSFT incorporates two simple yet
effective components: 1) A Self-adjusted Signal
Balancing (SSB) loss function that introduces a
learnable hyperparameter to dynamically balance
the contribution of CoT tokens and function call
tokens to the total loss, ensuring that the model
does not overlook the critical execution step; 2)
A Hard Data Re-sampling (HDR) strategy that es-
tablishes a feedback loop to generate new, high-
quality complex data guided by model errors. Ex-
tensive experiments validate the effectiveness of
our BalanceSFT framework. The results show
that a 7B model trained with BalanceSFT achieves
tool-calling performance competitive with state-of-
the-art giants like GPT-5.2 (OpenAl, 2025) and
Deepseek-V3.2 (Liu et al., 2025) on the compre-
hensive Berkeley Function Calling Leaderboard
(BFCL) (Patil et al., 2024) and other specialized
benchmarks (Chen et al., 2025a; Li et al., 2023).

Our main contributions are threefold:

* We identify two critical yet overlooked limi-
tations in standard SFT for tool learning: the
imbalance in training signals between lengthy
reasoning and concise function calls, and the
imbalance in data hardness.

* We propose BalanceSFT, a novel framework
that introduces a Self-adjusted Signal Balanc-
ing (SSB) loss and a Hard Data Re-sampling
(HDR) strategy to calibrate the learning focus.

* We train a 7B model with the proposed Bal-
anceSFT framework, achieving tool-calling
performance comparable to the state-of-the-
art model like GPT-5.2 (OpenAl, 2025) and
Deepseek-V3.2 (Liu et al., 2025).

2 Related Work

Function Calling for LLMs. The ability of LLMs
to interact with external tools and APIs through

function calling has emerged as a crucial aspect of
their practical utility (Wang et al., 2024b; Singh
et al., 2024; Patil et al., 2024). This capability al-
lows LLMs to transcend the limitations of solely
processing and generating text, enabling them to
ground their responses in real-world data and au-
tomate complex tasks (Wang et al., 2024a; Ka-
vathekar et al., 2025; Zhang et al., 2025a). Early
explorations in this area focused on enabling LLMs
to understand descriptions of functions and gener-
ate the necessary calls with appropriate parame-
ters (Wang et al., 2023; Zheng et al., 2023). By
training LLMs on datasets specifically curated for
function calling scenarios, these methods aim to
instill a deeper understanding of function seman-
tics and parameter requirements (Prabhakar et al.,
2025; Zeng et al., 2025b). The quality and diversity
of these fine-tuning datasets play a critical role in
the resulting performance of the LLMs in function
calling tasks. RL has also been explored as a means
to optimize LLMs for function calling (Zhang et al.,
2025b; Qian et al., 2025). RL-based approaches
often involve defining reward functions that incen-
tivize the generation of correct and executable func-
tion calls. While RL offers the potential to directly
optimize for task success, it still suffers from sparse
rewards and the lack of effective data (Qu et al.,
2025; Zeng et al., 2025a).

Improving Reasoning Capability via SFT. The
integration of CoT with function calling mech-
anisms holds substantial promise for enhancing
the accuracy and reliability of tool-use (Lu et al.,
2024; Kokane et al.; Chen et al., 2024). By reason-
ing through the user’s request and identifying the
most appropriate course of action, including the
selection of relevant tools and their parameters, the
model can make more informed decisions about
function invocation (Li, 2025; Shen, 2024). The
explicit reasoning process provided by CoT can
also improve the transparency and interpretability
of the model’s actions (Wu et al., 2025; Dong et al.,
2025). However, the integration of CoT into the
training process for function calling introduces a
unique challenge related to the design of the loss
function (Yang et al., 2025b). Traditional training
methodologies, primarily SFT, typically treat the
entire generated sequence (including the reasoning
process and the final function call) uniformly when
calculating the loss (Lobo et al., 2025). This can
lead to an imbalance, where the potentially lengthy
sequences of reasoning steps dominate the loss cal-
culation, potentially overshadowing the importance



of the final, often shorter, function call. Conse-
quently, the model might be incentivized to gen-
erate elaborate and seemingly plausible reasoning
chains (Agarwal et al., 2024; Chen et al., 2025b),
even if they do not ultimately lead to a correct or
executable function call. This inherent tension be-
tween the verbose reasoning process and the need
for a succinct and precise function call necessitates
a more nuanced approach to loss function design
that can effectively balance these two critical as-
pects of the task. Our work addresses this challenge
by introducing a Self-adjusted Signal Balancing ap-
proach that explicitly considers the different roles
and importance of the reasoning process and the
final function execution during training.

3 Method

This section introduces our Balanced Supervised
Fine-Tuning (BalanceSFT) framework, designed
to address imbalanced training signals and data
hardness.

3.1 Overview

The overall architecture of our BalanceSFT frame-
work is illustrated in Figure 2. It consists of two
core components that work in synergy: 1) A Self-
adjusted Signal Balancing (SSB) loss that dynami-
cally balances the learning signals between lengthy
Chain-of-Thought reasoning tokens and concise
function call tokens during training, and a Hard
Data Re-sampling (HDR) strategy that establishes
a feedback loop to selectively generate and utilize
high-quality complex data based on model errors.
These two components address the signal imbal-
ance and data hardness imbalance, respectively,
forming a comprehensive solution for robust func-
tion calling capability.

3.2 Self-adjusted Signal Balancing (SSB) Loss

Motivation and Analysis. We conduct an in-
tuitive analysis of a CoT Dataset. As shown
in Table 1, a CoT Dataset distilled from QwQ-
32B (Team, 2024) based on the open-sourced func-
tion call dataset xlam-function-calling-60k (Zhang
et al.,, 2024), which exhibits a significant to-
ken imbalance: Chain-of-Thought reasoning seg-
ments contain approximately 10 times more to-
kens (mean=350.74) than function call results
(mean=31.07). This substantial disparity highlights
the need to rebalance the training focus toward the
short but critical function execution components.

CoT Token Len. Result Token Len.
Dataset Mean Median Mean Median
CoT Dataset 350.74 248.00 31.07 27.00

Table 1: Token Statistics of the CoT Dataset for function
call. Note the approximately 10x higher token count for
the CoT compared to the final execution.

Formulation. The output of an LLM M can be de-
composed into two components: chain-of-thought
t and the final function calling execution f. Let
Ny and Ny denote the token counts for these com-
ponents, respectively, with Ny = Ny + N repre-
senting the total tokens, and V' represents the size
of the vocabulary. The standard SFT loss can be
expressed as a weighted sum:

St 301 —pij log pi; )
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We decompose the loss Lggr as following:
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where w; = %,wf = jvv—j”, thus wy+wy = 1. Let
Linink and Liegyie represent the loss for reasoning
and function call components, respectively.

The statistical analysis from Table 1 reveals that
Ny > Ny, which implies w; > wy during stan-
dard training. This naturally leads to the model
being optimized primarily for generating plausi-
ble reasoning at the expense of precise function
execution. To address this inherent imbalance, we
propose the Self-adjusted Signal Balancing (SSB)
loss:

Lssg = o Linink + (1 — @) * Lyesurt ~ (3)

where « is a learnable parameter with o € [0, 1].
The introduction of « allows the model to dynami-
cally adjust its focus between reasoning depth and
execution accuracy based on performance require-
ments. In practice, we set « as a trainable parame-
ter to avoid extensive hyperparameter tuning.

3.3 Hard Data Re-sampling (HDR) Strategy

The core objective of the HDR strategy is to address
the Imbalanced Data Hardness issue through a care-
fully designed self-evolving data refinement loop.
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Figure 2: Overview of the BalanceSFT framework. It starts with a standard function call dataset, which is refined
through a Base Quality Check and Answer Check to create initial training data and identify hard data. The model
is first initialized via a Cold Start using the Self-adjusted Signal Balancing (SSB) Loss. Subsequently, the Hard
Data Re-sampling (HDR) strategy creates a Self-evolving Loop where the model iteratively reasons on hard cases,
generates new solutions, and undergoes quality-gated retraining.

This process can be formally described as a se-
quence of iterative data filtration and augmentation
operations. Let Djpiia1 denote the initial training
dataset. Each data point d; = (g;, ¢;, f;) consists
of a user query ¢;, a CoT reasoning sequence c;,
and a function call f;.

Data Filtration via Quality Checks. The dataset
undergoes a two-stage filtration process defined
by boolean functions BQC(+) and AC(-) for Base
Quality Check (including response, query, and CoT
identification) and Answer Check (including func-
tion, parameter, and format verification), respec-
tively:

Dyuatificd = { di € Dinitiat | BQC(d;) NAC(d;) },

Dhard = { di € Dinitial | BQC(d;) A—AC(d;) }.

4)

Here, Dgyaiified 1s used for the Cold Start phase

to initialize the model M, while Dy,q is reserved
for iterative self-evolution.

Self-Evolving Loop. The model at iteration ¢, de-
noted as My, is used to reason on the current hard
dataset D, generating a new set of candidate
responses R+

Rt+1 = {Mt(%) ‘ Vg € Dflard} (%)

Each candidate response r; € R*1is evaluated by
an ensemble of LLM judges J = {J1, Jo, ..., Ji}
(e.g., Gemini-2.5-Pro (Comanici et al., 2025), GPT-
40 (Hurst et al., 2024), Claude-3.5 sonnet (Claude))
via majority voting. The scoring function Score(r;)

aggregates their judgments:

k

1
Score(r;) =7 Z ) >T) 6)
m=1
where I(-) is the indicator function and 7 is a pass-
ing threshold. Responses meeting the quality stan-

dard form the new high-quality dataset:

€ R | Score(r;) =1} (7)

new {TJ

The model is then fine-tuned on this newly gen-
erated data:

Mi1 = SFT (My, DLy, (8)

Simultaneously, the hard dataset is updated by
retaining failed samples:

Di = {di € D}yq | Score(My(g:)) < 1} (9)

This iterative process continues until conver-
gence criteria are met: Dﬁ;cli = ort = Tyax-

The entire HDR strategy establishes a virtuous
cycle where model improvement and data quality
enhancement reinforce each other, effectively re-
solving the data hardness imbalance through the
iterative refinement process:

Mi41, DEFL = HDR-Iteration(My, Df,q) (10)

4 Experiments

The experiments in this paper are organized into
five parts: experimental settings, data preparation,
comparative evaluations of BalanceSFT, an abla-
tion study, and further analysis of the proposed
method.



4.1 Experiment Setting

Dataset. As summarized in Table 4, our training
data consists of two components: xlam-function-
calling-60k (Zhang et al., 2024) and Open-Agentic-
tool-use (Aworld team, inclusionAl, 2025). The
xlam-function-calling-60k dataset includes 60,000
samples spanning 3,673 APIs across 21 cate-
gories and primarily targets single-turn tool use
to strengthen foundational capabilities. In contrast,
Open-Agentic-tool-use contains 30,000 samples
covering 129 APIs across 8 categories and empha-
sizes multi-turn interactions to support complex,
agentic scenarios. Figure 5 illustrates the distri-
bution of the diverse and comprehensive API re-
sources, with additional dataset analysis provided
in Appendix A.

Benchmarks. To assess our method, we adopt
a highly representative benchmark, the Berkeley
Function Calling Leaderboard (BFCL) (Patil et al.,
2024). We evaluate our models on BFCLv3, which
covers both single-turn and multi-turn function-
calling scenarios, and report performance on all
subsets in terms of accuracy (%). Beyond BFCL,
we further evaluate our model on two special-
ized tool-use benchmarks, ACEBench (Chen et al.,
2025a) and APIBank (Li et al., 2023).

Backbones. To demonstrate the effectiveness and
general applicability of the BalanceSFT framework,
we adopt Qwen2.5-Coder-7B-Instruct (Hui et al.,
2024) as our primary base model. In addition, to
further validate the robustness and transferability
of our approach, we conduct supplementary exper-
iments on Llama-3.2-3B-Instruct (Touvron et al.,
2023) and Qwen3-4B-Instruct-2507 (Yang et al.,
2025a).

Implementations. Our implementation is
built upon the LLaMA Factory training frame-
work (Zheng et al., 2024). We adopt consistent
hyperparameters across all experiments, including
a batch size of 512, a learning rate of 4 x 1075, and
a warm-up ratio of 0.05. The SSB loss hyperparam-
eter « is initialized to 0.7 and treated as a learnable
parameter. During inference, we perform three
sampling runs with a temperature of 0.7.For the
LLM-as-judge stage in HDR, we employ Gemini-
2.5-Pro (Comanici et al., 2025), GPT- 40 (Hurst
et al., 2024), and Claude-3.5 Sonnet (Claude) as
judges, using a unified temperature of 0.7, a thresh-
old 7 = 0.5, and a scoring range of [0, 1]. The max-
imum number of iterations 71, is set to 10. All
training experiments are conducted on 8 NVIDIA

A100 GPUs. To further assess the generalizability
of our framework, we additionally report results us-
ing an open-source LLM judge, QwQ-32B (Team,
2024), in Appendix C.4.

4.2 Data Preparation

We construct two CoT datasets: (1) Strategy CoT,
generated by GPT-40 following prescribed reason-
ing strategies, and (2) Natural CoT, generated by
QwQ-32B (Team, 2024) based on its natural rea-
soning process (implemented with vLLM (Kwon
et al., 2023), temperature = 0.1). We conduct stan-
dard SFT on Qwen2.5-Coder-7B-Instruct using
each dataset. As shown in Table 3, we observe
that Natural CoT consistently outperforms Strategy
CoT. Therefore, we adopt Natural CoT for cold-
start data generation and employ self-inference in
the Hard Data Re-sampling (HDR) stage to main-
tain model-consistent reasoning patterns.

4.3 Main Results

Results on BFCLv3. The performance of
BalanceSFT-7B (built upon Qwen2.5-Coder-7B-
Instruct) on the BFCL benchmark is summarized
in Table 2. BalanceSFT-7B achieves 74.02 Over-
all performance and establishes a new state-of-the-
art results for 7B parameter models. The Multi-
Turn subset evaluates a model’s ability to handle
complex, continuous conversations. BalanceSFT-
7B shows exceptional gains in multi-turn scenar-
ios (+48.37), particularly for missing parameters
(+46.00) and long context (+53.00). The Single-
Turn subset focuses on isolated prompts under Non-
Live and Live settings. As reported in Table 2,
BalanceSFT-7B maintains its competitive edge by
achieving the subset Overall score of 84.90 (+8.08
over base model). Although closed-source models
like GPT-40 (65.64) demonstrate competitive per-
formance, our results suggest that BalanceSFT can
enable smaller open-source models to achieve com-
parable or superior function calling capabilities.
These findings demonstrate that BalanceSFT-7B
can accurately analyze system status and remains
highly sensitive to key functions and parameters
within context. To further validate the generaliz-
ability of our framework, we apply BalanceSFT to
Qwen3-4B-Instruct-2507 and report the results in
Appendix C.2.

Results on Other Benchmarks. Figure 3 presents
the performance of BalanceSFT-7B on single-
turn and multi-turn tasks from ACEBench (Chen
et al., 2025a), the Level-1 (Call) and Level-2



Single-Turn Multi-Turn
Parameter . . Subset Miss Miss Long Subset

Model Counts Non-Live Live Overall Base Func Param  Context  Overall Overall
Close Source Model

Gemini-2.5-Pro - 85.04 63.95 74.50 25.50 26.00 24.50 24.00 25.00 58.00
Gemini-2.5-Flash - 84.96 74.39 79.68 41.50 36.00 32.00 35.50 36.25 65.20
Grok-4-1-fast-reasoning - 88.27 78.46 83.37 70.50 59.50 43.00 62.50 58.88 75.20
Grok-4-1-fast-non-reasoning - 88.13 77.94 83.04 58.00 39.50 37.50 52.00 46.75 70.94
GPT-5.2-2025-12-11 - 81.85 70.39 76.12 36.50 18.00 27.50 30.50 28.13 60.12
GPT-40-2024-11-20 - 83.88 70.54 77.21 55.50 34.50 29.00 51.00 42.50 65.64
Open Source Model

Kimi-K2-Instruct 1043B 81.60 78.68 80.14 62.00 41.00 44.50 55.00 50.63 70.30
DeepSeek-V3.2-Exp 671B 85.52 76.02 80.77 55.00 49.00 27.00 48.50 44.88 68.81
Llama-4-Maverick 400B 88.65 73.65 81.15 27.00 22.00 14.00 18.00 20.25 60.85
GLM-4.6 355B 87.56 80.90 84.23 74.50 68.00 63.00 66.50 68.00 78.82
Qwen3-235B-A22B-Instruct 235B 90.33 78.68 84.51 54.00 42.50 31.50 50.50 44.63 71.21
Qwen3-32B 32B 88.77 82.01 85.39 56.00 52.50 40.00 43.00 47.88 72.88
Qwen3-30B-A3B-Thinking 30B 85.77 77.94 81.86 43.50 10.50 25.00 41.00 30.00 64.57
ToolACE-2-8B 8B 87.10 77.42 82.26 49.00 28.00 30.50 46.00 38.38 67.63
ToolACE-MT 8B 84.94 71.52 78.23 57.50 31.50 34.00 38.00 40.25 65.57
XxLAM-2-3b-fc-r 3B 82.96 62.92 72.94 71.50 59.00 57.50 45.50 58.38 68.09
Qwen2.5-Coder-7B-Inst 7B 83.88 69.75 76.82 6.00 3.50 2.00 4.00 3.88 52.50
BalanceSFT-7B 7B 88.60 81.20 84.90 51.00 53.00 48.00 57.00 52.25 74.02
A +4.72 +11.45  +8.08  +45.00 +49.50 +46.00 +53.00 +48.37  +21.52

Table 2: Performance on BFCLv3 (last updated on 2025-12-16). All metrics are calculated using the official script

and reported in terms of Accuracy (%).

Models Non-Live  Live  Overall
Qwen2.5-Coder-7B-Inst 83.88 69.75 76.82
w/ Strategy CoT 87.00 66.81 76.91
w/ Natural CoT 85.67 71.73 78.70

Table 3: Performance of the prescribed strategy mode
and the natural reasoning mode on single-turn subset of
BFCL. The two models are trained on Qwen2.5-Coder-
7B-Instruct with the same training hyperparameters.

Dataset Samples Apis  Categories
xlam-function-calling-60k 60000 3673 21
Open-Agentic-tool-use 30000 129 8

Table 4: Statistics of the xlam-function-calling-60k and
Open-Agentic-tool-use dataset.

(Retrieve+Call) subsets from APIBank (Li et al.,
2023). On ACEBench, BalanceSFT-7B achieves
the highest accuracy of 80.50 in the single-turn
task, outperforming GPT-40, which scores 78.00.
In the multi-turn task, it also attains the best re-
sult with an accuracy of 74.00, which is 6 per-
centage points higher than GPT-40 (68.00). On
APIBank, BalanceSFT-7B maintains strong gener-
alization, ranking first and second on the Level-1
and Level-2 subsets. These results confirm that the
model trained with BalanceSFT exhibits robust and
consistent performance across diverse tool-calling
benchmarks. To further demonstrate the transfer-
ability of our model’s function-calling capabilities

in concrete scenarios, we additionally present its
performance in the Search and Memory scenarios
of BFCLv4 (Patil et al., 2024) in Appendix C.1.

4.4 Ablation Study

In the ablation study, all experiments are conducted
under identical settings to ensure fair comparisons.
We use basic SFT as the baseline to isolate the
contribution of each component. To assess gener-
alization, we evaluate our framework on Qwen2.5-
Coder-Instruct and Llama3.2-3B-Instruct.
Effectiveness of the Designed Components. Our
ablation analysis, presented in Table 5, system-
atically investigates the effect of the two core
modules—Self-adjusted Signal Balancing (SSB)
loss and Hard Data Re-sampling (HDR)—on both
single-turn and multi-turn performance within the
BFCL benchmark.

For Qwen2.5-Coder-Instruct, the SFT trained
model achieves 81.92 and 40.17 in Single-Turn
and Multi-Turn, respectively. Individual activation
of SSB yields improvements up to 82.25 (Single-
Turn) and 42.72 (Multi-Turn). In contrast, apply-
ing SFT to HDR resampled data provides larger
gains, boosting Single-Turn by 2.00 and dramat-
ically increasing Multi-Turn by 6.08, suggesting
that rare edge samples are critical. Crucially, the
combination of both SSB and HDR resulted in syn-
ergistic gains, achieving the highest performance of
84.90 (Single-Turn) and 52.25 (Multi-Turn). These
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Figure 3: Performance comparison on ACEBench and APIBank.

Models Modules  Single Multi

SSB HDR Turn  Turn

Qwen2.5-Coder-Inst+SFT X X 81.92 40.17
v X 82.25 42.72

X v 83.92 46.25

v v 84.90 52.25

Llama-3.2-3B-Inst+SFT X X 75.25 35.28
v X 77.82 36.62

X v 79.28 37.75

v v 80.97 38.26

Table 5: Performance comparison of Qwen2.5-Coder-
Instruct and Llama-3.2-3B-Instruct, across different
components of modules (SSB and HDR) in Single-Turn
and Multi-Turn on BFCL.

findings underscore the substantial contributions of
both modules to enhancing the model’s robustness
and accuracy.

A similar pattern can be observed for Llama-3.2-
3B-Instruct, showing consistent trends, which fur-
ther validates the generality of our approach. These
results again validate that both SSB and HDR in-
dividually enhance performance, especially in the
Multi-Turn scenario. Notably, their combination
provides a complementary and superior method
for optimizing tool-use capabilities across different
model architectures, i.e., yielding more hard edge
samples (through HDR) and enabling the model to
learn more effectively (through SSB).

4.5 Further Analysis

Comparison with Reinforcement Learning. To
further validate the effectiveness of the proposed
BalanceSFT method, we compare it with Group
Relative Policy Optimization (GRPO) (Guo et al.,
2025) method on BFCL shown in Table 4a, the 7B
and 3B models are trained upon Qwen2.5-Coder-
7B-Instruct and Llama-3.2-3B-Instruct (Shao et al.,
2024). We use the hyperparameter settings and
reward design from the official GRPO baseline de-

scribed in Appendix B. Our proposed BalanceSFT
method demonstrates superior performance over
GRPO across multiple model architectures and
task settings. For Qwen2.5-Coder-7B-Instruct, Bal-
anceSFT achieves a higher score in the Single-Turn
task (84.90 vs. 84.00), and outperforms GRPO in
the Multi-Turn task (52.25 vs. 47.85). A simi-
lar trend is observed with Llama-3.2-3B-Instruct,
where BalanceSFT outperforms GRPO in both
tasks, marginally in Single-Turn (80.99 vs. 78.82)
and more notably in Multi-Turn (38.26 vs. 35.12).

The results indicate that the proposed Bal-
anceSFT approach provides a more balanced per-
formance boost, particularly excelling in the more
challenging Multi-Turn setting compared to the
GRPO method, thereby validating its advantage in
enhancing model robustness across different inter-
action complexities.

Effectiveness of HDR Self-Evolving Loop. As
shown in Figure 4c, the model’s ability in Multi-
Turn function call grows with the Self-evolving
Loop until convergence, providing strong evidence
that the proposed HDR can effectively and contin-
uously sample complex edge samples, driving the
model performance toward a high-accuracy.

This improvement arises from the HDR Self-
Evolving Loop, which forms a self-reinforcing
training cycle. HDR leverages model errors to
create harder edge samples that target its weak
points, forming a focused feedback loop for con-
tinual improvement. Through iterative refinement,
the model progressively enhances its accuracy, ro-
bustness across complex, multi-step tasks.

Effectiveness of Alleviating Catastrophic Forget-
ting. To assess how BalanceSFT impacts the coder
model’s original coding capabilities, we evaluate
our model on widely recognized code generation
benchmarks in Figure 4b, HumanEval and MBPP
(including their plus variants) (Austin et al., 2021;
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Figure 4: More experiments. (a) Performance of two series models trained by GRPO and BalanceSFT on BFCL.
(b) Performance of BalanceSFT and SFT models on HumanEval and MBPP (including HumanEval+ and MBPP+)
compared with that of the code pre-trained model (Qwen2.5-Coder-7B-Instruct). (c) Multi-Turn performance of

BalanceSFT-7B at different stages in Self-evolving.

Chen et al., 2021; Yu et al., 2024). The results, pre-
sented in Table 4c, demonstrate a crucial advantage
of our method. Specifically, BalanceSFT-7B main-
tains strong performance across all benchmarks,
with pass@1 scores only marginally lower (within
4%) compared to the base Qwen2.5-Coder-Instruct
model. For instance, on HumanEval, BalanceSFT
achieves 0.841 compared to the base model’s 0.866,
and on MBPP, it reaches 0.794 versus 0.812. This
minimal performance degradation stands in stark
contrast to models fine-tuned using standard SFT.
The SFT method shows dramatic drops in pass@ 1
scores on all the benchmarks, notably falling from
0.866 to 0.470 on HumanEval and from 0.823 to
0.445 on HumanEval+.

These results indicate that BalanceSFT effec-
tively mitigates catastrophic forgetting, preserving
the model’s original code capabilities across bench-
marks. This is because the SSB loss dynamically
rebalances the training signal, focusing updates on
the concise, yet crucial function call tokens. By
concentrating learning on these key tokens, the
model avoids overfitting to lengthy reasoning and
maintains its original coding capabilities.

Initial @ Final «  Single-Turn  Multi-Turn
0.5 0.68 84.12 50.97
0.6 0.68 84.49 51.28
0.7 0.69 84.90 5225
0.8 0.70 84.84 52.21
0.9 0.72 84.12 51.12

Table 6: Performance and o convergence across differ-
ent initializations.

Sensitivity of Hyperparameter. To assess the ro-
bustness of BalanceSFT to hyperparameter initial-
ization, we conduct sensitivity analysis by varying
the initial o value from 0.5 to 0.9, as shown in

Table 6. Notably, despite different starting points,
the final converged « values cluster within a nar-
row range of 0.68-0.72, demonstrating the sta-
bility of our optimization process. Performance
remains consistently strong across initializations,
with Single-Turn scores ranging from 84.12 to
84.90 and Multi-Turn scores from 50.97 to 52.25.
These results indicate that BalanceSFT is rela-
tively insensitive to initial hyperparameter selec-
tion, as the adaptive balancing mechanism effec-
tively guides o toward similar optimal values re-
gardless of initialization, ensuring stable training
outcomes. Our results in Appendix C.3 further in-
dicate that the learnable « can effectively compen-
sate for inherent data imbalances without manual
intervention.

5 Conclusion

In this work, we identify two critical yet over-
looked challenges in standard SFT for function
calling: the imbalance in training signals between
lengthy reasoning and concise function calls, and
the scarcity of hard training data. To address these
issues, we propose BalanceSFT, a novel framework
that integrates a Self-adjusted Signal Balancing
(SSB) loss and a Hard Data Re-sampling (HDR)
strategy. The SSB loss dynamically recalibrates
the learning focus between reasoning and execu-
tion, while HDR iteratively enriches the training set
with high-quality complex examples. Extensive ex-
periments demonstrate that BalanceSFT enables a
7B model to achieve function calling performance
competitive with state-of-the-art giants like GPT-
5.2, Gemini-2.5-Pro and DeepSeek-V3.2 on BFCL
and other benchmarks. Our work provides a sim-
ple yet effective pathway toward more robust and
generalizable LLM-based tool use.



Limitations

Despite its strong performance, BalanceSFT has
two major limitations. First, the effectiveness of
the SSB loss depends on the initial quality and
structure of the CoT data, which may limit its ap-
plicability in domains where high-quality reason-
ing annotations are scarce. Second, while HDR
improves data hardness, it relies on an ensemble
of LLM judges for quality control, which intro-
duces computational cost and potential bias from
the judge models.
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A Dataset
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A.1 Data Analysis

Here, we split each turn of multi-turn conversa-
tions and count them together with Single-Turn.
By using Qwen2.5-Coder-7B-Instruct’s tokenizer
for token calculation, the average token length of
function call of the entire dataset (including re-
jections) is 31.07, the average cot token length is
350.74. In the first data filtering, we obtain 85014
qualified simple data and 3178 difficult data for
self-evolving, dropping 1808 samples.

A.2 Error in Dataset

As illustrated in Figure 6, the xlam dataset con-
tains an error in the formatting of function calls.
Specifically, an extra space appears between the
opening bracket and the function name ("[ fore-
cast_weather_api(...)"), which causes the Abstract
Syntax Tree (AST) parser to fail. This type of is-
sue highlights the importance of performing a base
quality check on the dataset to ensure correct syn-
tax and reliable downstream processing. Ensuring
proper formatting is essential for both automated
function call execution and model evaluation.

B RL Training Details

To further compare the methods, we select the
reinforcement learning baseline method GRPO
and conduct experiments by using both Qwen?2.5-
Coder-7B-Instruct and Llama-3.2-3B-Instruct. We
use the open-source reinforcement learning library
Verl (Sheng et al., 2024) for training; the key hy-
perparameters for training are shown in Table 7.

C More Results
C.1 Results of Agentic Evaluation

In addition to single-turn and multi-turn func-
tion call capabilities, BFCLv4 further evaluates
the model’s agentic capability, specifically, Web
Search and Memory. We test our model on the
corresponding test sets in Table 8, even though our
base model has almost no agentic capability and
we do not include any Web Search or Memory re-
lated data in the BalanceSFT training, our model
still shows improvement in these two evaluation
subsets, which indicates that our training and data
selection are beneficial to the model’s agentic abil-

ity.
C.2 Results on Qwen3

To further verify the effectiveness of BalanceSFT,
we conduct experiments by using the more recently
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Figure 5: API categories distribution of xlam-function-calling-60k and Open-Agentic-tool-use. Different colors

represent the distribution of different API categories.

Hyperparameter Value Hyperparameter Value Hyperparameter Value
Batch Size 1024  Max Prompt Length 8192  Max Response Length 20480
Learning Rate le-6  Temperature 0.7 Epoch Number 5
KL Coefficient le-3  Entropy Coefficient 1e-3  Rollout Number 8

Table 7: The detailed hyperparameters used for RL training.

open-sourced Qwen3-4B-Instruct-2507. The de-
tailed results are shown in Table 9. Compared
with the standard SFT method, the proposed Bal-
anceSFT still performs well on the Qwen3 model.

C.3 Relationship between « and token ratios

To investigate the relationship between o and token
distribution characteristics, we conduct controlled
experiments across datasets with varying CoT-to-
function-call (CoT/FC) ratios: 5:1, 10:1, 15:1, and
20:1. Each dataset contains 2,000 samples, and
models are trained with learnable « initialized at
0.7. The results in table 10 reveal a clear inverse
relationship: as the CoT/FC Ratio increases from
5:1 to 20:1, the final converged « decreases mono-
tonically from 0.75 to 0.58. This adaptive behav-
ior demonstrates that BalanceSFT automatically
adjusts the balance parameter in response to to-
ken distribution—when reasoning tokens dominate
(higher CoT/FC ratios), o decreases to allocate
relatively more learning signal to function calling
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tokens, thereby maintaining balanced optimization
across both token types. This self-regulating mech-
anism validates our hypothesis that learnable «
can effectively compensate for inherent data imbal-
ances without manual intervention.

C4 Open-sourced LLM Judge

To ensure our results are not contingent on propri-
etary models, we conduct experiments using QwQ-
32B, a freely available open-source alternative that
can be deployed locally as a lightweight evaluator.
Table 11 presents a comparison between QwQ-32B
and proprietary model judgments: BalanceSFT-7B
scores 84.12/51.12 versus 84.90/52.25 on Single-
Turn/Multi-Turn tasks respectively. Although
QwQ-32B is demonstrably weaker than commer-
cial evaluators like GPT-40, Gemini, and Claude,
the resulting performance metrics remain highly
competitive, with differences of only 0.69 points
(Single-Turn) and 1.13 points (Multi-Turn). This
narrow gap suggests that BalanceSFT’s effective-



Web Search Memory

Models Overall Base No Snippet Overall KV  Vector Recursive Sum
Qwen2.5-Coder-7B-Instruct  4.50 4.00 5.00 237  0.00 0.00 7.10
BalanceSFT-7B 7.00 9.00 5.00 8.17 0.00 0.00 24.52

Table 8: Performance of model’s agentic ability.

Multi-Turn Single-Turn

Miss Miss Long
Func  Param  Context

Qwen3-4B-Inst-2507  62.13 22,12 2650 21.00 15.50 25.50 82.14 87.88 76.39
w/ SFT 71.50 47.13  55.00 52.00 42.50 39.00 83.69 87.23 80.14
w/ BalanceSFT 74.50 5263 5850 56.00 44.50 51.50 85.44 89.56 81.32

Models Overall Overall Base Overall Non-Live  Live

Table 9: Performance of Qwen3-4B-Instruct-2507 on BFCL.

CoT/FC Ratio Final «

5:1 0.75
10:1 0.68
15:1 0.62
20:1 0.58

Table 10: Relationship between « and token ratios.

Judge Single-Turn  Multi-Turn
QwQ-32B 84.21 51.12
proprietary models 84.90 52.25

Table 11: Performance across different judges.

ness is evaluator-agnostic and that our method pro-
duces robust improvements that are consistently
recognized across different judgment paradigms,
including those based on more accessible open-
source models.

D Details of Hard Data Re-sampling
Strategy

In the pipeline of data refinement, we utilize QwQ-
32B to assist in different levels of identification and
correction. The prompts are shown in the following
figures.
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Error of xlam Dataset

Query: What are the daily weather forecasts for Chicago and Toronto for the next 7 days?
Tools:
L
{
"name": "get_forecastdata_by_lat_lon",
"description”: "Fetches a 14-day weather forecast for a given location
specified by latitude and longitude."”,
"parameters”: {
"lat”: {"type”: "int", "default”: "51.5"},
"lon": {"type": "int", "default”: "-0.6"},
"lang": {"type": "str", "default”: "en"}
}
}!
{
"name": "location_info",
"description”: "Retrieve metadata for a specified location.”,
"parameters”: {
"location”: {"type": "str", "default”: "101275339"}
3
}Y
{
"name": "forecast_weather_api”,
"description”: "Fetches weather forecast and alerts from API.",
"parameters”: {
"q": {"type": "str", "default”: "London"},
"daySHZ {"type”: "int", "default": 11311},
"dt”: {thpell: "Str", "defaultll: HH},
lllang": {"type”: "Str", "default": Illl}
}
}’
{
"name": "daily",
"description”: "Fetches daily weather forecast for a given location.”,
"parameters”: {
"location”: {"type": "str", "default”: "102643743"},
llaltll: {“type": “int"’ Ildef‘aultll: ll@ll}’
"dataset”: {"type": "str", "default"”: "full"},
"tempunit”: {"type": "str", "default”": "C"},
"windunit"”: {"type": "str", "default”: "MS"},
"periods”: {"type”: "int", "default”: "8"}
}
}
1
Answer:
L
{
"name": " forecast_weather_api”,
"arguments”: {
llqll: “ChiCagO“,
"days": 7 }
}
{
"name": "forecast_weather_api”,
"arguments”: {
"qg": "Toronto",
"days": 7 }
}
]
g J

Figure 6: A Example for error in xlam dataset
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Response Identification

Workflow

1) Determine whether the Reference Answer is a function_tool call or a response statement.
The function call may not be in the standard function_tool call format. If it is a function_tool
call, output <judge>True</judge>; if it is a response, output <judge>False</judge>.
Hint: Common function_tool call formats include the following, where function_name is
generally from candidate_function_tools:
[func_namel(params_namel=params_valuel, params_name2=params_value2...),
func_name2(params_name3=params_value3, params_name4=params_value4...)]
Output format: <think>thought process</think><judge>True/False</judge>
Input

Reference Answer: <refANS>

Figure 7: Response Identification Prompt

Query and Tool Identification

Workflow

Judge whether the User Query and Candidate Function Tools meet the following requirements:
1) Determine whether the parameter values of the function call can be analyzed from the User
Query and the function name can be analyzed from the Candidate Function Tools. If parameter
values and function names can be analyzed, output <judge>True</judge>; otherwise, output
<judge>False</judge>.

Output format: <think>thought process</think><judge>True/False</judge>
Input

User Query: <query>

Candidate Function Tools: <tools>

Figure 8: Query and Tool Identification Prompt

CoT Identification

Workflow

Judge whether the Chain-of-Thought leads to the Reference Function Call by evaluating the
following requirements:

1) Determine whether the Chain-of-Thought starts from a proper position.

2) Determine whether every step tightly follows the above step and makes correct inference.
3) Determine whether the last step of reasoning points to the correct answer.

If the Chain-of-Thought meets all the requirements, output <judge>True</judge>; other-
wise, output <judge>False</judge>.

Output format: <think>thought process</think><judge>True/False</judge>
Input

Chain-of-Thought: <CoT process>

Reference Function Call: <refFC>

Figure 9: Chain-of-Thought Identification Prompt
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Function and Parameter Identification

Workflow

Judge whether the function names and parameters in the Reference Function Call meet the
following requirements:

1) Determine whether the function names and parameter values of the function call are correct.
If the function names and parameters are valid, output <judge>True</judge>; otherwise,
output <judge>False</judge>.

2) When the function names and parameters requirements are met, output the new function
call result according to the Reference Function Call. When the function names and parameters
requirements are not met, modify the Reference Function Call format to obtain a new function
call result that meets the name and parameters requirements.

Output format:

<think>thought process</think><judge>True/False</judge>

<NewFC>

[func_name1l(params_namel=params_valuel, params_name2=params_value2...),
func_name2(params_name3=params_value3, params_name4=params_value4...)]
</NewFC>

Input

User query: <query>

Candidate function tools: <tools>

Reference Function Call: <refFC>

Figure 10: Function and Parameter Identification Prompt
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Format Identification

Workflow

Judge whether the answer meets the following requirements:

1) The output function_tool format must satisfy the format:
[func_namel(params_namel=params_valuel, params_name2=params_value2...),
func_name2(params_name3=params_value3, params_name4=params_value4...)]
Note: The parameter name param_name should not be enclosed in " or ’, for example:
Incorrect:

e [getPrivacyViolationRisk(data="paramvaluel”, purpose="paramvalue2")]
e [getPrivacyViolationRisk(data=’paramvaluel’, purpose=’paramvalue2’)]

The paramValue parameter value, based on its value type, needs to be enclosed in quotes if it
is a string.

2) When the output meets the format requirements, output <judge>True</judge>; otherwise,
output <judge>False</judge>.

3) When the format requirements are met, output the new function call result according to the
Reference Function Call. When the format requirements are not met, modify the Reference
Function Call format to obtain a new function call result that meets the format requirements.
Do not add or modify parameters and parameter values; only modify the output format.
Output format:

<think>thought process</think><judge>True/False</judge>

<NewFC>

[func_name1(params_namel=params_valuel, params_name2=params_value2...),
func_name2(params_name3=params_value3, params_name4=params_value4...)]
</NewFC>

Input

User query: <query>

Candidate function tools: <tools>

Reference Function Call: <refFC>

Figure 11: Format Identification Prompt
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Case Study: Ice Hockey Match Schedule Query

System: 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.

You should only return the function calls in your response. If you decide to invoke any of
the function(s), you MUST put it in the format of [func_namel(params_namel=params_valuel,
params_name2=params_value2...), func_name2(params)]. You SHOULD NOT include any other text
in the response.

Here is a list of functions in JSON format that you can invoke:

[{"name": "matchschedules”,
"description”: "Fetches the schedules of ice hockey matches for
a specified date, including match timings, teams, and other
relevant information.”,
"parameters”: {
"day": {"description”: "The day of the month for which you

want to retrieve the schedules (1-31).", "type"”: "int",
"default”: 283},

"year": {"description”: "The year for which you want to
retrieve the schedules (e.g., 2022).", "type": "int",
"default”: 2022},

"month"”: {"description”: "The month for which you want to
retrieve the schedules (1-12).", "type"”: "int",

"default”: 113}3}}]

I need the schedules of matches happening on February 28, 2024.
Assistant: <think> Okay, let’s see. The user is asking for the match schedules on February 28, 2024. The
function provided is called matchschedules. The parameters it takes are day, month, and year, all integers. The
defaults are day 28, month 11, year 2022. The user’s date is February 28, 2024. So February is month 2. The day
is 28, which is valid. The year is 2024. Since the function parameters allow specifying these, I need to set each
parameter to the user’s requested values. The defaults are for November 28, 2022, which isn’t what the user wants.
So I should override the defaults by setting day=28, month=2, year=2024. That should fetch the correct schedules.
The function seems appropriate here. No missing parameters, so the function call is possible. </think>
[matchschedules(day=28, month=2, year=2024)]
- J

Figure 12: Example of Function Call Generation with Chain-of-Thought Reasoning
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