
Try, Check and Retry: A Divide-and-Conquer Framework for Boosting
Long-context Tool-Calling Performance of LLMs

Anonymous ACL submission

Abstract

Tool-calling empowers Large Language Mod-001
els (LLMs) to interact with external environ-002
ments. However, current methods often strug-003
gle to handle massive and noisy candidate tools004
in long-context tool-calling tasks, limiting their005
real-world application. To this end, we pro-006
pose Tool-DC, a Divide-and-Conquer frame-007
work for boosting tool-calling performance of008
LLMs. The core of Tool-DC is to reduce the009
reasoning difficulty and make full use of self-010
reflection ability of LLMs via a “Try-Check-011
Retry” paradigm. Specifically, Tool-DC in-012
volves two variants: 1) the training-free Tool-013
DC (TF), which is plug-and-play and flexible;014
2) the training-based Tool-DC (TB), which015
is more inference-efficient. Extensive exper-016
iments show that both Tool-DC methods out-017
perform their counterparts by a clear margin.018
Tool-DC (TF) brings up to +25.10% aver-019
age gains against the baseline on BFCL and020
ACEBench benchmarks, while Tool-DC (TB)021
enables Qwen2.5-7B to achieve comparable022
or even better performance than proprietary023
LLMs, e.g., OpenAI o3 and Claude-Haiku-4.5.024

025

1 Introduction026

While Large Language Models (LLMs) have027

shown remarkable successes (Ouyang et al., 2022;028

Achiam et al., 2023; Touvron et al., 2023), they029

often struggle to deal with the latest information030

and suffer from factual hallucinations, due to static031

parameters and closed knowledge boundaries. In032

response to this issue, the “tool-calling” paradigm033

has emerged, i.e., the integration of external tools034

and application programming interfaces (APIs) en-035

ables LLMs to tackle complex, real-world scenar-036

ios (Schick et al., 2023; Qin et al., 2024).037

The common tool-calling involves several pro-038

cesses. Specifically, given a large number of candi-039

date tools, LLMs need to first select the appropriate040

tools and then formulate precise input arguments.041
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Figure 1: Performance comparison on BFCL (Patil
et al., 2025) with different candidate tool scales. We
see that as the number of candidate tools increases, all
models’ performance degrades significantly, whereas
our Tool-DC method can effectively mitigate this issue.

Intuitively, the performance of tool-calling is sen- 042

sitive to the number of candidate tools. As shown 043

in our preliminary experiments (Figure 1), when 044

scaling the number of candidate tools from <10 to 045

20, all LLMs suffer from performance degradation, 046

especially for the smaller models. We conjecture 047

that, on the one hand, ❶ LLMs may fall short in 048

dealing with long context information caused by 049

a large number of candidate tools. On the other 050

hand, ❷ confusing tools with similar semantics 051

but different argument descriptions could affect the 052

argument-filling performance of LLMs. 053

There are some existing works involving analyz- 054

ing and addressing these problems. For the first 055

problem, a straightforward approach is to lever- 056

age an extra retriever to select the related tool sub- 057

set (Qin et al., 2024; Patel et al., 2025). While effec- 058

tively reducing the length of context, it highly relies 059

on the performance of extra retriever (Robertson 060

et al., 2009; Chen et al., 2024). More specifically, 061

when the retriever fails in selecting the golden tools, 062

LLMs struggle to predict the correct results due to 063

the absence of golden tools in the context. For the 064

second problem, Cui et al. (2025) reveal that many 065

1



tool-calling errors can be efficiently identified by066

the structured error checklists. Thus, they manually067

construct a global error checklist and use it to guide068

the precise tool-calling via an In-Context Learning069

(ICL) (Brown et al., 2020) manner. Although effec-070

tive, the manually defined error checklist is not flex-071

ible and is difficult to cover all errors. Thus, there072

arises a question: can we explore a more effective073

and efficient framework to boost the long-context074

tool-calling performance of LLMs?075

To achieve this goal, we propose Tool-DC, a076

Divide-and-Conquer framework for better LLMs077

tool-calling, which contains two variants: 1) a078

training-free approach, Tool-DC (TF) and 2) a079

training-based approach, Tool-DC (TB). The core080

of Tool-DC is a Try-Check-Retry paradigm. Specif-081

ically, in the processes of Tool-DC (TF), we first082

split the total candidate tools into several groups083

and perform parallel tool-calling (Try), then ver-084

ify the correctness of parallel inference results085

via strict schema constraints (Check), and lastly086

aggregate the validated results to refine global087

tool-calling accuracy (Retry). By doing so, we088

can not only reduce the length of context and089

reasoning difficulty, but also take full advantage090

of self-reflection capabilities of LLMs for better091

tool-calling. Moreover, considering the inference092

latency and deployment costs of Tool-DC (TF),093

we further propose to internalize the “Try-Check-094

Retry” decision capabilities into the model pa-095

rameters. In practice, in Tool-DC (TB), we first096

construct a high-quality Chain-of-Thought (CoT)097

dataset by collecting the correct reasoning traces098

during the stage of Tool-DC (TF), and then use it099

to fine-tune the LLMs.100

We conducted extensive experiments on two101

widely-used benchmarks, i.e., BFCL (Patil et al.,102

2025) and ACEBench (Chen et al., 2025a), across103

multiple LLMs. Notably, considering that the num-104

ber of candidate tools in the existing benchmarks105

is generally insufficient (<10), which is inconsis-106

tent with real-world scenarios, we introduce an Ex-107

tended Setting by scaling the number of candidate108

tools to simulate real-world applications. Empir-109

ical results show that our Tool-DC (TF) consis-110

tently outperforms the vanilla tool-calling methods111

among all settings, especially for the small models112

in the extended setting, i.e., up to +25.10% average113

gains. More encouragingly, with the help of Tool-114

DC (TB), Qwen2.5-7B (Yang et al., 2024) achieves115

an 83.16% overall score on BFCL, surpassing the116

powerful OpenAI o3 and Claude-Haiku-4.5.117

Contributions. To summarize, our contributions 118

are three-fold: (1) We propose a divide-and- 119

conquer framework (Tool-DC) for boosting the 120

tool-calling performance of LLMs in the long- 121

context and confusing tools scenarios. (2) Tool- 122

DC provides two variants, where the training-free 123

approach is plug-and-play and flexible, and the 124

training-based approach has a higher inference effi- 125

ciency. (3) Extensive experiments show that Tool- 126

DC outperforms the vanilla method by a clear mar- 127

gin, e.g., bringing up to +25.10% average gains 128

against the training-free baseline. 129

2 Related Works 130

Equipping LLMs with external tools extends their 131

capabilities to interact with real-world environ- 132

ments (Qu et al., 2025; He et al., 2025; Liao et al., 133

2025). However, the manner of providing all tool 134

descriptions in the context is sub-optimal, as some 135

candidate tools could be noisy and redundant (Chen 136

et al., 2025b; Liang et al., 2025). There are many 137

existing works aiming to improve the performance 138

of tool-calling, which can be classified into training- 139

free and training-based methods. The former opti- 140

mize inference via retrieval and constraint injection 141

but remain limited by the capabilities of the frozen 142

base model (Chen et al., 2024; Zheng et al., 2024b; 143

Hsieh et al., 2023; Ruan et al., 2023; Cui et al., 144

2025; Dang et al., 2025). The latter align models 145

through supervised fine-tuning or reinforcement 146

learning yet often suffer from high training costs 147

and data synthesis bottlenecks (Huang et al., 2025; 148

Hao et al., 2025; Zhang et al., 2025a; Qian et al., 149

2025; Zhang et al., 2025b). While effectively, these 150

methods still struggle to deal with long-context 151

tool-calling scenarios, where the number of candi- 152

date tools is large and many tools are similar but 153

with different argument descriptions. 154

There are rare works involving addressing the 155

above problems in the tool-calling field (Cui et al., 156

2025; Dang et al., 2025; Moon et al., 2024). 157

Among which, Cui et al. (2025) attempt to mit- 158

igate tool-calling errors via manually designing 159

a global error checklist. Despite its effectiveness, 160

this method needs to carefully design a high-quality 161

checklist, and still struggles with the long-context 162

problem. Different from it, we propose a divide- 163

and-conquer framework, which can effectively re- 164

duce the reasoning difficulty and make full use of 165

the self-reflection capabilities of LLMs. 166
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Figure 2: Overview of our Tool-DC framework. The training-free strategy employs a “Try-Check-Retry” pipeline
to reduce the reasoning difficulty, while the training-based strategy leverages the prior reasoning trajectories to
internalize this divide-and-conquer paradigm into model parameters via fine-tuning.

3 Methodology167

We propose Tool-DC, a Divide-and-Conquer168

framework for boosting the long-context tool-169

calling performance of LLMs. As shown in Fig-170

ure 2, Tool-DC contains two variants: 1) the171

training-free Tool-DC (TF), which reduces the172

reasoning difficulty via an explicit “Try-Check-173

Retry” pipeline; 2) the training-based Tool-DC174

(TB), which internalizes this divide-and-conquer175

paradigm into model parameters via fine-tuning.176

3.1 Problem Formulation177

Let q denote a user query and T = {t1, t2, . . . , tN}178

represent a library of N candidate tools. The ob-179

jective of tool-calling is to enforce the model M180

to generate a sequence of tool invocations y =181

{y1, y2, . . . }, where each invocation yi = (t, α)182

consists of a selected tool t ∈ T and its correspond-183

ing arguments α. A major challenge in real-world184

scenarios is the scale of N . Dealing with a vast185

search space makes directly modeling P (y|q, T )186

ineffective, as the substantial number of irrelevant187

candidates hinders the model’s reasoning capabili-188

ties. In response to this problem, our Tool-DC aims189

to partition the global space T into manageable190

subspaces S = {S1, . . . , SK}. This decomposi-191

tion strategy can reduce the decision complexity192

and facilitate precise tool-calling.193

3.2 Tool-DC (TF): Training-free Approach194

In this part, we introduce the details of our training- 195

free approach, Tool-DC (TF), which involves the 196

following three stages: 197

3.2.1 Try: Grouping and Local Inference 198

Considering that invoking tools from the global 199

library T suffers from a low signal-to-noise ratio 200

and interference among tools, in the first stage, 201

we propose to isolate decision-making within low- 202

noise subspaces via Strategic Anchor Grouping and 203

Local Inference, which is illustrated in Figure 3. 204

Strategic Anchor Grouping. Similar to many 205

prior works (Qin et al., 2024; Patel et al., 2025), 206

we first retrieve Top-K relevant tools Ttop via 207

an extra retriever, e.g., BM25 (Robertson et al., 208

2009). Then, we further construct K parallel 209

groups {S1, . . . , SK} via the Strategic Anchor 210

Grouping strategy. In practice, to obtain the sub- 211

space Si, we take the i-th tool from Ttop as an 212

anchor and add a disjoint subset of distractors from 213

Ttail = T \ Ttop. Such a grouping method can not 214

only grant tools missed by the initial retrieval (con- 215

tained in Ttail) a chance to be evaluated, but also si- 216

multaneously decouple highly relevant candidates 217

to prevent confusion. Notably, we preserve the 218

original Top-K set as a distinct group S0 = Ttop. 219

Local Inference. For each subspace Sj ∈ 220

{S0, S1, . . . , SK}, the model M performs local 221

inference and outputs an initial tool invocation or a 222
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Figure 3: Illustration of Try stage in Tool-DC (TF).
By splitting the total candidate tools into several parallel
groups, Tool-DC (TF) can reduce the length of context
and reasoning difficulty effectively.

null token:223

oj = M(q, Sj), (1)224

where j ∈ {0, 1, . . . ,K} denotes the index of sub-225

space, and oj represents the output (tj , αj) or the226

null token ∅. This process reduces the search space227

complexity and enables the model to generate more228

precise tool arguments.229

3.2.2 Check: Schema Consistency Validation230

Since the generated tool calls usually suffer from231

hallucinations, e.g., invoking non-existent func-232

tions or hallucinating arguments, we leverage a233

rule-based Consistency Validator F(·) to detect234

whether the tool calls are valid. Inspired by Cui235

et al. (2025), we design several schema constraints236

associated with the tools. In particular, the validity237

of each predicted output oj is determined as:238

IC(oj) =

{
1 if oj ̸= ∅ ∧ F(oj , Schema(Sj))

0 otherwise
,

(2)239

where Schema(·) refers to the schema constraints240

that verify the validity from three dimensions:241

• Function Name Validity: The name of in-242

voked function tj must explicitly exist in the243

defined tool set.244

• Argument Key Verification: The keys in αj245

must match the defined arguments, and all246

required parameters must be present.247

• Data Type Consistency: The values assigned 248

to arguments must adhere to the defined data 249

types (e.g., string, integer, boolean). 250

As a result, this process yields a refined set of valid 251

candidates V = {oj | IC(oj) = 1}. 252

3.2.3 Retry: Global Aggregation and Decision 253

Lastly, to take advantage of the self-reflection abil- 254

ity of LLMs, we introduce a refinement mecha- 255

nism that utilizes the above validated candidates 256

to obtain a more precise global decision. Specifi- 257

cally, we collect a refined candidate tool set Tretry 258

by retrieving the original definitions of the tools 259

presented in the valid set V: 260

Tretry = {t ∈ T | ∃(t, α) ∈ V}. (3) 261

The refined subset Tretry is provided in the context, 262

which is then fed into the M to obtain the final tool 263

invocation y∗: 264

y∗ = M(q, Tretry). (4) 265

In general, by splitting the total candidate tools 266

into several subspaces and using the consistency 267

validator to filter the invalid tools, we can obtain 268

a more relevant subset of candidate tools. Further- 269

more, we employ the prior feedback to enforce the 270

model to self-refine its output, thus leading to better 271

tool-calling performance. 272

3.3 Tool-DC (TB): Training-based Approach 273

Although the proposed Tool-DC (TF) method is 274

plug-and-play and flexible, it requires multiple for- 275

ward passes and will lead to some inference latency. 276

Thus, as an alternative, we additionally propose a 277

training-based method, Tool-DC (TB), which aims 278

to internalize the divide-and-conquer paradigm into 279

model parameters via fine-tuning. 280

Data Construction. The key of Tool-DC (TB) 281

is to construct the CoT training data. In practice, 282

we mainly follow the pipeline of Tool-DC (TF) 283

to collect the correct reasoning trajectories by us- 284

ing the xlam-function-calling-60k dataset (Zhang 285

et al., 2025a) as raw training corpus Draw.To reduce 286

dependence on external retrievers, we replace the 287

group-based approach with an enumeration strat- 288

egy, i.e., the number of groups is equal to the num- 289

ber of all candidate tools (K = N ). The pipeline 290

of CoT data construction is shown in Algorithm 1. 291

Notably, for ease of illustration, we simplify the 292

reasoning template in the algorithm. The detailed 293

template is shown in Figure 11 of Appendix A.7. 294
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Algorithm 1 Data Construction for Tool-DC (TB)
1: Input: Raw training dataset Draw, library T , modelM
2: Output: CoT training dataset DCoT
3: DCoT ← ∅
4: for (q,ygt) ∈ Draw do
5: Tvalid ← ∅

// Phase 1: Try & Check
6: for t ∈ T do
7: o←M(q, {t}) ▷ Local inference

// Check: Name, Args, and Type
8: if IC(o) = 1 then
9: Tvalid ← Tvalid ∪ {t}

10: end if
11: end for
12: if Tvalid = ∅ then continue
13: end if

// Phase 2: Retry
14: y∗ ←M(q, Tvalid)

// Phase 3: Rationale Synthesis
15: if y∗ = ygt then
16: Synthesize rationale R via the template:
17: “1. Candidate Selection: ...

2. Validation: ...
3. Final Review: ...”

18: CoT← <think>R</think><tool>y∗</tool>
19: DCoT ← DCoT ∪ {(q, T ,CoT)}
20: end if
21: end for
22: return DCoT

Optimization. After obtaining the CoT training295

dataset, denoted as DCoT, we can fine-tune the296

model M to minimize the negative log-likelihood297

of both reasoning traces and final tool invocation:298

L = −
∑

(q,T )∈DCoT

logP (CoT | q, T ). (5)299

By doing so, we can finally obtain the model that300

can self-reflect and generate the precise tool-calling301

in a single forward pass.302

4 Experiments303

4.1 Experimental Setup304

Tasks and Datasets. We conduct the main exper-305

iments on two representative benchmarks: Berke-306

ley Function-Calling Leaderboard (BFCL) (Patil307

et al., 2025) and ACEBench (Chen et al., 2025a).308

For BFCL, following standard evaluation proto-309

cols (Zhang et al., 2025b; Dang et al., 2025),310

we measure performance on Non-Live (synthetic)311

and Live (hand-crafted) subsets, respectively. For312

ACEBench, we adopt the Normal (en) split that313

covers diverse interaction scenarios as the test set.314

Moreover, to assess robustness on different can-315

didate tool scales, we employ two settings: 1) Stan-316

dard Setting incorporates tool lists of the original317

benchmark to evaluate basic tool-calling capabil-318

ity; 2) Extended Setting expands candidates to 20319

functions via randomly injecting irrelevant tools, 320

simulating real-world noise. For evaluation, we 321

report the strict Abstract Syntax Tree (AST) exact- 322

match accuracy for both benchmarks. The details 323

of all benchmarks are provided in Appendix A.1. 324

Models. We mainly evaluate the effectiveness of 325

Tool-DC on Qwen2.5 (Yang et al., 2024) family 326

(1.5B/3B/7B) models. To verify the universality 327

of our methods, we also use the Qwen3-4B (Yang 328

et al., 2025a), Llama-3.1/3.2 (Dubey et al., 2024) 329

series (Llama-3.2-1B/-3B, Llama-3.1-8B), Gemma- 330

3 (Team et al., 2025) series (1B/4B/12B) instruc- 331

tion models, and two closed-source LLMs, i.e., 332

GPT-4o-mini (Hurst et al., 2024) and DeepSeek- 333

V3.2 (Liu et al., 2024). During the implementation 334

of Tool-DC (TF), we set the number of groups 335

to up to 51, i.e., K = min(5, N). For the extra 336

retriever, we use the representative BM25 (Robert- 337

son et al., 2009) method. While for the imple- 338

mentation of Tool-DC (TB), we use the public 339

LLaMA-Factory (Zheng et al., 2024a) toolkit as the 340

training codebase. The details of training and infer- 341

ence hyperparameters are shown in Appendix A.2. 342

343

Compared Methods. We compare our Tool- 344

DC with several cutting-edge counterparts. For 345

training-free methods, we use the following base- 346

lines: 1) GT_Funs, only using the ground-truth 347

tools as the context; 2) All_Funs, directly using 348

all candidate tools as the context; 3) Top-K, using 349

the retrieved Top-K relevant tools as the context; 350

4) HiTEC-ICL (Cui et al., 2025), using the man- 351

ual designed error checklist to guide the precise 352

tool-calling; 5) ToolGT (Prompting) (Dang et al., 353

2025), using a curriculum-inspired prompt to en- 354

force step-by-step tool-calling. For training-based 355

methods, in addition to the base model and vanilla 356

supervised fine-tuning (SFT) baseline, i.e., directly 357

optimizing the model on ground-truth tool invoca- 358

tion without any reasoning traces, we also compare 359

with several proprietary and tool-specialized LLMs. 360

Due to space limitations, we provide the details of 361

all compared models in Appendix A.3. 362

4.2 Main Results 363

4.2.1 Performance of Training-free Strategy 364

We first evaluate Qwen2.5 family models using 365

our Tool-DC (TF) on BFCL and ACEBench bench- 366

marks, and present the comparative results in Ta- 367

ble 1. From these results, we can find that: 368

1The parameter analysis of K can be found in Section 4.4.
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Table 1: Performance comparison of Qwen2.5 models with different training-free strategies on BFCL and
ACEBench. The best and second-best results are in bold and underlined, respectively. The subscript results denote
the relative performance gains against the All_Funs baseline.

Standard Setting Extended Setting

Methods BFCL ACEBench Avg. BFCL ACEBench Avg.
Non-Live Live Overall Overall Non-Live Live Overall Overall

Qwen2.5-1.5B-Instruct
GT_Funs 70.96 62.77 66.87 47.92 57.40 70.96 62.77 66.87 47.92 57.40
All_Funs 69.96 58.18 64.07 46.33 55.20 40.69 33.23 36.96 22.00 29.48
Top-K 76.35 63.80 70.08 44.52 57.30↑2.10 60.31 43.60 51.96 38.58 45.27↑15.79
HiTEC-ICL 75.56 61.51 68.54 45.17 56.86↑1.66 46.46 39.97 43.22 25.42 34.32↑4.84
ToolGT (Prompting) 65.29 52.26 58.78 47.50 53.14↓2.06 39.58 35.83 37.71 35.33 36.52↑7.04
Tool-DC (TF) (Ours) 77.63 63.43 70.53 49.08 59.81↑4.61 64.13 62.00 63.07 46.08 54.58↑25.10

Qwen2.5-3B-Instruct
GT_Funs 79.23 69.13 74.18 54.42 64.30 79.23 69.13 74.18 54.42 64.30
All_Funs 78.08 63.51 70.80 47.25 59.03 62.73 44.34 53.54 36.50 45.02
Top-K 78.00 66.03 72.02 45.78 58.90↓0.13 63.73 46.71 55.22 38.02 46.62↑1.60
HiTEC-ICL 78.90 63.80 71.35 49.33 60.34↑1.31 63.79 45.23 54.51 34.92 44.72↓0.30
ToolGT (Prompting) 68.94 57.22 63.08 50.50 56.79↓2.24 59.29 54.92 57.11 46.58 51.85↑6.83
Tool-DC (TF) (Ours) 78.54 66.62 72.58 49.42 61.00↑1.97 71.79 57.74 64.77 48.17 56.47↑11.45

Qwen2.5-7B-Instruct
GT_Funs 85.81 78.02 81.92 65.17 73.55 85.81 78.02 81.92 65.17 73.55
All_Funs 86.46 67.44 76.95 59.92 68.44 75.71 62.77 69.24 58.58 63.91
Top-K 84.60 75.50 80.05 50.83 65.44↓3.00 70.23 54.18 62.21 46.31 54.26↓9.65
HiTEC-ICL 84.98 76.24 80.61 61.33 70.97↑2.53 76.81 65.14 70.98 54.67 62.83↓1.08
ToolGT (Prompting) 77.73 68.02 72.88 68.92 70.90↑2.46 76.00 60.55 68.28 62.42 65.35↑1.44
Tool-DC (TF) (Ours) 84.73 74.83 79.78 64.00 71.89↑3.45 84.40 70.00 77.20 58.83 68.02↑4.11
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Figure 4: Performance comparison of other LLMs with different training-free strategies on the BFCL benchmark.
Here, we mainly compare our Tool-DC (TF) method with the All_Funs baseline.

Tool-DC (TF) outperforms the baselines across369

model scales. First, in the Standard Setting, Tool-370

DC (TF) achieves the highest average scores across371

all Qwen2.5 family models, especially for the372

smaller models. Specifically, on the Qwen2.5-373

1.5B model, our method achieves an average score374

of 59.81%, outperforming the vanilla method by375

a significant margin, i.e., +4.61% average gains.376

This indicates that smaller models struggle more377

to deal with long-context tool-calling tasks, while378

our methods can effectively reduce the reasoning379

difficulty and bring better performance.380

Tool-DC (TF) exhibits strong robustness in noisy381

long-context tool-calling scenarios. Compared to382

the Standard Setting, we introduce more noisy can-383

didate tools in the Extended Setting. As seen, in384

such a more difficult setting, all methods show per- 385

formance degradation, especially in smaller models. 386

Notably, for the All_Funs, the performance degra- 387

dation is up to 25.72% average score. Conversely, 388

by locating the relevant tools, our Tool-DC (TF) 389

can alleviate the negative effect of noisy tools and 390

maintain model performance effectively. Specif- 391

ically, it outperforms the All_Funs by +25.10% 392

average score in the Qwen2.5-1.5B model. These 393

results prove the robustness of Tool-DC (TF). 394

Tool-DC (TF) brings consistent performance 395

gains for various LLMs. In addition to Qwen2.5 396

models, we also evaluate Tool-DC (TF) on Llama3, 397

Gemma3 and two closed-source LLMs, i.e., GPT- 398

4o-mini and DeepSeek-V3.2. Figure 4 illustrates 399

the comparative results on the BFCL benchmark, 400
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Table 2: Performance comparison between our tuned
models and other proprietary models on BFCL. No-
tably, the results of proprietary models are from the
official leaderboard of BFCL.

Models Non-Live Live Overall

Close-source Models
OpenAI o3 81.94 73.21 77.58
DeepSeek-V3.2-Exp 85.52 76.02 80.77
Claude-Haiku-4.5 86.50 78.68 82.59
Gemini-3-Pro-Preview 90.65 83.12 86.89

Open-source Models
Large-scale Models

Qwen3-235B-A22B-Inst 90.12 76.61 83.37
Llama-3.3-70B-Inst 88.02 76.61 82.32

Tool-specialized Models
xLAM-2-8b-fc-r 84.58 67.95 76.27
ToolACE-DEV-8B 89.67 75.20 82.44
ToolACE-MT-8B 84.94 71.52 78.23
Hammer2.1-3B 85.50 69.50 77.50
Hammer2.1-7B 84.96 70.54 77.75

Tuned Models
Qwen2.5-7B-Instruct 86.46 67.44 76.95

-w Vanilla SFT 84.23 74.24 79.24↑2.29

-w Tool-DC (TB) 86.67 79.64 83.16↑6.21

Llama-3.2-3B-Instruct 82.67 58.33 70.50
-w Vanilla SFT 83.31 62.99 73.15↑2.65

-w Tool-DC (TB) 83.17 63.95 73.56↑3.06

from which we find that our Tool-DC (TF) consis-401

tently boosts the tool-calling performance across402

all base models. Notably, for the powerful GPT-4o-403

mini model, Tool-DC (TF) can still lead to +5.3%404

performance gains, proving its effectiveness.405

4.2.2 Performance of Training-based Strategy406

The comparative results of different tuned mod-407

els on ACEBench and BFCL benchmarks are pre-408

sented in Figure 5 and Table 2, respectively. No-409

tably, due to limited computing resources, we only410

adopt Tool-DC (TB) to fine-tune some represen-411

tative models. From them, we can observe that:412

413

Tool-DC (TB) yields consistent gains across414

diverse models. In addition to the results on415

Qwen2.5 family models, we also apply our Tool-416

DC (TB) to boost the tool-calling performance of417

Llama3 and Qwen3 models. Taking the ACEBench418

benchmark as an example, we find that Tool-DC419

(TB) brings +24.95% performance gain for Llama-420

3.2-3B-Instruct model, and +15.9% for Qwen3-421

4B-Instruct model. These results can prove the422

universality of our Tool-DC (TB) method.423
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Figure 5: Comparison between base models and tuned
models using Tool-DC (TB) on Standard ACEBench.

Table 3: Ablation study on Tool-DC (TF). Here, we
use the Qwen2.5-3B-Instruct as the base model and
evaluate on the Extended Setting of BFCL.

Methods Modules Performance

Try Check Retry Non-Live Live Overall

Base ✗ ✗ ✗ 62.73 44.34 53.54
Tool-DC (TF) ✓ ✓ ✓ 71.79 57.74 64.77

w/o Try ✗ ✓ ✓ 44.19 29.39 36.79
w/o Check ✓ ✗ ✓ 52.06 52.41 52.24
w/o Retry ✓ ✓ ✗ 7.33 3.18 5.26

Our tuned models achieve remarkable perfor- 424

mance against the proprietary LLMs. In Table 2, 425

we report the official results from the leaderboard2 426

of BFCL for the proprietary LLMs. It can be seen, 427

our Tool-DC (TB) can not only improve the tool- 428

calling performance for various base models, but 429

also enable them to achieve remarkable (or even 430

better) performance against the other proprietary 431

LLMs. More specifically, with the help of Tool- 432

DC (TB), Qwen2.5-7B-Instruct achieves 83.16% 433

overall score on BFCL, outperforming the OpenAI 434

o3, DeepSeek-V3.2, and Claude-Haiku-4.5. These 435

results demonstrate the superiority of our method. 436

4.3 Ablation Study 437

In this part, we conduct ablation studies to investi- 438

gate the effect of different stages (Try, Check, and 439

Retry) of Tool-DC (TF) method, respectively. No- 440

tably, we use the Qwen2.5-3B-Instruct as the base 441

model, and report the results on the Extended Set- 442

ting of BFCL in Table 3. As seen, removing any 443

stage in Tool-DC (TF) will lead to performance 444

degradation, proving their effectiveness. 445

Firstly, when removing the Try stage, the av- 446

erage performance of Qwen2.5-3B-Instruct drops 447

from 64.77% to 36.79%, indicating the importance 448

2https://gorilla.cs.berkeley.edu/leaderboard.html
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Figure 6: Impact of Group Count K. We evaluate
Qwen2.5-3B-Instruct using different training-free meth-
ods on the Extended Setting of BFCL.

of task decomposition. Without the divide-and-449

conquer mechanism, Tool-DC (TF) falls short in450

checking its outputs and self-reflection. Secondly,451

when removing the Check stage, the refinement pro-452

cess tends to be unstable and lead to sub-optimal453

results. Lastly, when removing the Retry stage, we454

observe a performance collapse, i.e., from 64.77%455

to 5.26%. This highlights: after filtering out po-456

tentially correct answers via Check, Tool-DC (TF)457

relies on Retry to leverage these positive signals.458

Without Retry, Tool-DC (TF) cannot process the459

high-potential candidates identified by Check, re-460

sulting in the loss of valid solutions.461

4.4 More Analyses462

Sensitivity analysis of Group Count K. We in-463

vestigate the impact of the group count K, which464

is an important hyperparameter in the first stage of465

Tool-DC (TF). In practice, we conduct comparative466

experiments on the Extended Setting of BFCL by467

ranging K from 1 to 8. As shown in Figure 6, the468

Top-K baseline method suffers from significant469

performance drops at smaller K (<3) due to aggres-470

sive sample filtering. Conversely, by making full471

use of all useful candidate tools, our Tool-DC (TF)472

exhibits superior robustness to the number of K.473

More specifically, in Figure 6, “Tool-DC (TF) w/474

only Ttop” denotes that we only use the retrieved475

Top-K tools in the Try stage, which can be seen476

as an improvement on the Top-K method via our477

Check and Retry stages. By doing so, Tool-DC478

(TF) consistently improves the performance of the479

Top-K baseline, indicating the effectiveness of the480

self-reflection mechanism. Moreover, when K is481

set to 5, our Tool-DC (TF) method performs best,482

thus leaving it as the default setting in our work.483
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Figure 7: Scalability and Efficiency Analysis. Here,
we use the Qwen2.5-3B-Instruct as the base model, and
compare our Tool-DC (TF) with the All_Funs baseline
method on the Extended Setting of BFCL.

Scalability and efficiency analysis. To better 484

simulate the real-world scenarios where the candi- 485

date tools are massive and noisy, we increase the 486

number of candidate tools N from 10 to 50 for the 487

BFCL benchmark by randomly adding some irrele- 488

vant tools. We compare the results of the Qwen2.5- 489

3B-Instruct model by using the All_Funs and our 490

Tool-DC (TF), respectively. As illustrated in Fig- 491

ure 7, the performance of All_Funs baseline drops 492

significantly as the N increases, i.e., from 59.88% 493

to 43.30%. On the contrary, our Tool-DC (TF) can 494

maintain the performance effectively, demonstrat- 495

ing its robustness. Furthermore, we additionally 496

compare the inference latency between Tool-DC 497

(TF) and All_Funs. Although Tool-DC (TF) indeed 498

leads to some inference overhead, it is tolerable 499

against the performance gains of Tool-DC (TF). 500

5 Conclusion 501

In this paper, we propose Tool-DC, a divide-and- 502

conquer framework to boost the tool-calling perfor- 503

mance of LLMs via mitigating the negative effect 504

of long-context and noisy candidate tools. Specifi- 505

cally, Tool-DC involves two variants: the training- 506

free Tool-DC (TF) and training-based Tool-DC 507

(TB). The former approach leverages the “Try- 508

Check-Retry” pipeline to reduce the reasoning dif- 509

ficulty and make full use of the self-reflection abil- 510

ity of LLMs, thus leading to precise tool-calling. 511

The latter approach aims to internalize the divide- 512

and-conquer paradigm into model parameters via 513

fin-tuning. Extensive experiments show that our 514

Tool-DC consistently outperforms both training- 515

free and training-based counterparts across various 516

model scales and architectures. 517
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Limitations518

Our work has several potential limitations that519

present opportunities for future research. First, we520

only used xlam-function-calling-60k as the seed521

dataset to construct our CoT data for Tool-DC (TB).522

Although this dataset is large, it lacks sufficient di-523

versity and contains a limited number of tools in the524

context. In the future, we plan to construct a more525

diverse training set with massive and noisy con-526

text to simulate real-world scenarios, and explore527

reinforcement learning, e.g., GRPO (Guo et al.,528

2025), to further improve the model performance.529

Secondly, our current experiments are limited to530

single-step tool-calling tasks, and we do not evalu-531

ate our framework on multi-step nested scenarios,532

such as those introduced in the latest version of533

BFCL. Therefore, future work could extend our534

method to more complex tool-calling settings.535

Ethics Statement536

We take ethical considerations very seriously and537

strictly adhere to the ACL Ethics Policy. This paper538

proposes a method to boost the tool-calling perfor-539

mance of LLMs in long-context scenarios. This540

method involves both training-free and training-541

based strategies, using a divide-and-conquer mech-542

anism to assist model decision-making, rather than543

encouraging them to learn privacy-sensitive knowl-544

edge that may raise ethical concerns. Moreover,545

all training and evaluation datasets used in this pa-546

per are publicly available and have been widely547

adopted by researchers. Thus, we believe that this548

research will not pose ethical issues.549
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A Appendix 808

A.1 Details of Benchmarks 809

The Berkeley Function-Calling Leaderboard 810

(BFCL). Patil et al. (2025) introduce a compre- 811

hensive benchmark BFCL for evaluating function- 812

calling capabilities of LLMs, comprising two pri- 813

mary evaluation categories: Non-Live and Live. 814

Each category further includes four distinct task 815

types: single, multiple, parallel, and parallel mul- 816

tiple function invocations. The total number of 817

samples in the used test set is 2,501. 818

• Single: LLMs are provided with a single func- 819

tion description and must generate exactly one 820

corresponding call. 821

• Multiple: LLMs are provided with a set of 822

candidate functions and must select and in- 823

voke the most appropriate one. 824

• Parallel: LLMs need to generate multiple 825

function calls simultaneously for a single 826

query, determining the appropriate number 827

of invocations. 828

• Parallel Multiple: Combining the challenges 829

of Parallel and Multiple, LLMs need to select 830

from several candidates to invoke zero or more 831

functions as required. 832

ACEBench. ACEBench (Chen et al., 2025a) is 833

a diverse tool-calling benchmark that offers fine- 834

grained coverage across a broad range of domains. 835

Specifically, it encompasses 8 major domains and 836

68 sub-domains, including but not limited to tech- 837

nology, finance, entertainment, society, health, cul- 838

ture, and environment. The benchmark is organized 839
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into three primary categories: Normal, Special, and840

Agent. In this work, we focus exclusively on the841

Normal category, which contains 828 test samples.842

The Normal category is further subdivided into the843

following five tasks: Single-Turn, Multi-Turn, Sim-844

ilar APIs, Profile, and Atom.845

A.2 Training and Inference Details846

In this work, we use the xlam-function-calling-60k847

dataset (Zhang et al., 2025a) as raw training cor-848

pus, and construct a CoT training set with 46,897849

samples. Table 4 shows the detailed training hyper-850

parameters. Specifically, we set the batch size to 16851

and the peak learning rate to 2e-5. All models are852

trained with LoRA (Hu et al., 2021) for 2 epochs on853

two NVIDIA A800 80GB GPUs, requiring approxi-854

mately 10 hours for finetuning 7B models using our855

Tool-DC (TB). For inference, we use the VLLM3856

engine for accelerating the model generation, and857

set the temperature to 0, the maximum length of858

output tokens to 512.859

Table 4: Training hyperparameters for all models.

Hyperparameter Value

Batch Size 16
Learning Rate 2e-5
LR Scheduler cosine
Warmup Ratio 0.1
Epochs 2

A.3 Details of Compared Models860

In our training-based experiments, we compare861

our tuned models with both general-purpose862

commercial APIs (OpenAI o34 (OpenAI, 2025),863

DeepSeek-V3.2-Exp5 (Liu et al., 2025), Claude-864

Haiku-4.56 (Anthropic, 2025), and Gemini-3-865

Pro-Preview7 (Pichai et al., 2025)) and open-866

source large-scale models (Qwen3-235B-A22B-867

Inst (Yang et al., 2025a) and Llama-3.3-70B-868

Inst (Dubey et al., 2024)), as well as some special-869

ized tool-calling models, including ToolACE-DEV-870

8B (Huang et al., 2025), ToolACE-MT-8B (Zeng871

et al., 2025), xLAM-2 (Zhang et al., 2025a), and872

Hammer2.1(1.5B/3B/7B) (Lin et al., 2025).873

3https://github.com/vllm-project/vllm
4https://openai.com/index/introducing-o3-and-o4-mini
5https://api-docs.deepseek.com/news/news250929
6https://www.anthropic.com/news/claude-haiku-4-5
7https://deepmind.google/models/gemini/pro/
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Figure 8: Sensitivity analysis of group count K across
Qwen2.5 series. All models are evaluated on the Ex-
tended Setting of BFCL.

A.4 Sensitivity Analysis of Group Count K 874

We extend the sensitivity analysis of group count K 875

to Qwen2.5-1.5B, 3B, and 7B-Instruct. Results in 876

Figure 8 consistently show that while baselines like 877

Top-K suffer significant drops at low K (< 3) due 878

to over-filtering, our method remains robust even 879

at K = 1. Performance stabilizes at K ∈ [4, 6], 880

confirming that a moderate partition size effectively 881

balances noise reduction and context completeness 882

across varying model scales. 883

A.5 Performance on Long-context LLMs 884

To verify whether the long-context tool-calling is- 885

sue can be fixed by scaling the context windows, 886

we evaluate the cutting-edge long-context LLMs, 887

including Qwen2.5-7B-Instruct-1M (Yang et al., 888

2025b) and InternLM2.5-7B-Chat-1M (Cai et al., 889

2024), which have up to 1M tokens in the context 890

windows, on the BFCL benchmark. Specifically, 891

we mainly conduct experiments on the Extended 892

Settings, and report the comparative results in Ta- 893

ble 5. For reference, we also report the results of 894

GT_Funs as the upper-bound. 895

As seen, while InternLM2.5-7B-Chat-1M has a 896

long context window, it still suffers from dramatic 897

performance drops in the Extended Setting, indi- 898

cating that simply scaling context windows cannot 899

address the long-context tool-calling problem. This 900

underscores the necessity of exploring a more ro- 901

bust tool-calling method. Encouragingly, with the 902

help of our Tool-DC (TF), InternLM2.5-7B-Chat- 903
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Table 5: Performance of long-context LLMs on the Extended Setting of BFCL.

Methods Non-Live Live Overall

Simple Multiple Parallel
Parallel
Multiple

Simple Multiple Parallel
Parallel
Multiple

Non-Live Live Overall

Qwen2.5-7B-Instruct-1M
GT_Funs 74.92 95.00 90.50 85.50 80.23 77.30 62.50 66.67 86.48 77.50 81.99
All_Funs 68.67 85.50 84.00 71.00 63.18 65.81 62.50 58.33 77.29 65.14 71.22
Tool-DC (TF) (Ours) 73.17 89.00 88.50 79.50 65.89 69.71 62.50 66.67 82.54 68.84 75.69

InternLM2.5-7B-Chat-1M
GT_Funs 51.92 85.00 70.50 51.00 55.81 51.28 25.00 20.83 64.60 51.30 57.95
All_Funs 17.92 26.00 25.00 10.50 14.34 12.44 18.75 4.17 19.85 12.73 16.29
Tool-DC (TF) (Ours) 41.00 65.00 46.00 28.50 35.66 32.19 12.50 12.50 45.12 32.27 38.70

1M can alleviate the performance drop effectively,904

i.e., from 16.29% to 38.70%, continuing to prove905

its effectiveness and superiority.906

A.6 Performance on More Retrievers907

In our work, we use the representative unsuper-908

vised retrieval method BM25 as the base retriever.909

Here, we further conduct experiments to investigate910

the generality of Tool-DC on the other retrievers.911

Specifically, two cutting-edge dense retrievers, in-912

cluding bge-reranker-v2-m3 (Chen et al., 2024) and913

ToolBench_IR (Qin et al., 2024), are used in this914

experiment. We evaluate the Qwen2.5-3B-Instruct915

model on the Extended Setting of BFCL and re-916

port the comparative results in Table 6. From these917

results, we can find that our Tool-DC (TF) brings918

consistent performance gains against the Top-K919

baseline across all base retrievers, proving its gen-920

erality. Notably, although bge-reranker-v2-m3 is921

effective, it is a two-tower BERT (Devlin et al.,922

2019) model, which is inference-inefficient. While923

ToolBench_IR is finetuned on ToolBench, it is dif-924

ficult to generalize to other tool-calling tasks, thus925

leading to sub-optimal results. Moreover, consider-926

ing BM25 is a powerful and efficient unsupervised927

retriever (Lei et al., 2023), we finally choose it as928

the base retriever in our experiment.929

A.7 Prompt Details930

Here, we provide the detailed prompts used in our931

Tool-DC framework. Specifically, for Tool-DC932

(TF), the “Try” and “Retry” prompts are presented933

in Figure 9 and Figure 10, respectively. For Tool-934

DC (TB), we present the prompt template of data935

construction in Figure 11.936

A.8 Full Results937

Due to space limitations, we only report the av-938

eraged experimental results in the main body of939

this paper. Here, we present the detailed results to 940

help readers better reproduce our main experiments. 941

Specifically, the detailed results of training-free ap- 942

proaches on BFCL and ACEBench benchmarks 943

are provided in Table 7 and Table 9, respectively. 944

The detailed results of training-based approaches 945

on BFCL and ACEBench benchmarks are provided 946

in Table 8 and Table 10, respectively. 947

A.9 AI Assistant Usage 948

During the paper writing, we used a proprietary 949

LLM, i.e., Gemini-3-Pro, as the general-purpose 950

assistant to polish some sentences. We state that 951

we did not prompt them to generate research ideas 952

or search for related works, thus avoiding the risk 953

of introducing false information. 954

13



Table 6: Performance of Qwen2.5-3B-Instruct using different retrievers on the Extended Setting of BFCL.

Methods Non-Live Live Overall

Simple Multiple Parallel
Parallel
Multiple

Simple Multiple Parallel
Parallel
Multiple

Non-Live Live Overall

GT_Funs 70.92 91.50 79.00 75.50 67.83 70.37 56.25 37.50 79.23 69.13 74.18
All_Funs 64.42 71.00 62.50 53.00 43.41 44.92 43.75 29.17 62.73 44.34 53.54

bge-reranker-v2-m3
-w Top-K 67.42 83.50 74.50 61.00 52.71 64.10 50.00 37.50 71.60 61.29 66.45
-w Tool-DC (TF) 68.08 82.50 75.50 68.50 57.75 64.29 50.00 41.67 73.65 62.47 68.06

ToolBench_IR
-w Top-K 63.42 73.00 66.00 41.50 42.25 47.10 50.00 37.50 60.98 46.04 53.51
-w Tool-DC (TF) 68.83 81.50 74.00 58.50 53.10 62.01 56.25 37.50 70.71 59.81 65.26

BM25
-w Top-K 64.42 74.50 71.00 45.00 41.09 48.53 43.75 29.17 63.73 46.71 55.22
-w Tool-DC (TF) 64.67 81.00 77.50 64.00 48.84 60.40 43.75 45.83 71.79 57.74 64.77

Prompt template of “Try” stage in Tool-DC (TF)

# System:
You are a Function Selection Expert. Your task is to identify ALL functions that are semantically
relevant to the user’s question from the provided list. Extract information from the user’s
question and substitute it into the function parameters.
Read the user’s question and the function descriptions carefully. Choose any function that could
potentially meet user needs or meet a part of user needs.
If you decide to invoke any of the function(s), you MUST put it in the format of:
[func_name1(params_name1=params_value1...), 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.
<Tools of Each Group>
# User:
<Question>

Figure 9: The prompt template of “Try” stage in Tool-DC (TF).

Prompt template of “Retry” stage in Tool-DC (TF)

# 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_name1(params_name1=params_value1...),
func_name2(params)]. You SHOULD NOT include any other text in the response.
At each turn, you should try your best to complete the tasks requested by the user within the
current turn. Continue to output functions to call until you have fulfilled the user’s request
to the best of your ability.
Here is a list of functions in json format that you can invoke. <Tools>
# User:
<Question>

Figure 10: The prompt template of “Retry” stage in Tool-DC (TF).
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Prompt template for constructing the CoT data

# 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 function 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 call in tools call sections. Continue to output functions to
call until you have fulfilled the user’s request to the best of your ability.
Here is a list of functions in json format that you can invoke. <Tools>
For each interaction, you MUST strictly follow this two-step process:
Step 1: Reasoning (<think>)
You must engage in a detailed chain-of-thought enclosed within <think></think> tags.
This process must follow these exact 3 sub-steps:
Candidate Selection: Analyze the user’s question. Iterate through the function list...
Validation: Strictly check the candidate list against function definitions...
Final Review: Focus exclusively on the effective candidate list...
Step 2: Invoke (<tool_call>)
If you decide to invoke function(s), output them in the following specific format:
<tool_call>[func_name1(params_name1=value1, ...), func_name2(params)]</tool_call>
# User:
<Question>
# Assistent:
<think>
1. Candidate Selection: Analyzing the user’s query, I will attempt to map key information to the
function parameters. The functions that potentially match and may have their parameters filled
are: <candidate_tool_calls>
2. Validation: I will now strictly verify these candidates against their definitions, ensuring
all parameter types and constraints are met. The functions that pass this strict verification
are: <valid_tools>.
3. Final Review: I will now eliminate any interference from irrelevant functions and focus solely
on the valid candidates.
</think>
<tool_call><final_tool_invocation></tool_call>

Figure 11: The prompt template for constructing the CoT data in Tool-DC (TB).
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Table 7: Detailed results of different training-free methods on BFCL, which is a full version of Table 1.

Non-Live Live Overall

Methods Simple Multiple Parallel Parallel
Multiple Simple Multiple Parallel Parallel

Multiple Non-Live Live Overall

Standard Setting

Qwen2.5-1.5B-Instruct
GT_Funs 63.33 88.50 68.50 63.50 65.12 63.25 43.75 29.17 70.96 62.77 66.87
All_Funs 63.33 84.00 68.00 64.50 65.12 57.26 43.75 33.33 69.96 58.18 64.07
Top-K 66.42 83.50 79.50 76.00 68.99 63.15 50.00 45.83 76.35 63.80 70.08
HiTEC-ICL 67.75 83.50 79.00 72.00 70.54 59.83 56.25 41.67 75.56 61.51 68.54
ToolGT (Prompting) 66.67 78.00 64.00 52.50 67.05 49.29 25.00 41.67 65.29 52.26 58.78
Tool-DC (TF) (Ours) 66.50 85.50 80.50 78.00 68.60 62.68 50.00 50.00 77.63 63.43 70.53

Qwen2.5-3B-Instruct
GT_Funs 70.92 91.50 79.00 75.50 67.83 70.37 56.25 37.50 79.23 69.13 74.18
All_Funs 70.83 88.00 79.50 74.00 68.22 63.06 56.25 37.50 78.08 63.51 70.80
Top-K 71.00 89.50 78.00 73.50 67.05 66.29 62.50 45.83 78.00 66.03 72.02
HiTEC-ICL 72.58 87.50 80.50 75.00 68.60 63.25 62.50 37.50 78.90 63.80 71.35
ToolGT (Prompting) 67.75 81.50 68.50 58.00 68.60 55.46 25.00 33.33 68.94 57.22 63.08
Tool-DC (TF) (Ours) 70.67 90.00 78.50 75.00 67.05 66.95 62.50 50.00 78.54 66.62 72.58

Qwen2.5-7B-Instruct
GT_Funs 72.25 96.00 91.00 84.00 77.13 78.73 62.50 66.67 85.81 78.02 81.92
All_Funs 75.33 94.50 91.50 84.50 76.74 74.93 62.50 70.83 86.46 67.44 76.95
Top-K 71.92 93.50 91.00 82.00 77.13 75.40 62.50 70.83 84.60 75.50 80.05
HiTEC-ICL 72.42 95.00 89.00 83.50 78.29 76.07 62.50 70.83 84.98 76.24 80.61
ToolGT (Prompting) 69.92 82.50 84.00 74.50 78.29 65.53 56.25 75.00 77.73 68.02 72.88
Tool-DC (TF) (Ours) 71.92 94.00 91.00 82.00 77.91 74.93 62.50 66.67 84.73 75.20 79.97

Extended Setting

Qwen2.5-1.5B-Instruct
GT_Funs 63.33 88.50 68.50 63.50 65.12 63.25 43.75 29.17 70.96 62.77 66.87
All_Funs 51.75 49.00 35.50 26.50 32.95 33.90 25.00 12.50 40.69 33.23 36.96
Top-K 61.75 69.50 69.50 40.50 40.70 45.20 25.00 16.67 60.31 43.60 51.96
HiTEC-ICL 57.33 53.00 45.50 30.00 41.09 40.36 31.25 16.67 46.46 39.97 43.22
ToolGT (Prompting) 46.83 55.00 31.00 25.50 38.76 36.37 0.00 4.17 39.58 35.83 37.71
Tool-DC (TF) (Ours) 64.13 59.50 76.50 40.00 76.50 67.00 53.50 64.13 64.13 62.00 63.07

Qwen2.5-3B-Instruct
GT_Funs 70.92 91.50 79.00 75.50 67.83 70.37 56.25 37.50 79.23 69.13 74.18
All_Funs 64.42 71.00 62.50 53.00 43.41 44.92 43.75 29.17 62.73 44.34 53.54
Top-K 64.42 74.50 71.00 45.00 41.09 48.53 43.75 29.17 63.73 46.71 55.22
HiTEC-ICL 64.17 71.50 64.00 55.50 44.19 45.68 43.75 37.50 63.79 45.23 54.51
ToolGT (Prompting) 58.67 71.50 54.50 52.50 56.59 55.37 43.75 25.00 59.29 54.92 57.11
Tool-DC (TF) (Ours) 64.67 81.00 77.50 64.00 48.84 60.40 43.75 45.83 71.79 57.74 64.77

Qwen2.5-7B-Instruct
GT_Funs 72.25 96.00 91.00 84.00 77.13 78.73 62.50 66.67 85.81 78.02 81.92
All_Funs 65.33 82.00 85.00 70.50 58.14 63.91 75.00 54.17 75.71 62.77 69.24
Top-K 67.42 81.00 83.50 49.00 48.45 55.94 50.00 41.67 70.23 54.18 62.21
HiTEC-ICL 65.75 86.00 85.00 70.50 62.79 65.72 68.75 62.50 76.81 65.14 70.98
ToolGT (Prompting) 70.00 80.00 82.50 71.50 58.91 61.06 43.75 66.67 76.00 60.55 68.28
Tool-DC (TF) (Ours) 84.40 71.58 94.75 50.00 91.00 91.00 84.00 84.40 84.40 70.00 77.20

Table 8: Detailed results of different training-based methods on BFCL, which is a full version of Table 2.

Methods Non-Live Live Overall

Simple Multiple Parallel
Parallel
Multiple

Simple Multiple Parallel
Parallel
Multiple

Non-Live Live Overall

Qwen2.5-7B-Instruct 75.33 94.50 91.50 84.50 76.74 74.93 62.50 70.83 86.46 67.44 76.95
-w Vanilla SFT 70.92 95.50 88.50 82.00 77.52 73.69 81.25 58.33 84.23 74.24 79.24
-w Tool-DC (TB) 71.17 95.00 93.00 87.50 83.72 79.58 56.25 54.17 86.67 79.64 83.16

Llama-3.2-3B-Instruct 70.67 92.50 88.50 79.00 58.33 65.12 57.64 25.00 82.67 58.33 70.50
-w Vanilla SFT 71.25 92.00 88.50 81.50 70.93 61.35 56.25 54.17 83.31 62.99 73.15
-w Tool-DC (TB) 71.67 89.50 89.50 82.00 68.60 64.01 18.75 41.67 83.17 63.95 73.56
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Table 9: Detailed results of different training-free methods on ACEBench, which is a full version of Table 1. “Atom”,
“Single Turn”, “Multiple Turn”, “Similar API”, and “Profile” are subsets of ACEBench.

Methods
Standard Setting Extended Setting

Atom
Single
Turn

Multiple
Turn

Similar
API

Profile Overall Atom
Single
Turn

Multiple
Turn

Similar
API

Profile Overall

Qwen2.5-1.5B-Instruct
GT_Funs 56.00 38.50 28.00 52.00 54.00 47.92 56.00 38.50 28.00 52.00 54.00 47.92
All_Funs 56.67 35.00 29.00 50.00 38.00 46.33 27.67 15.00 5.00 32.00 26.00 22.00
Top-K 57.33 37.00 10.12 52.00 44.00 44.52 52.67 28.00 8.50 40.00 34.00 38.58
HiTEC-ICL 54.33 34.00 24.00 52.00 48.00 45.17 28.00 21.50 13.00 24.00 44.00 25.42
ToolGT (Prompting) 60.67 33.00 30.00 48.00 32.00 47.50 49.00 18.00 17.00 26.00 34.00 35.33
Tool-DC (TF) 56.33 47.50 23.00 66.00 44.00 49.08 57.67 38.50 25.00 40.00 40.00 46.08

Qwen2.5-3B-Instruct
GT_Funs 63.33 47.50 28.00 60.00 62.00 54.42 63.33 47.50 28.00 60.00 62.00 54.42
All_Funs 57.33 45.50 17.00 50.00 48.00 47.25 43.00 32.00 17.00 48.00 34.00 36.50
Top-K 53.67 49.50 11.21 62.00 44.00 45.78 47.33 38.50 6.61 54.00 28.00 38.02
HiTEC-ICL 53.33 52.00 30.00 58.00 50.00 49.33 39.67 33.50 19.00 50.00 26.00 34.92
ToolGT (Prompting) 60.67 48.00 30.00 56.00 54.00 52.50 56.67 36.50 22.00 52.00 50.00 46.58
Tool-DC (TF) 61.00 40.50 23.00 50.00 50.00 49.42 55.67 46.00 28.00 60.00 36.00 48.17

Qwen2.5-7B-Instruct
GT_Funs 71.00 61.00 52.00 68.00 62.00 65.17 71.00 61.00 52.00 68.00 62.00 65.17
All_Funs 62.33 63.50 45.00 64.00 64.00 59.92 65.33 54.50 42.00 62.00 56.00 58.58
Top-K 61.33 58.00 0.00 64.00 62.00 50.83 53.67 50.50 17.37 52.00 46.00 46.31
HiTEC-ICL 65.33 61.00 48.00 66.00 60.00 61.33 58.67 48.00 44.00 62.00 58.00 54.67
ToolGT (Prompting) 79.67 61.50 49.00 66.00 62.00 68.92 71.33 59.50 53.00 64.00 56.00 64.42
Tool-DC (TF) 68.00 66.00 50.00 70.00 58.00 64.00 60.00 65.00 48.00 66.00 54.00 58.83

Table 10: Detailed results of different training-based methods on Standard ACEBench, referred to Figure 5.

Methods Atom Single Turn Multiple Turn Similar API Profile Overall

Qwen2.5-7B-Instruct 62.33 63.50 45.00 64.00 64.00 59.92
-w Vanilla SFT 67.67 65.50 7.14 70.00 64.00 57.11
-w Tool-DC (TB) 76.33 47.00 22.94 74.00 64.00 61.32

Llama-3.2-3B-Instruct 33.33 21.00 8.00 34.00 50.00 28.50
-w Vanilla SFT 65.00 43.00 5.22 52.00 48.00 48.87
-w Tool-DC (TB) 72.67 43.00 12.71 56.00 38.00 53.45

Qwen3-4B-Instruct-2507 55.67 43.00 22.13 52.00 54.00 47.52
-w Vanilla SFT 75.00 65.50 16.67 70.00 66.00 62.53
-w Tool-DC (TB) 67.67 59.50 52.00 68.00 64.00 63.42

17


	Introduction
	Related Works
	Methodology
	Problem Formulation
	Tool-DC (TF): Training-free Approach
	Try: Grouping and Local Inference
	Check: Schema Consistency Validation
	Retry: Global Aggregation and Decision

	Tool-DC (TB): Training-based Approach

	Experiments
	Experimental Setup
	Main Results
	Performance of Training-free Strategy
	Performance of Training-based Strategy

	Ablation Study
	More Analyses

	Conclusion
	Appendix
	Details of Benchmarks
	Training and Inference Details
	Details of Compared Models
	Sensitivity Analysis of Group Count K
	Performance on Long-context LLMs
	Performance on More Retrievers
	Prompt Details
	Full Results
	AI Assistant Usage


