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Abstract001

The advancement of LLM agents with tool-use002
capabilities requires diverse and complex train-003
ing corpora. Existing data generation methods,004
which predominantly follow a paradigm of ran-005
dom sampling and shallow generation, often006
yield simple and homogeneous trajectories that007
fail to capture complex, implicit logical depen-008
dencies. To bridge this gap, we introduce Hard-009
Gen, an automatic agentic pipeline designed010
to generate hard tool-use training samples with011
verifiable reasoning. Firstly, HardGen estab-012
lishes a dynamic API Graph built upon agent013
failure cases, from which it samples to synthe-014
size hard traces. Secondly, these traces serve015
as conditional priors to guide the instantiation016
of modular, abstract advanced tools, which017
are subsequently leveraged to formulate hard018
queries. Finally, the advanced tools and hard019
queries enable the generation of verifiable com-020
plex Chain-of-Thought (CoT), with a closed-021
loop evaluation feedback steering the continu-022
ous refinement of the process. Extensive evalu-023
ations demonstrate that a 4B parameter model024
trained with our curated dataset achieves su-025
perior performance compared to several lead-026
ing open-source and closed-source competitors027
(e.g., GPT-5.2, Gemini-3-Pro and Claude-Opus-028
4.5). Our code, models, and dataset will be029
open-sourced to facilitate future research.030

1 Introduction031

Equipping Large Language Models (LLMs) with032

the capability to execute external tools1, primar-033

ily through Function Calling (FC), has signifi-034

cantly expanded the boundaries of artificial intelli-035

gence (Wang et al., 2025a; Shen, 2024; Wang et al.,036

2025b). As agents are deployed in increasingly037

sophisticated scenarios—from enterprise workflow038

automation to intricate data analysis—the demand039

for high-quality, diverse, and complex training040

1We use tools and APIs interchangeably in this paper.
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Figure 1: Performance comparison on the BFCLv3
Leaderboard (Patil et al.). A Qwen3-4B (Yang et al.,
2025) model trained with our curated dataset, denoted
as HardGen-4B-RL, consistently outperforms leading
open-source and closed-source models.

corpora has become the primary bottleneck lim- 041

iting their advancement (Liu et al., 2024; Zeng 042

et al., 2025b). While recent works have made 043

strides in synthesizing diverse datasets, existing 044

data generation pipelines predominantly adhere to 045

a paradigm of random sampling and shallow gener- 046

ation—randomly selecting API combinations from 047

static tool pools and generating trajectories through 048

basic user-assistant simulation (Huang et al., 2025; 049

Prabhakar et al., 2025). Trajectories generated by 050

those pipelines tend to be homogeneous and fol- 051

low a “happy path”, failing to capture the implicit 052

logical dependencies and multi-turn reasoning re- 053

quired in hard real-world tasks. For instance, real- 054

world problems often necessitate bridging logical 055

gaps, where the output of one tool serves as a latent 056

precondition for another, or implicitly parameter- 057

izes the subsequent tool call. Current pipelines 058

often miss these deep structural complexities, re- 059

sulting in agents that are robust on simple queries 060

but fragile when facing hard, logically-intertwined 061

instructions (Zhang et al., 2025a; Yin et al., 2025). 062
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To bridge this gap, we introduce HardGen, an063

automated agentic pipeline designed to synthesize064

challenging training samples for overcoming the065

performance bottleneck of tool-use agents. Unlike066

previous pipelines that focus primarily on broad-067

ening API coverage or enforcing syntactic correct-068

ness, HardGen prioritizes the logical complexity069

and difficulty of the generated trajectories. The070

core philosophy of HardGen is to learn from failure071

and evolve through feedback. Specifically, instead072

of sampling from a static tool pool, HardGen es-073

tablishes a dynamic API Graph derived explicitly074

from agent failure cases. This allows the pipeline to075

synthesize hard traces that target the specific weak-076

nesses of models. Next, we utilize these traces077

as conditional priors to guide the instantiation of078

modular, abstract advanced tools. These tools are079

then leveraged as stepping stones to formulate hard080

queries that necessitate multi-step reasoning and081

implicit dependency, moving beyond simple API082

pattern matching. At the end, the synergy of ad-083

vanced tools and hard queries facilitates the genera-084

tion of complex Chain-of-Thoughts (CoTs), with a085

closed-loop evaluation feedback mechanism steer-086

ing the continuous refinement of the generation087

process, where reasoning correctness is further ver-088

ified through a function call checking module. This089

robust, repeatable pipeline enables HardGen to con-090

struct trajectories of high diversity and complexity091

for tool-use agents.092

Generated Dataset. With HardGen, we construct093

a comprehensive dataset containing 27,000 trajec-094

tories with 2,095 APIs from real environments (see095

Section 3.5). Our dataset encompasses a rich spec-096

trum of complex interaction scenarios, particularly097

hard queries necessitating implicit logical bridging,098

where agents must autonomously infer tool depen-099

dencies and perform multi-step reasoning without100

explicit guidance. This large-scale, high-fidelity101

corpus is designed to overcome the complexity bot-102

tleneck in tool-use agent research, providing the103

community with a verifiable and rigorous founda-104

tion for training models capable of mastering deep105

logical dependencies.106

Remarkable Results. We evaluate our pipeline107

by performing SFT or RL training on the Qwen3-108

4B (Yang et al., 2025) model using the HardGen109

curated dataset. The resulting models, denoted110

as HardGen-4B-SFT and HardGen-4B-RL, are111

evaluated against several leading proprietary mod-112

els on the challenging BFCLv3 (Patil et al.) and113

other benchmarks. Despite its compact 4B scale,114

HardGen-4B-RL attains an overall accuracy of 115

79.14%, setting a new state-of-the-art record of 116

its size (see Table 2). For example, despite the 117

massive disparity in model scale, HardGen-4B-RL 118

achieves superior advantages over the latest strong 119

competitors, surpassing GPT-5.2 (OpenAI, 2025) 120

by 19.02%, DeepSeek-V3.2 (Liu et al., 2025) by 121

10.33% and Grok-4.1-Fast (xAI, 2025) by 3.94% 122

(see Figure 1). Crucially, these gains generalize to 123

held-out benchmark (BFCLv4 (Patil et al.)), vali- 124

dating that the model learns robust agentic reason- 125

ing patterns rather than memorizing templates. 126

Our contributions are summarized as follows: 127

• We propose HardGen, a novel pipeline target- 128

ing generating hard function-calling data for 129

tool-use agents. 130

• HardGen is compatible with a wide spectrum 131

of APIs and models, facilitating the synthesis 132

of tool-use datasets characterized by both high 133

fidelity and complexity. 134

• Extensive experiments demonstrate that mod- 135

els trained on our generated data achieve su- 136

perior performance, allowing a 4B parameter 137

model to surpass powerful competitors. 138

2 Related Work 139

Tool-use Ability of LLM. Empowering LLMs to 140

interact with external APIs is pivotal for the re- 141

alization of autonomous agentic systems (Wang 142

et al., 2025a; Hao et al., 2025b). By bridging the 143

gap between static knowledge and dynamic execu- 144

tion, this paradigm enables models to interrogate 145

databases, synthesize code, and manipulate digi- 146

tal interfaces (Jimenez et al., 2023; Mohammadja- 147

fari et al., 2024; Xie et al., 2024; Gao et al.). Yet, 148

the transition from isolated function invocations to 149

coherent, multi-turn tool orchestration presents a 150

substantial barrier (Guo et al., 2025; Chen et al., 151

2025; Patil et al.). In these scenarios, agents are 152

required to maintain state and resolve dependencies 153

over extended interaction horizons. The core bot- 154

tleneck is the lack of large-scale, verifiable training 155

corpora that faithfully encode realistic multi-turn 156

interactions, including implicit preconditions, pa- 157

rameter couplings, and cross-turn logical depen- 158

dencies (Prabhakar et al., 2025; Xu et al., 2025; 159

Yin et al., 2025). 160

Data Synthesis for Tool-use Training. Current 161

paradigms in tool-use data generation focus pre- 162
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Figure 2: Overview of the HardGen framework. The pipeline operates in three phases: I) Failure-inspired Hard
Trace Sampling to identify error-prone tool dependencies and construct hard tool traces; II) Trace-conditioned
Tool Evolution to synthesize advanced tools and hard queries based on the constructed hard traces; and III)
Feedback-guided CoT Refinement to verify and optimize reasoning chains through a closed-loop mechanism.

dominantly on expanding breadth and ensuring ex-163

ecutability (Yin et al., 2025; Acikgoz et al., 2025),164

typically via synthesis from fixed toolsets or multi-165

agent simulations (Prabhakar et al., 2025; Yin166

et al., 2025). Although these methods scale dataset167

size (Xu et al., 2025), they suffer from a critical lim-168

itation: the difficulty of the generated trajectories169

is often artificial—derived from explicit structural170

constraints—rather than reflecting the intrinsic rea-171

soning hurdles and implicit dependencies charac-172

teristic of authentic agentic workflows (Zeng et al.,173

2025b; Lam et al., 2024; Xu et al., 2025). In con-174

trast, our HardGen aims to generate complex, verifi-175

able tool-use trajectories that deliver grounded rea-176

soning for SFT and precise rewards for RL (Qian177

et al., 2025; Hao et al., 2025a), thereby driving178

superior performance in agentic tasks.179

3 The Proposed HardGen Pipeline180

In this section, we present HardGen, an automatic181

agentic pipeline designed to generate hard tool-use182

training samples with verifiable reasoning.183

3.1 Overview184

As the overview illustrated in Figure 2 and no-185

tations shown in Table 1, HardGen consists of186

three coordinated phases: First, we identify error-187

prone function calls via model evaluation on a self-188

evaluation query set. These “failure APIs” are then189

structured into a dynamic API Graph, which is190

iteratively updated through interactions with an191

execution environment to capture complex tool de-192

pendencies. Second, we sequentially feed the gen-193

Symbol Concept

S Environment Simulation Space
T Failure API Set
G = (T,D,P) API Graph (Failure API Set T, De-

pendencies D, Parameters P)
AT , AQ, AR, AV Agents: Tool Maker, Hard-query

Generator, Reasoner, Verifier
Ta ∈ T Selected Tool
Qhard Hard Query
Tadv Advanced Tool
M Number of Tool Calls Per Trace
N Number of Turns Per Trajectory

Table 1: Core notations. Summary of symbols and
definitions used in this work.

erated tool traces from the API Graph into a Tool 194

Maker and a Hard-query Generator, which evolves 195

simple functions into advanced tools and synthesize 196

corresponding high-complexity queries. Third, we 197

employ a Reasoner-Verifier loop to execute these 198

hard queries, using environment feedback to rigor- 199

ously filter and refine function calls and CoTs. By 200

repeating this three-phase process, our HardGen 201

generates reliable and complex multi-turn trajec- 202

tories, which contain hard queries, primitive tools, 203

verified CoTs and function calls. 204

3.2 Phase I: Failure-inspired Hard Trace 205

Sampling 206

Rather than uniformly sampling tool combinations, 207

this phase leverages a failure-driven self-evaluation 208

to surface tools and dependencies that the current 209

model struggles with. The resulting API Graph 210

serves as a structured representation of failure- 211

prone tools and their latent interaction patterns, 212
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from which a series of hard and valuable tool traces213

can be sampled.214

Failure-driven Self-evaluation and Graph Con-215

struction. We deploy a large-scale API environ-216

ment comprising 2,095 tools to perform model217

self-evaluation. For each tool, HardGen generates218

an execution trace and constructs a corresponding219

hard query, forming a Self-evaluation Query Set220

used to evaluate Qwen3-4B (Yang et al., 2025) and221

Llama-3.2-3B-Instruct (Dubey et al., 2024). A tool222

is designated as challenging if both models pro-223

duce incorrect execution results during inference.224

Through this process, we identify 1,204 challeng-225

ing tools, which are incrementally incorporated226

into both the Failure API Set T and API Graph G,227

enabling systematic capture of challenging tools228

and their dependencies. The graph construction and229

its update are shown in the Appendix G. Despite230

performing evaluation and construction solely on231

Qwen3 models, our approach demonstrates robust232

performance across heterogeneous architectures in-233

cluding Llama-3 (see Table 12) and Qwen2.5 (see234

Table 3), validating the strong generalization capa-235

bility of the HardGen synthesized data.236

Legality-constrained Sampling. To guarantee237

execution validity, tool selection is subject to a238

strict dependency constraint: a tool Ta is callable239

if and only if all its prerequisite dependency tools240

(DTa) have been executed previously, denoted by241

Tcalled. This legality condition is formalized as242

I(Ta,Tcalled) = 1{DTa⊆Tcalled}, (1)243

where 1{·} is the indicator function.244

Hard Trace Sampling. To reach the selected tar-245

get tool Ta while satisfying its prerequisite con-246

straints, we design a Sampler that explicitly biases247

trace construction toward Ta. Specifically, the Sam-248

pler employs a greedy heuristic over the set of le-249

gal tools Tlegal, prioritizing tools that minimize the250

graph distance dist(·, ·) to Ta. Here, dist(Tk, Ta)251

denotes the length of the shortest path from Tk to252

Ta in the API graph G. The resulting sampling253

policy is formally defined as:254

Ts = Sampler(Ta,Tcalled)

=


rand(Tlegal), Ta ∈ Tcalled,

Ta, I(Ta,Tcalled)=1 ∧ Ta /∈ Tcalled,

argmin
Tk

dist(Tk, Ta), otherwise.

(2)255

The sampled tool Ts is executed with param- 256

eters Ps as a call Cs = (Ts, Ps), producing en- 257

vironment feedback Es and updating the system 258

state S, the set of executed tools Tcalled, and the 259

dynamic API graph G. The resulting execution se- 260

quence is recorded as an executable hard trace Γi = 261

(C1, E1, C2, E2, . . . , CM , EM ), which serves as a 262

failure-aware prior for subsequent phases. 263

3.3 Phase II: Trace-conditioned Tool 264

Evolution 265

The hard trace Γi generated in Phase I guarantees 266

correct tool execution and faithfully captures the 267

underlying operational sequence. However, a cen- 268

tral challenge in training robust tool-use agents lies 269

in enabling implicit logical bridging—the ability 270

to autonomously infer the necessary intermediate 271

steps when faced with hard queries that do not 272

explicitly specify the full tool chain. Directly gen- 273

erating queries from execution traces, where all in- 274

termediate steps are explicitly enumerated, fails to 275

cultivate this capability, as models can simply rely 276

on pattern matching rather than learning to bridge 277

logical gaps. To address this challenge, Phase II 278

reinterprets the trace via a two-stage evolution pro- 279

cess: it first abstracts the multi-step execution into 280

a unified high-level operation, and then constructs 281

a challenging hard query that explicitly requires 282

this abstraction. 283

Advanced Tool Construction. Given Γi, the 284

Tool Maker (AT ) synthesizes a unified high-level 285

operation abstraction, denoted as the advanced tool 286

Tadv: 287

Tadv = AT (Γi) , (3) 288

where AT abstracts the multi-step execution trace 289

into a high-level operation that encapsulates the 290

collective functionality and interdependencies of 291

all tool calls within Γi. 292

Hard Query Generation. Conditioned on the 293

synthesized advanced tool Tadv, the Hard-query 294

Generator (AQ) generates a challenging query 295

Qhard that explicitly requires the use of Tadv for 296

resolution. Formally, the process is expressed as: 297

Qhard = AQ (Tadv) . (4) 298

3.4 Phase III: Feedback-guided CoT 299

Refinement 300

While the hard query Qhard constructed in Phase II 301

effectively challenges the model with implicit logi- 302

cal dependencies, it also amplifies the difficulty of 303
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generating correct and coherent Chain-of-Thought304

(CoT) reasoning. To mitigate this issue, Phase305

III implements an iterative refinement mechanism306

that progressively corrects flawed reasoning via307

feedback-driven prompting, guiding the CoT from308

erroneous states toward correct solutions.309

Reasoning with Hint. Given the hard query310

Qhard, the Reasoner AR attempts to generate the311

correct function call with the hint from the descrip-312

tion of the advanced tool Tadv. The initial prompt,313

denoted as Prompt(1)i , is constructed from the hard314

query, the primitive tool set used to define the ad-315

vanced tool, and the advanced tool description.316

Error Diagnosis. When the current attempt fails317

(i.e., FC(k)
i ̸= Ci), the Verifier AV analyzes the dis-318

crepancy between the incorrect function call and319

the ground truth. The Verifier identifies the spe-320

cific error and generates corrective hint feedback321

Error(k)i that guides correction without exposing322

the answer.323

CoT Refinement. For step i ∈ {1, . . . ,M} at its324

k-th attempt , we incorporate the corrective hint325

Error(k)i into the current prompt through concate-326

nation:327

Prompt(k+1)
i = Concat(Prompt(k)i ,Error(k)i ). (5)328

With this augmented prompt, AR is re-invoked to329

produce a refined solution, yielding an updated rea-330

soning process CoT(k+1)
i and function call FC(k+1)

i .331

This iterative refinement continues until either the332

function call is correct or the maximum number of333

attempts Kmax is reached.334

Upon successfully generating the correct func-335

tion call Ci at step i on the k-th attempt, the envi-336

ronment execution feedback Ei is incorporated into337

the prompt for the subsequent i+1 step via concate-338

nation: Prompt(1)i+1 = Concat(Prompt(k)i , Ci, Ei).339

This design ensures that subsequent reasoning is340

explicitly conditioned on the complete execution341

history accumulated up to the current step. A trace342

is retained only if all M function calls are correctly343

generated across the entire sequence.344

3.5 Generated Dataset345

We deploy HardGen on a large-scale real-world346

API environment comprising 2,095 tools, of which347

1,204 are identified as Failure Tools through sys-348

tematic Self-evaluation. Training trajectories are349

synthesized using the HardGen pipeline, with350
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Figure 3: Statistics and distribution of the generated
dataset. (Top) Histogram of tool calls per trajectory
(left) and key dataset metrics (right). (Bottom) Distribu-
tion of API domains (left), the proportion of single-turn
and multi-turn trajectories (right).

Qwen3-30B-A3B-Thinking (Yang et al., 2025) 351

serving as the backbone of the four agents. The sys- 352

tem employs a maximum attempt limit of Kmax = 353

3, which we find offers a favorable balance be- 354

tween trajectory quality and computational cost. As 355

shown in Figure 3, the resulting dataset comprises 356

27,000 high-quality trajectories that exhibit sub- 357

stantial diversity across multiple dimensions. First, 358

in terms of task complexity, trajectories span 1 to 359

8 tool calls (with an average of 3.21), and 62.1% 360

of them contain three or more tool calls within a 361

single trace. Second, regarding API coverage, the 362

dataset spans diverse domains including Finance 363

(20.4%), Game (9.5%), Tools (16.8%), and Data 364

(19.5%), ensuring broad applicability. Third, the 365

trajectories capture rich reasoning patterns, from 366

straightforward single-turn executions (36.3%) to 367

complex multi-turn scenarios (63.7%) requiring so- 368

phisticated inference capabilities. A supplementary 369

trajectory case and the prompts of corresponding 370

agents are shown in Appendix H and Appendix I. 371

4 Experiments 372

In this section, we evaluate our proposed pipeline 373

by performing Supervised Fine-Tuning (SFT) and 374

Reinforcement Learning (RL) on several baseline 375

models using the HardGen curated dataset. 376

4.1 Experiment Setup 377

Baseline Models. We employ Qwen3-4B as our 378

main baseline model (Yang et al., 2025). To 379
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Single-Turn Multi-Turn

Model Parameter
Counts Non-Live Live Subset

Overall Base Miss
Func

Miss
Param

Long
Context

Subset
Overall Overall

Closed-source
Claude-Opus-4-5-20251101 - 88.58 79.79 84.19 81.00 64.00 58.00 70.50 68.38 78.92
Claude-Sonnet-4-5-20250929 - 88.65 81.13 84.89 69.00 65.00 52.50 59.00 61.38 77.05
Claude-Haiku-4-5-20251001 - 86.50 78.68 82.59 63.50 42.50 52.50 56.00 53.63 72.93
Gemini-3-Pro-Preview - 90.65 83.12 86.89 64.50 60.00 54.50 64.00 60.75 78.17
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-4o-2024-11-20 - 83.88 70.54 77.21 55.50 34.50 29.00 51.00 42.50 65.64

Open-source
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
Nanbeige4-3B-Thinking-2511 3B 81.58 79.42 80.50 58.50 54.00 45.00 47.00 51.12 70.71
xLAM-2-3b-fc-r 3B 82.96 62.92 72.94 71.50 59.00 57.50 45.50 58.38 68.09

Qwen3-4B (Base Model) 4B 87.88 76.39 82.14 26.50 21.00 15.50 25.50 22.13 62.13
HardGen-4B-SFT 4B 89.03 82.42 85.73 55.20 49.10 41.40 52.90 49.65 73.70
∆ +1.15 +6.03 +3.59 +28.70 +28.10 +25.90 +27.40 +27.52 +11.57
HardGen-4B-RL 4B 90.73 83.55 87.14 68.50 64.50 50.50 69.00 63.13 79.14
∆ +2.85 +7.16 +5.00 +42.00 +43.50 +35.00 +43.50 +41.00 +17.01

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 (%).

validate the generalizability of our pipeline, we380

additionally conduct experiment with Qwen2.5-381

7B-Instruct (Team et al., 2024), Llama-3-3B/8B-382

Instruct (Dubey et al., 2024), and Qwen3-383

0.6B/1.7B. We split the 27,000 trajectories at each384

assistant response and train the model to generate385

only the current-turn response. We perform SFT386

with LLaMA-Factory (Zheng et al., 2024) and RL387

with Verl (Sheng et al., 2024). Implementations are388

detailed in Appendix D.389

Benchmarks. We evaluate our models on BF-390

CLv3 (Patil et al.), API-Bank (Li et al., 2023),391

and ACEBench (Chen et al., 2025), covering both392

single-turn and multi-turn tool-calling scenarios393

(see Appendix D). To evaluate out-of-distribution394

generalization and assess how the proposed train-395

ing data impacts specific agentic capabilities, we396

include BFCLv4 as a held-out benchmark (Patil397

et al.). BFCLv4 offers a comprehensive evaluation398

of agentic behaviors in Web Search and Memory399

scenarios, with details provided in Appendix C.400

4.2 Experimental Results401

Results on BFCLv3. As shown in Table 2, on402

the BFCLv3 benchmark (Patil et al.), models403

trained with HardGen yield notable improvements404

on Qwen3-4B, raising the multi-turn score from405

22.13 to 49.65 (+27.52) after SFT and to 63.13 406

(+41.01) after RL. Despite its 4B parameter size, 407

the HardGen RL-trained model surpasses strong 408

open-source models (e.g., Kimi-K2-Inst (Team 409

et al., 2025), DeepSeek-V3.2 (Liu et al., 2025)) and 410

leading closed-source models (e.g., GPT-5.2 (Ope- 411

nAI, 2025), Gemini-3-Pro (Google, 2025), Claude- 412

Opus-4.5 (Anthropic, 2025)), setting a new state- 413

of-the-art record of its size. In addition, models 414

trained with HardGen demonstrate balanced per- 415

formance across all sub-metrics, indicating strong 416

generalization and stability. A particularly com- 417

pelling result is that both HardGen-4B-SFT and 418

HardGen-4B-RL outperform Qwen3-30B-A3B- 419

Thinking (Yang et al., 2025) by a substantial mar- 420

gin across all sub-metrics. This result validates that 421

our failure-driven sampling, trace-conditioned tool 422

evolution, and feedback-guided refinement jointly 423

form a virtuous cycle of capability amplification, 424

effectively transcending the inherent limitations of 425

the generator model. To further assess the general- 426

izability of HardGen-synthesized data, we report 427

results on the Llama model family in Appendix F, 428

demonstrating consistent improvements across di- 429

verse model architectures. 430

Results on APIBank and ACEBench. Figure 4(a) 431

and Figure 4(b) present the performance of our 432
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Figure 4: Additional evaluations. (a) (b) Comparison of different models on APIBank and ACEBench. (c) Scaling
trends of HardGen-SFT and HardGen-RL on BFCLv3 across model parameters.

Model Single-Turn Multi-Turn Overall

Qwen2.5-7B-Instruct (Base Model) 77.30 7.62 54.07

TOUCAN (Xu et al., 2025) 76.51 22.62 58.55
MAGNET (Yin et al., 2025) 80.49 21.12 60.70
ToolACE-MT (Zeng et al., 2025b) 80.51 27.57 62.86

+ HardGen-SFT 83.99 40.75 69.58
∆ +6.69 +33.13 +15.51

Table 3: Comparison with state-of-the-art data syn-
thesis pipelines on BFCLv3. The baseline model is
Qwen2.5-7B-Instruct.

models on two additional benchmarks, APIBank433

and ACEBench. On APIBank (Li et al., 2023), our434

models achieve top-tier Level-1 accuracies of 71.9435

and 69.9, clearly outperforming GPT-4o (Hurst436

et al., 2024), which attains 66.7. For the more437

challenging Level-2 tasks, our models continue to438

demonstrate strong performance, yielding improve-439

ments of +12.6 and +8.2 percentage points over440

the base model (33.3), respectively. Evaluation on441

ACEBench (Chen et al., 2025) further confirms442

robust generalization under both training config-443

urations. On the single-turn subset, our models444

reach accuracies of 81.5 and 80.5, surpassing both445

GPT-4o (78.0) and Llama-3.1-8B-Instruct (39.8)446

by substantial margins. This advantage is more pro-447

nounced in the multi-turn setting, where our models448

achieve scores of 76.0 and 74.0, exceeding Llama-449

3.1-8B-Instruct (28.0) by 48.0 and 46.0 percentage450

points, respectively. Overall, these results provide451

compelling evidence that models trained on Hard-452

Gen synthesized dataset exhibit strong and con-453

sistent tool-use capabilities across diverse bench-454

marks and interaction settings.455

Comparison with State-of-the-art. To further456

demonstrate the efficacy of HardGen, we compare457

it against state-of-the-art data synthesis pipelines458

using Qwen2.5-7B-Instruct under an SFT-only set-459

ting, as reported in Table 3. While prior meth-460

ods such as MAGNET (Yin et al., 2025), TOU-461

CAN (Xu et al., 2025), and ToolACE-MT (Zeng462

et al., 2025b) offer incremental gains over the base463

Hard Query Qwen3-4B Llama-3-3B

Single-Turn Multi-Turn Single-Turn Multi-Turn

% 84.17 54.38 79.08 32.23
! 87.14 63.13 84.05 40.13

Table 4: Impact of hard queries. Both Qwen3-4B
and Llama-3-3B are trained with RL using data with or
without hard queries.

model, HardGen establishes a clear and consistent 464

performance advantage. Notably, our method se- 465

cures a score of 83.99 (+6.69) in single-turn tasks 466

and delivers a striking 40.75 (+33.13) in multi- 467

turn interactions. This substantial margin validates 468

HardGen as a more robust and effective data gener- 469

ation strategy for complex tool-use scenarios. 470

4.3 Ablation Study 471

In this section, we present ablative results to further 472

scrutinize our proposed HardGen pipeline. 473

Does HardGen’s effectiveness scale with model 474

size? To investigate the scalability of our approach, 475

we evaluate the performance of the HardGen syn- 476

thesized dataset across base models ranging from 477

0.6B to 4B parameters on the BFCLv3 benchmark. 478

As shown in Figure 4(c), model performance con- 479

sistently improves with increasing scale under both 480

training paradigms. Specifically, the Qwen3-0.6B 481

model registers a gain of +13.74 points (rising from 482

34.93 to 48.67) via RL, whereas Qwen3-4B real- 483

izes a more substantial improvement of +16.93 484

points (60.21 to 77.14). Furthermore, RL con- 485

sistently outperforms SFT across all model sizes, 486

with the performance gap widening as the base 487

model scales up. This trend indicates that HardGen- 488

synthesized data is inherently well aligned with 489

RL, enabling stronger base models—particularly 490

at larger scales—to more effectively leverage RL 491

for improving tool-use capabilities. 492

How much do hard queries affect the quality 493

of the synthesized data? To assess the impact of 494

7



Model w/o Tadv w/ Tadv

Qwen3-30B-A3B-Thinking 177 223
Qwen3-235B-A22B-Thinking 159 241
DeepSeek-V3.1 (671B) 125 275

Table 5: Impact of the constructed advanced tools
Tadv across different model scales. The values denoted
the number of instances deemed more difficult by GPT-
4o from a pool of 400 generated queries.

the constructed hard queries on data quality, we495

perform ablation studies by conducting RL train-496

ing on Qwen3-4B and Llama-3-3B. As shown in497

Table 4, incorporating hard queries leads to consis-498

tent performance improvements across both model499

architectures and evaluation tasks. Specifically,500

for Qwen3-4B, training with hard queries yields501

notable gains of +8.75 points in the multi-turn502

subset (from 54.38 to 63.13) and +2.97 points503

in the single-turn subset (from 84.17 to 87.14).504

Similarly, Llama-3-3B benefits from hard queries,505

achieving improvements of +7.90 and +4.97 points506

in the multi-turn and single-turn subsets, respec-507

tively. The consistent gains observed across archi-508

tectures and evaluation tasks demonstrate that the509

constructed hard queries substantially enhance the510

quality of the synthesized data, leading to stronger511

tool-use capabilities, particularly in more challeng-512

ing multi-turn scenarios, where the improvements513

are most pronounced.514

Do advanced tools really help with making logi-515

cal bridging? To evaluate the contribution of the516

constructed advanced tools Tadv to logical jump517

bridging, we conduct a controlled comparison be-518

tween model variants with and without Tadv under519

identical configurations. Each model is evaluated520

on 400 query-synthesis instances, where every in-521

stance produces two queries: one that leverages522

Tadv for logical bridging and one that does not.523

GPT-4o is employed as an automated judge to524

determine which variant yields a more challeng-525

ing query, i.e., one involving more difficult log-526

ical jumps. As shown in Table 5, incorporating527

Tadv consistently increases the proportion of chal-528

lenging queries across all model scales, with the529

number of such instances rising from 223 to 275530

as model capacity increases from 30B to 671B.531

This trend indicates that Tadv effectively facilitates532

logical bridging, which is more pronounced with533

increasing model capacity. Since the subjective534

nature of difficulty judgments, we further comple-535

ment the automated evaluation with a human anno-536

Model w/o Feedback w/ Feedback ∆

Qwen3-30B-
A3B-Thinking 77.80% 90.14% +12.34%

Qwen3-235B-
A22B-Thinking 82.57% 92.78% +10.21%

DeepSeek-
V3.1 (671B) 83.98% 95.60% +11.62%

Table 6: Impact of feedback-guided CoT refinement.
The three baseline models are trained with RL using
data with or without Verifier feedback.

tation study in Appendix E, using the same rubric 537

for assessing logical-jump difficulty. The results 538

show a high level of agreement between the au- 539

tomated judge and human annotators, supporting 540

the conclusion that Tadv reliably increases implicit 541

logical-bridging difficulty. 542

How significantly does feedback-guided CoT re- 543

finement boost reasoning? To quantify the im- 544

pact of our feedback-guided CoT refinement, we 545

compare model variants with and without Verifier 546

feedback. Concretely, we set Kmax to 3 as the max- 547

imum number of refinement iterations. As reported 548

in Table 6, incorporating the guided refinement 549

loop results in substantial accuracy gains of +12.34 550

on the 30B model, +10.21 on the 235B model, and 551

+11.62 on the 671B model. These consistent im- 552

provements—each exceeding 10 more percentage 553

points across all evaluated model scales—highlight 554

the critical role of feedback-guided refinement in 555

steering model reasoning toward correct solutions, 556

establishing it as an essential component of our 557

framework. A detailed analysis of the refinement 558

dynamics and the choice of Kmax is provided in 559

Appendix A. 560

5 Conclusion 561

In this work, we introduce HardGen, an automatic 562

agentic pipeline designed to generate challenging 563

tool-use training samples with verifiable reasoning. 564

HardGen adopts a failure-driven approach, produc- 565

ing training samples that capture the implicit logi- 566

cal dependencies and multi-step reasoning charac- 567

teristic of real-world tasks. Extensive experiments 568

demonstrate that a 4B parameter model trained with 569

our curated dataset achieves state-of-the-art perfor- 570

mance on BFCLv3 for its scale, surpassing leading 571

proprietary models. HardGen exhibits strong gen- 572

eralization across model architectures, parameter 573

scales, and held-out benchmarks, paving the way 574

for developing more robust models capable of com- 575

plex tool-use and agentic ability. 576
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Limitations577

While HardGen demonstrates strong performance578

across multiple benchmarks and model architec-579

tures, several limitations merit consideration. 1)580

Although our evaluation covers 2,095 tools across581

diverse domains, the extent to which HardGen gen-582

eralizes to entirely new API ecosystems or spe-583

cialized domains remains to be fully explored. 2)584

Our approach requires executable environments for585

verification, which may not be feasible for propri-586

etary APIs or tools with complex external depen-587

dencies. 3) The abstraction quality of advanced588

tools relies on the Tool Maker’s ability to correctly589

identify high-level operations from primitive tool590

sequences, which may occasionally produce sub-591

optimal abstractions for highly irregular or domain-592

specific tool chains.593
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Figure 5: Analysis of generator model selection. Cor-
rectness rates of function call synthesis at different num-
bers of attempts (K) for three generator models.
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Figure 6: Impact of advanced tool descriptions. Cor-
rectness rates of the generator models across attempts
(K) when advanced tool descriptions are omitted, il-
lustrating the necessity of high-level abstractions for
reasoning.

this model activates only 3B parameters per for-794

ward pass through its mixture-of-experts architec-795

ture, enabling significantly faster generation than796

the dense 32B models while delivering superior per-797

formance. Its combination of efficient inference, ro-798

bust multi-step reasoning, and high correctness on799

function call synthesis makes it the optimal choice800

for cost-effective large-scale data generation.801

The Necessity of Advanced Tool Description for802

CoT . Compared with the findings in Figure 5,803

Figure 6 further provides compelling evidence for804

the necessity of advanced tool descriptions in CoT805

generation. Across all models and attempt counts,806

removing descriptions results in uniformly poor807

performance, with maximum correctness rates be-808

low 32. The limited differentiation between mod-809

els—only 2.5 percentage points separate the best810

and worst performers at Kmax = 4, suggests that811

the correctness of reasoning is low without ade-812

quate tool information. Moreover, the diminish-813

ing returns from additional attempts (performance814

gains < 1% after K = 2) indicate that models815

Agent Backbone Single-Turn Multi-Turn Overall

None (Base Model) 82.14 22.13 62.13
QwQ-32B 86.19 52.37 74.92
Qwen3-32B 86.87 58.29 77.34
Qwen3-30B-A3B-Thinking 87.14 63.13 79.14

Table 7: Impact of data generation backbones. Per-
formance of the Qwen3-4B model trained on data syn-
thesized by different agent backbones.

cannot iteratively refine their selections through 816

reasoning alone. These findings demonstrate that 817

advanced tool descriptions constitute a fundamen- 818

tal prerequisite rather than a mere performance 819

enhancement for enabling LLMs to engage in rigor- 820

ous reasoning when confronted with hard queries. 821

Data Generation with Other Agent Backbones. 822

To demonstrate the robustness and generalizabil- 823

ity of HardGen across different agent backbones, 824

we conduct ablation experiments using alternative 825

model backbones for data generation. As shown 826

in Table 7, we evaluate three models—Qwen3- 827

32B (Yang et al., 2025), QwQ-32B (Team, 2025), 828

and Qwen3-30B-A3B-Thinking (Yang et al., 2025), 829

as the agent backbones for synthesizing training 830

data, while keeping all other pipeline components 831

identical. The results demonstrate the strong effec- 832

tiveness of HardGen for synthetic data generation, 833

yielding substantial improvements over the base 834

model across all agent backbones. These consistent 835

and pronounced gains indicate that HardGen’s strat- 836

egy of generating challenging, agent-produced data 837

effectively cultivates complex reasoning capabili- 838

ties, with performance benefits scaling in tandem 839

with the strength of the generation backbone. 840

B Evaluations 841

Recent efforts in benchmarking LLM tool-use have 842

centered on three key axes: scalability, robustness, 843

and realism. 844

BFCL. For scalability, the Berkeley Function Call- 845

ing Leaderboard (BFCL) (Patil et al.) introduces 846

a novel validation strategy using Abstract Syntax 847

Tree sub-string matching. This approach serves as a 848

proxy for function execution, enabling large-scale, 849

deterministic evaluation across diverse categories, 850

including Single-Turn, Multi-Turn (BFCLv3), and 851

Agentic scenarios ((BFCLv4). 852

ACEBench. For robustness, the ACEBench (Chen 853

et al., 2025) uses a sandbox environment that mea- 854

sures models performance on dynamic, simulated 855

tasks. It uses two distinct metrics, End-to-End Ac- 856

curacy, which compares the final instance attributes 857

of the environment with the target state; and Pro- 858
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Model Web Search Memory Overall

Llama-3.1-8B-Instruct 3.00 10.75 6.88

CoALM-8B 0.00 2.80 1.40
ToolACE-2-8B 8.50 18.49 13.50
BitAgent-8B 4.00 12.47 8.24
xLAM-2-8b-fc-r 6.50 13.98 10.24

+ HardGen-RL 16.00 24.84 20.42
∆ +13.00 +14.09 +13.54

Table 8: Out-of-distribution evaluation on BFCLv4.

cess Accuracy, which measures the consistency859

between the actual function call process and the860

ideal process . This approach is designed to capture861

task completion in realistic, interactive scenarios.862

APIBank. For realism, the API-Bank (Li et al.,863

2023) establishes a framework for runnable eval-864

uation, grading tasks into complex, multi-step se-865

quences. The system verifies whether the same866

database queries or modifications are performed to867

ensure the ground-truth outcome is achieved.868

C Performance on the Held-out869

Benchmark BFCLv4870

Generalization of Agentic Capabilities. To assess871

the transferability of the tool-use skills induced by872

HardGen, we further evaluate our method on the873

out-of-distribution BFCLv4 benchmark, compris-874

ing two representative agentic tasks: the Search875

and Memory subsets. From the results shown in876

Table 8, the HardGen-8B-RL model exhibits re-877

markable robustness, delivering a substantial uplift878

over the base model. Specifically, the overall per-879

formance surges by +13.54 points (rising from 6.88880

to 20.42). This advantage is most pronounced in881

the Memory subset, where accuracy improvement882

is +14.09 (from 10.75 to 24.84), accompanied by883

a performance boost of +13.00 in the Web Search884

subset (3.00 to 16.00).Crucially, HardGen-RL con-885

sistently outperforms all other baselines built on the886

same backbone. These results strongly suggest that887

our data generation paradigm effectively instills888

robust agentic behaviors, providing a solid foun-889

dation for future research in agentic reinforcement890

learning.891

D Training details892

Supervised Finetuning. We conduct our super-893

vised finetuning experiments using the open-source894

Llama Factory library (Zheng et al., 2024). The895

main hyperparameter settings are listed in Table 9.896

RL Training. We conduct our reinforcement learn-897

ing (RL) experiments using the open-source Verl898

Hyperparameter Value

Batch Size 1024
Learning Rate 4e−5
Max Length 20480
Epoch Number 5

Table 9: Hyperparameters for SFT.

Hyperparameter Value

Batch Size 512
Learning Rate 1e−6
KL Coefficient 1e−3
Entropy Coefficient 0
Max Length 20480
Temperature 0.7
Epoch Number 5
Rollout Number 16

Table 10: Hyperparameters for RL training.

library (Sheng et al., 2024). To ensure stable and 899

efficient training, we adopt the training settings 900

of (Zhang et al., 2025b), where reinforcement learn- 901

ing is applied directly without supervised finetun- 902

ing stage. The key hyperparameter settings are 903

summarized in Table 10. Both SFT and RL train- 904

ing runs are executed on a cluster equipped with 8 905

NVIDIA H100 80GB GPUs. 906

Reward Design. We adopt a simple yet effective 907

reward that is widely used in prior works (Zhang 908

et al., 2025b; Yu et al., 2025; Zeng et al., 2025a). 909

Given a query q with reference answer g, the 910

model’s output o is evaluated as follows. If o con- 911

tains a tool call, it is considered correct only when 912

it can be successfully parsed into valid function 913

calls with proper parameters, exactly matches g, 914

and follows the prescribed reasoning template. In 915

contrast, if g does not contain a tool call, then o is 916

considered correct only when it contains no valid 917

function calls (i.e., is free-form text) while still 918

adhering to the required reasoning template. The 919

reward is thus defined as: 920

Reward =

{
1, format correct & answer correct,
0, otherwise.

(6) 921

This reward emphasizes the holistic integrity of 922

the output, enforcing not only semantic correctness 923

but also strict structural compliance, which is es- 924

sential for reliable downstream execution. In non- 925

tool-calling cases, the absence of valid function 926

calls implicitly verifies that the model produces a 927

purely textual response and prevents spurious or 928

unnecessary tool invocations. 929
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Models Consistency Pearson Corr. Human Preference

w/o Tadv w/ Tadv w/o Tadv w/ Tadv w/o Tadv w/ Tadv

Qwen3-30B-
A3B-Thinking

0.86 0.87 0.72 0.74 182 218

Qwen3-235B-
A22B-Thinking

0.89 0.91 0.78 0.82 163 237

DeepSeek-
V3.1 (671B)

0.92 0.95 0.84 0.90 129 271

Table 11: Agreement between manual and automatic
annotations. We report the Consistency rates and Pear-
son correlations between the two annotation methods,
alongside the Human Preference.

Models Single-Turn Multi-Turn Overall

Llama-3.1-8B-Inst 77.38 11.12 55.29
+HardGen-RL 84.55 53.10 74.07

Llama-3.2-3B-Inst 70.50 4.00 48.33
+HardGen-RL 84.05 40.13 67.57

Table 12: Generalization to the Llama model family.
Performance comparison of Llama-3.1-8B and Llama-
3.2-3B models before and after HardGen-RL training
on BFCLv3 Single-Turn and Multi-Turn tasks.

E Manual Annotations930

Impact of the Advanced Tools. Our proposed931

method introduces advanced tool (Tadv) to help932

LLMs bridge logical jumps during hard query syn-933

thesis. We present the proportion of challenging934

queries across all model scales in Table 5. How-935

ever, the difficulty judgments are the product of936

automatic annotation (GPT-4o), and this evaluation937

task moves beyond simple surface-level text gen-938

eration judgment. To further evaluate whether the939

model successfully navigate the hard logical jump940

that the non-advanced tool model failed, three PhD941

students in NLP field (three of the authors) form942

an annotation team to annotate the samples anew943

using logical jumps as the indicator. If there are944

differences between two annotations on a sample,945

the third annotation will be introduced to determine946

the final decision. From Table 11, we can observe947

a strong consistency between the automatic and948

manual annotations, with no significant differences949

between the human and model conclusions. Over-950

all, these results demonstrate that the introduction951

of Tadv effectively enhances the model’s ability to952

construct logically jumping queries, with consis-953

tent benefits observed across model scales.954

F Results on Other Models955

Results on Llama3 Models. To assess the gener-956

alizability of our approach beyond Qwen models,957

we apply HardGen-RL to two Llama-3 variants,958

Llama-3.1-8B-Instruct and Llama-3.2-3B-Instruct.959

As shown in Table 12, both models demonstrate 960

substantial improvements after reinforcement learn- 961

ing. Llama-3.1-8B-Instruct achieves an overall ac- 962

curacy of 74.07 (+18.78), with particularly strong 963

gains on multi-turn interactions (53.10, +41.98). 964

Similarly, Llama-3.2-3B-Instruct improves from 965

48.33 to 67.57 overall (+19.24), with multi-turn per- 966

formance increasing from 4.00 to 40.13 (+36.13). 967

These results confirm that our approach effec- 968

tively transfers across model families and param- 969

eter scales, establishing HardGen as a robust data 970

generation framework for enhancing tool-use capa- 971

bilities beyond the Qwen architecture. 972

G Construction of the API Graph 973

Structure of API Graph. The API Graph G = 974

(T,D,P) encodes three types of information crit- 975

ical for hard trace generation: (1) Failure Tool 976

Set T: the set of 1,204 failure APIs identified 977

through self-evaluation; (2) Dependencies D: di- 978

rected edges representing prerequisite relationships, 979

where (Ti, Tj) ∈ D indicates that Tj requires 980

Ti to be executed first; and (3) Parameter Con- 981

straints P: specifications defining valid parameter 982

ranges, types, and inter-tool parameter mappings 983

(e.g., output type of Ti must match input type of 984

Tj). Parameter constraints P are extracted from 985

tool API schemas (type signatures, value ranges 986

and required fields). 987

Update of API Graph. The API graph is updated 988

through execution feedback from the environment. 989

After each tool call, we analyze the feedback to 990

identify dependencies. When tool Tj serves as a 991

preceding tool of of Ti, the execution of Tj acti- 992

vates Ti, making it eligible for selection in subse- 993

quent steps. Concurrently, parameter constraints in 994

P are refined by tracking value validity ranges and 995

type requirements observed during execution. This 996

enables the graph to capture implicit value-level 997

dependencies that extend beyond simple tool-set 998

inclusion relationships. Through this continual up- 999

date process, the API graph progressively refines 1000

both structural and parameter-level dependencies, 1001

thereby biasing subsequent sampling toward tool 1002

sequences that are both executable and challenging. 1003

H Supplementary Case 1004

This section presents a case study of HardGen, de- 1005

tailing the synthesis process along with a complete 1006

trajectory. 1007
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Hard Query Construction with Logical Jump.1008

Figure 7 illustrates the construction of hard queries1009

with logical jumps. Unlike the previous meth-1010

ods, which explicitly instruct the model to first1011

check zip codes before purchasing tickets, the hard1012

query directly requests ticket purchase between city1013

names without specifying intermediate steps. This1014

formulation requires the model to autonomously1015

infer the necessary tool chain—recognizing that1016

city names must first be converted to zip codes via1017

get_zipcode before invoking buy_tickets. The1018

advanced tool buy_tickets_adv demonstrates the1019

desired end-to-end capability of purchasing tickets1020

directly from city names, representing the ideal ab-1021

straction, a single function that internally handles1022

the multi-step process.1023

Model Reasoning for Hard Query. Figure 8 il-1024

lustrates the model’s reasoning process for a hard1025

query. Given the task to purchase tickets between1026

two cities by name, the model correctly recognizes1027

the mismatch between the query (city names) and1028

available tool inputs (zip codes). In its internal rea-1029

soning, the model analyzes the available tools, iden-1030

tifies the dependency structure, and decomposes1031

the task into three steps: 1) retrieve the zip code for1032

Rivermist, 2) retrieve the zip code for Stonebrook,1033

and 3) purchase tickets using both zip codes. The1034

model then executes this planned sequence through1035

appropriate tool calls, successfully completing the1036

multi-step task without explicit instructions.1037

Complete Trajectory. Figures 9 and 10 illustrate1038

a complete multi-turn trajectory demonstrating se-1039

quential reasoning and context retention. In Turn 1,1040

the model is asked to determine the working direc-1041

tory and search for all files recursively. The model1042

correctly selects pwd and find tools, retrieves the1043

directory structure, and summarizes the results. In1044

Turn 2, building on the previous context, the user1045

requests file contents from subdirectories identi-1046

fied in Turn 1. The model recognizes tool con-1047

straints—that cat and tail only operate within1048

the current directory—and constructs a four-step1049

plan involving directory navigation (cd) to access1050

the required files. This example demonstrates the1051

model’s ability to maintain context across turns and1052

adapt its strategy based on tool limitations.1053

I Prompts1054

This section provides the prompts used in the Hard-1055

Gen pipeline. Our framework employs four special-1056

ized agents, each with carefully designed prompts1057

to fulfill specific roles in the data generation pro- 1058

cess. The Tool Maker (Figure 11) synthesizes ad- 1059

vanced tools from multi-step execution hard traces 1060

by abstracting primitive tool sequences into high- 1061

level operations. The Hard Query Generator (Fig- 1062

ure 12) creates challenging queries that require 1063

implicit logical bridging, forcing models to infer 1064

necessary intermediate steps rather than follow- 1065

ing explicit instructions. During the reasoning re- 1066

finement phase, the Reasoner (Figure 13 and Fig- 1067

ure 15) attempts to solve hard queries with hints 1068

from advanced tool descriptions, while the Veri- 1069

fier (Figure 14) analyzes incorrect attempts and 1070

provides targeted corrective feedback without re- 1071

vealing answers directly. These prompts collec- 1072

tively enable HardGen’s closed-loop refinement 1073

mechanism, where each component builds upon 1074

the outputs of previous stages. The Tool Maker 1075

and Hard Query Generator transform executable 1076

traces into challenging learning scenarios, while 1077

the Reasoner-Verifier loop iteratively refines chain- 1078

of-thought reasoning toward correct solutions. All 1079

prompts are designed to be model-agnostic and can 1080

be adapted to different LLM architectures. The 1081

structured output format ensures consistency and 1082

inherent executability, enabling direct execution 1083

without additional validation. 1084
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Case: Hard Query Construction with Logical Jump

Original Trace:
get_zipcode(city="Rivermist")→ "83214"
get_zipcode(city="Stonebrook")→ "74532"
buy_tickets(zipcodeA="83214", zipcodeB="74532")→ "ticket_id": "14589"

Advanced Tool: buy_tickets_adv(cityA, cityB) -> ticket_id
Description: Purchase air tickets between two cities by city names, returning the purchased ticket information.

Easy Query:
Please check the zip code of the city “Rivermist” and “Stonebrook” first, then purchase air tickets between the
two cities according to the zip codes you checked.
Hard Query:
Please purchase air tickets between the city “Rivermist” and the city “Stonebrook”.

Hint:
Purchase air tickets between two cities by city names, returning the purchased ticket information.

Figure 7: Case Study: Hard Query Construction. Illustration of the data synthesis process where an original
execution trace is abstracted into an “Advanced Tool” to generate a Hard Query that omits explicit intermediate
steps (zipcode lookup).
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Model Reasoning for Hard Query

Query: Please purchase air tickets between the city “Rivermist” and the city “Stonebrook”.
Available Tools: get_zipcode, buy_tickets, . . .
Hint: Purchase air tickets between two cities by city names, returning the purchased ticket information.

<think>
The user wants to purchase air tickets between Rivermist and Stonebrook. Let me analyze the available tools:

• get_zipcode: retrieves zipcode for a given city
• buy_tickets: buys tickets using zipcodes of start and target cities

The user’s query is about purchasing tickets between two cities, but the tools require zipcodes. I cannot directly
buy tickets with city names; I need to get their zipcodes first.
Step 1: Use get_zipcode for Rivermist → get zipcode
Step 2: Use get_zipcode for Stonebrook → get zipcode
Step 3: Use buy_tickets with both zipcodes → purchase tickets
The sequence is correct: first get zipcodes, then use them to buy tickets.
</think>

<tool_call>
[get_zipcode(city="Rivermist"), get_zipcode(city="Stonebrook")]
</tool_call>

<tool_response>
[{"get_zipcode()": {"Rivermist": "12345"}},{"get_zipcode()": {"Stonebrook": "67890"}}]
</tool_response>

<think>
Now I have the zip code of the two cities, let me analyze:
• Zip codes obtained: Rivermist → 12345; Stonebrook → 67890.
• Next step: call buy_tickets with from zip 12345 and to zip 67890.

I will buy the ticket now.
</think>

<tool_call>
[buy_tickets(cityA_zipcode="12345", cityB_zipcode="67890")]
</tool_call>

Figure 8: Case Study: Reasoning process for a Hard Query. Visualization of the model’s Chain-of-Thought
(CoT) process, showing how it decomposes a high-level query into necessary primitive tool calls (e.g., retrieving zip
codes before purchase).
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Complete Trajectory – Turn 1

User: Determine the current working directory path, and then search for all files and directories in the current
directory and its subdirectories.

<think>
The user wants to: (1) determine current working directory, (2) search all files/directories recursively.

• pwd: returns current directory path (no parameters needed)
• find: searches files/directories; path="." for current dir, name=None for all items

The ls command only lists current directory, not subdirectories, so find is the right choice.
</think>

<tool_call>
[pwd(), find(path=".")]
</tool_call>

<tool_response>
[{’pwd()’: ’{"current_working_directory": "/workspace"}’},
{’find(path=".")’: ’{"matches": ["./processed", "./data", "./data/raw",
"./data/raw/dtpsp.json", "./data/unggv.json", ...]}’}]
</tool_response>

Assistant Summary: The current working directory is /workspace. The search found the following items:
["./processed", "./data", "./data/raw", "./data/raw/dtpsp.json", ...]

Figure 9: Qualitative Example: Multi-turn Directory Exploration (Turn 1). A trajectory step where the model
correctly selects the pwd and find commands to satisfy a recursive search requirement.
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Complete Trajectory – Turn 2

User: Display the contents of the file named unggv.json in the data directory, and then display the last 7 lines
of the file named dtpsp.json in the raw subdirectory.

<think>
Current directory: /workspace. Need to access files in subdirectories.
Constraints: cat and tail only work on files in the current directory.
Plan:

(1) cd data→ change to data directory
(2) cat unggv.json→ display file contents
(3) cd raw→ change to raw subdirectory
(4) tail dtpsp.json lines=7→ display last 7 lines

</think>

<tool_call>
[cd(folder="data"), cat(file_name="unggv.json"), cd(folder="raw"),
tail(file_name="dtpsp.json", lines=7)]
</tool_call>

<tool_response>
[{’cd(folder="data")’: ’{"current_working_directory": "data"}’},
{’cat(file_name="unggv.json")’: ’{"file_content": "{"data": {"id": "94"}}"}’},
{’cd(folder="raw")’: ’{"current_working_directory": "raw"}’},
{’tail(...)’: ’{"last_lines": "{"data": {"id": "27"}}"}’}]
</tool_response>

Assistant Summary:
The contents of “unggv.json”: {"data": {"id": "94", "type": "product"}}
The last 7 lines of “dtpsp.json”: {"data": {"id": "27", "type": "user"}}

Figure 10: Qualitative Example: Context-Dependent File Retrieval (Turn 2). A subsequent trajectory step
demonstrating context retention, where the model navigates directories (cd) to access files based on tool constraints.
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Tool Maker Agent Prompt

System Prompt:
You are a Tool Maker agent responsible for synthesizing advanced tools from execution traces.
Given the following execution trace:
{execution_trace}

Trace Details:

• Tool Call 1: {tool_1}({params_1})→ {result_1}

• Tool Call 2: {tool_2}({params_2})→ {result_2}

• . . .

• Tool Call M: {tool_M}({params_M})→ {result_M}

Your task:
Create an advanced tool that abstracts this multi-step execution sequence into a single high-level operation.
Requirements:

1. The advanced tool should encapsulate ALL steps in the trace

2. It should have a clear, intuitive name describing the end-to-end functionality

3. Parameters should be high-level inputs (not intermediate values)

4. The description should explain the overall goal, not individual steps

Output format:
{
"advanced_tool_name": "descriptive_name",
"parameters":
[
{"name": "param1", "type": "type",
"description": "what it represents"
}

]
}

Example:
Original trace:
get_zipcode(city="A")→ zipA
get_zipcode(city="B")→ zipB
buy_tickets(zipA, zipB)→ ticket_id

Advanced tool created:
buy_tickets_adv(cityA, cityB)→ ticket_id

Description: “Purchase air tickets between two cities by city names, returning the purchased ticket informa-
tion.”
The advanced tool hides the intermediate step of zipcode lookup, allowing users to work directly with high-level
city names.

Figure 11: Prompt template for the Tool Maker Agent. Instructions used to synthesize advanced tools from
multi-step execution traces.
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Hard Query Generator Prompt

System Prompt:
You are a Hard Query Generator agent.
Given the following advanced tool:
{advanced_tool_specification}

Advanced Tool: {tool_name}
Parameters: {parameters}
Description: {description}

Your task:
Generate a challenging query that:

1. Requires the use of this advanced tool’s functionality

2. Does NOT explicitly mention the intermediate steps

3. Forces the model to perform implicit logical bridging

4. Uses high-level language that matches the advanced tool’s abstraction level

Requirements for the hard query:

✗ Do NOT say “first do X, then do Y, then do Z”

✗ Do NOT mention the primitive tools by name

✓ DO frame the request at the level of the end goal

✓ The query should appear simple but require complex multi-step reasoning

Example Comparison:
BAD (easy) query:

“Please check the zip code of Rivermist and Stonebrook first, then purchase air tickets between the two cities
according to the zip codes you checked.”

GOOD (hard) query:
“Please purchase air tickets between the city Rivermist and the city Stonebrook.”
The GOOD query requires the model to infer: need zipcodes → must call get_zipcode twice → then call
buy_tickets

Figure 12: Prompt template for the Hard Query Generator. Instructions used to create challenging queries that
necessitate implicit logical bridging based on advanced tool specifications.
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Reasoning Agent Prompt (Initial Attempt)

System Prompt:
You are a reasoning agent tasked with solving tool-use queries.
Query: {hard_query}
Available Tools:
{tool_descriptions}

Hint (Advanced Tool Capability):
{advanced_tool_description}

Note: The hint describes a high-level capability. You must use the available primitive tools to achieve this
capability.

Your task:

1. Analyze the query and understand what needs to be accomplished

2. Identify which tools are needed and in what order

3. Plan the execution sequence considering tool dependencies

4. Generate appropriate function calls with correct parameters

Output format:

<think>
[Your reasoning process]
</think>

<tool_call>
[generated_function_call_1,
generated_function_call_2, ...]
</tool_call>

Remember:

• Think carefully about implicit dependencies

• Check if tool prerequisites are satisfied

• Ensure parameters are correctly mapped between tools

Figure 13: Prompt template for the Reasoner Agent (Initial Attempt). Instructions for solving tool-use queries
using hints from advanced tool descriptions.

21



Verifier Agent Prompt

System Prompt:
You are a Verifier agent responsible for analyzing incorrect function calls and providing corrective feedback.
Query: {hard_query}
Model’s Attempt: {incorrect_function_call}
Ground Truth: {correct_function_call}
Execution Result: {execution_result}

Your task: Compare the model’s attempt with the ground truth and identify:

1. Error Type: Wrong tool selection, missing tool calls, incorrect parameters, wrong order, type mismatch,
or missing dependencies

2. Root Cause: Why did the model make this error? What logical step was missed? What dependency was
not recognized?

3. Corrective Hint: Specific guidance to fix this error without giving the answer directly

Output format:

{
"error_type": "specific error category",
"error_location": "which tool call or parameter",
"root_cause": "explanation of why error occurred",
"corrective_hint": "targeted guidance without

revealing the answer",
"should_reconsider": ["aspect1", "aspect2"]

}

Example:
Error: Model called buy_tickets directly without getting zipcodes first
Hint: “You attempted to purchase tickets directly, but the buy_tickets tool requires zipcode parameters, not
city names. Consider what information you need to obtain first before making the purchase.”

Remember:

• Do NOT give the answer directly—guide the model to discover the correct approach

• Focus on the logical reasoning gap, not just the technical error

• Hints should be specific enough to be helpful but general enough to require thinking

Figure 14: Prompt template for the Verifier Agent. Instructions for analyzing incorrect function calls and
providing targeted corrective feedback.
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Reasoner Agent Prompt (Refinement Iteration)

System Prompt:
You are refining your previous attempt based on feedback.
Original Query: {hard_query}
Available Tools: {tool_descriptions}
Hint: {advanced_tool_description}
Your Previous Attempt:

<think>
{previous_reasoning}
</think>
<tool_call>
{previous_function_call}
</tool_call>

Feedback from Verifier: {error_diagnosis_and_hint}

Your task:

1. Carefully read the feedback

2. Identify what went wrong in your previous attempt

3. Revise your reasoning process

4. Generate a corrected function call sequence

Output format:

<think>
[Updated reasoning addressing the feedback]
- What was wrong in my previous attempt?
- What does the feedback tell me?
- How should I adjust my approach?
- New execution plan
</think>

<tool_call>
[corrected_function_call_1, corrected_function_call_2, ...]
</tool_call>

Remember:

• The feedback is designed to guide you toward the correct solution

• Focus on understanding WHY your previous attempt failed

• Each refinement should address the specific issues mentioned in feedback

• Maintain the same output format: <think> followed by <tool_call>

Figure 15: Prompt template for the Reasoner Agent (Refinement Iteration). Instructions for revising reasoning
and function calls based on feedback from the Verifier.
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