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Abstract001

The transition of Large Language Models002
(LLMs) from conversational interfaces to au-003
tonomous agents hinges on their ability to mas-004
ter complex tool-use trajectories. However,005
training reliable agents is bottlenecked by the006
scarcity of high-fidelity interaction data. While007
synthetic data generation offers a scalable so-008
lution, ensuring the quality of these dynamic,009
multi-turn trajectories remains a formidable010
challenge. Existing approaches often rely on011
ad-hoc heuristics or filtering mechanisms in-012
extricably coupled with the generation pro-013
cess, limiting their scalability and adaptation014
to new domains. In this work, we intro-015
duce Tool-Verifier-7B, a plug-and-play frame-016
work designed to verify the quality of tool-017
use data through a decoupled architecture.018
Tool-Verifier’s training data employs a dual-019
consistency mechanism, validating both the020
outcome and the process of interactions, to021
identify subtle reasoning errors and policy vio-022
lations. We further introduce Tool-Verify, a023
curated dataset of 3,295 multi-turn tool-use024
samples, and Tool-V-Bench, a high-quality025
benchmark of 165 human-validated trajecto-026
ries. extensive experiments demonstrate that027
Tool-Verifier-7B not only outperforms GPT-028
4o on verification benchmarks but also ex-029
hibits strong generalization capabilities. Our030
verifier effectively transfers to out-of-domain031
tasks (e.g., Airline, BFCL). Our code is pub-032
licly available at https://anonymous.4open.033
science/r/Tool-Verifier-60EC/.034

1 Introduction035

The capability of Large Language Models (LLMs)036

to interact with external environments via tools rep-037

resents a paradigm shift in artificial intelligence,038

moving systems from passive information proces-039

sors to active decision-makers (Anthropic, 2025;040

DeepSeek-AI et al., 2025; Li et al., 2025; Wang041

et al., 2025). However, the deployment of such042

agents in real-world scenarios necessitates a rig- 043

orous understanding of user intent, adherence to 044

complex policies, and the ability to execute multi- 045

turn reasoning chains without error (Patil et al., 046

2024; Qin et al., 2023; Zhuang et al., 2023; Qu 047

et al., 2025). Consequently, the development of 048

real-world agents is heavily dependent on the avail- 049

ability of high-quality training data that faithfully 050

captures the dynamics of human-agent collabora- 051

tion (Liu et al., 2024a; Yao et al., 2024; Prabhakar 052

et al., 2025). 053

Existing work has explored the use of synthetic 054

tool-use datasets to enhance the capabilities of 055

LLMs (Tang et al., 2023; Li et al., 2023). Within 056

this paradigm, ensuring the quality of synthetic data 057

is a critical step. For instance, APIGen-MT (Prab- 058

hakar et al., 2025) employs multi-task training to 059

jointly perform synthesis and filtering. However, as 060

illustrated in Figure 1, these approaches typically 061

couple filtering tightly with the synthesis process. 062

Such integration increases system complexity, mak- 063

ing it difficult to modify or adapt the filtering com- 064

ponent to new domains without extensive manual 065

engineering. Despite these efforts, there remains a 066

lack of a plug-and-play framework for evaluating 067

the quality of tool-use data. 068

Therefore, we propose Tool-Verifier-7B, a verifi- 069

cation model decoupled from the synthesis pipeline. 070

Unlike models trained solely on positive exam- 071

ples, Tool-Verifier-7B is trained on a balanced 072

dataset containing both positive and negative sam- 073

ples, which was constructed in two stages: (1) gen- 074

erating diverse and realistic tool-use trajectories 075

through a dual-LLM interaction framework with 076

simulated user profiles and tasks, and (2) automat- 077

ically verifying these trajectories with a module 078

that classifies interactions as either successfully re- 079

solved or erroneously handled. The resulting anno- 080

tated dataset is used to train the verifier. Based 081

on Tool-Verifier-7B, we further introduce Tool- 082

V-Bench, a benchmark for evaluating tool-usage 083
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Figure 1: To assess the quality of synthesized realistic tool-use data, prior approaches typically relied on complex
ad hoc verification procedures. In contrast, our Tool-Verifier is concise and efficient.

data quality verification, and construct Tool-Verify,084

a curated multi-turn tool-use dataset, containing085

3,295 samples.086

Our main contributions are threefold:087

• We introduce Tool-Verifier-7B, a plug-and-088

play model for tool-usage data quality verifi-089

cation, which outperforms larger models such090

as Qwen2.5-72B-Instruct.091

• We present Tool-V-Bench, a benchmark com-092

prising 165 high-quality, human-annotated093

samples for evaluating verification perfor-094

mance on realistic tool-use data.095

• We release Tool-Verify, a curated dataset of096

3,295 samples, and demonstrate through com-097

prehensive experiments that it surpasses exist-098

ing tool-use datasets in both scale and effec-099

tiveness.100

2 Related Work101

Recent research has advanced the design of tool-102

use agents, where LLMs are augmented to se-103

lect, invoke, and integrate external tools into their104

workflows (Masterman et al., 2024; Chen et al.,105

2024; Wang et al., 2024). Early paradigms like106

ReAct (Yao et al., 2023), Toolformer (Schick et al.,107

2023), and ReTool (Feng et al., 2025) introduced108

the notion of chain-of-thought-driven tool invoca-109

tion in single-turn or turn-limited scenarios, en-110

abling language agents to make tool calls.111

Crucially, the lack of rigorous verification for112

synthetic dialogues remains an open challenge (Liu113

et al., 2024b; Prabhakar et al., 2025; Hu et al., 2024; 114

Li et al., 2023). Jin et al. (2024) aggregate and 115

standardize diverse instruction datasets, yielding 116

over 178K examples of tool-use dialogues for LLM 117

fine-tuning. However, most existing pipelines im- 118

plement only superficial outcome checks or ad-hoc 119

filters on their synthetic data, limiting generaliza- 120

tion to complex, real-world settings (Yao et al., 121

2024; Prabhakar et al., 2025; Acikgoz et al., 2025). 122

Besides, these verification methods lack plug-and- 123

play adaptability, hindering swift generalization to 124

novel domains. In this paper, we introduce Tool- 125

Verifier, an automated framework that classifies 126

each multi-turn dialogue on both outcome con- 127

sistency and process consistency to ensure high- 128

quality tool-use training data. 129

3 Tool-Verifier Construction 130

In this section, we introduce the construction pro- 131

cess of Tool-Verifier-7B, as illustrated in Figure 2. 132

Section 3.1 details the data synthesis methodology 133

for complex realistic tool-use trajectories (Stage 134

1-a and Stage 1-b). Section 3.2 describes the pos- 135

itive and negative dataset collection for training 136

Tool-Verifier (Stage 2). 137

3.1 Source Pool Data Generation 138

3.1.1 Motivations 139

Tool-Verifier is designed to evaluate the quality of 140

complex, realistic tool-use trajectories by exam- 141

ining both individual actions and interactive be- 142

haviors between user and agent roles. Achieving 143
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Figure 2: Our approach comprises three key components: (1) the generation of complex and realistic tool-use
trajectories, incorporating two submodules, a and b; (2) the construction of a positive and negative example dataset
via a trajectory-level verification model; and (3) the training of the Tool-Verifier model.

this requires a diverse collection of trajectory sam-144

ples. However, unlike established domains such as145

mathematics (Albalak et al., 2025; Li et al., 2024;146

Sun et al., 2025) or programming (Kocetkov et al.,147

2022), datasets for realistic tool-use trajectories148

remain extremely limited, making synthetic data149

generation a necessity.150

In real world, realistic user–agent dialogues are151

typically driven by specific user intents. Therefore,152

before synthesizing full interaction trajectories, it153

is essential to first construct the underlying user154

intent. Real-world users exhibit a wide range of155

personalities: some may be impatient or uncooper-156

ative, while others are thoughtful and collaborative.157

This diversity in user personas naturally gives rise158

to a broad spectrum of intents that agents must be159

able to handle.160

To capture such richness and ensure the fidelity161

of synthesized data to real-world scenarios, we in-162

troduce a Simulation-based User Persona Tree algo-163

rithm, which systematically emulates diverse user164

demands and interaction patterns across realistic165

environments.166

3.1.2 Simulation-based User Persona Tree167

algorithm168

To address the limitations of single-domain data169

and enhance the verifier’s generalization across di-170

verse tasks, we implement a Domain Adaptation171

via Schema Rewriting strategy, rather than rely- 172

ing solely on the static tables (Products, Orders, 173

Users) from the τ -bench dataset (Yao et al., 2024). 174

We abstract the relational schema of the retail do- 175

main into a generic "Subject-Action-Object" struc- 176

ture and employ an LLM to project this skeleton 177

onto various vertical domains, such as Healthcare, 178

Finance, and Logistics. Specifically, we map the 179

original Users to domain-specific requesters (e.g., 180

Patients, Clients), Orders to interaction records 181

(e.g., Appointments, Transactions), and Products 182

to core resources (e.g., Medical Services, Financial 183

Assets). 184

Taking the Retail domain as an illustrative case, 185

we describe our methodology as follows. Based 186

on the Products Table TP , Orders Table To, and 187

Users Table Tu, we construct a hierarchical user 188

profile tree for each user ui in Tu. The root node of 189

the tree corresponds to the user ui, and it connects 190

to a set of child nodes, each representing an individ- 191

ual order. Specifically, we denote the j-th order of 192

user ui as oji , where j ∈ [1, ni] and ni is the total 193

number of orders placed by ui. Each order node oji 194

is further expanded into multiple child nodes, each 195

corresponding to a product item, denoted as pkj . 196

To simulate realistic user intent, we randomly 197

sample a user profile tree rooted at ui as the under- 198

lying factual database available to the agent. To fur- 199

ther capture the diversity of real-world user behav- 200
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Figure 3: Chart statistics for Tool-V-Bench.

ior, we prompt the language model to inject a wide201

range of persona traits (emo) into the user, such as202

impatience, politeness, assertiveness, or ambigu-203

ity, during the generation process. We prompt the204

LLM to synthesize instruction (I) and action lists205

(A) using the user tree (ui) and persona traits (emo)206

(Prompt is shown in Figure 10). It is worth men-207

tioning that one user tree can synthesize multiple208

instructions and action lists.209

Through m rounds of random sampling via
LLM, we obtain the synthesized dataset

Ym = (I1, A1), (I2, A2), . . . , (Im, Am)

3.1.3 Tool-Use Trajectories Generation210

We assign each synthesized intent Ii to a user sim-
ulator Mu, instantiated by an LLM. This simulated
user engages in a multi-turn dialogue with an agent
model Ma, also powered by an LLM. Through it-
erative interactions, the two agents collaboratively
work toward fulfilling the user’s request. For each
Ii, we simulate one dialogue trajectory Ti, which
yields a triplet:

(I1, T1, A1), (I2, T2, A2), . . . , (Im, Tm, Am),

where Ai denotes the final answer produced by211

the agent model, which will be used in the next212

subsection.213

Table 1: Tool-V-Bench statistic.

Name Attribute Min Max Avg

# Dialog Turn
Positive 6 42 21
Negative 4 62 18

All 4 62 19

# Error Tool Call
Positive 0 5 1
Negative 0 20 4

All 0 20 4

# Distinct Tool Call
Positive 3 16 14
Negative 5 16 14

All 3 16 15

# Dialog Length
Positive 3,001 19,662 8,249
Negative 1,533 18,157 6,927

All 1,533 19,662 7,400

3.2 Tool-Use Trajectories Verify 214

After simulating the user-agent interaction trajec- 215

tory Ti for each intent Ii, we obtain a sufficiently 216

large corpus of source data D to train a verification 217

model capable of distinguishing between high- and 218

low-quality trajectories. By our trajectories verify 219

module, we partition the collected trajectories into 220

positive examples DP and negative examples DN 221

with verify method PE, which serve as supervised 222

training data D = (DP ∪DN ) for the verifier. Our 223

verify method PE including two complementary 224

modules: 225

• Outcome Consistency Check. We extract 226

the tool invocation sequence from each LLM- 227

generated trajectory Ti, and execute it on the 228

initial database S to produce a predicted state 229

S3. In parallel, we execute the golden tool 230

sequence from Ai on the same initial database 231

S to obtain S2. If the hash values of S2 and S3 232

match, the trajectory is deemed semantically 233

consistent with the ground truth. 234

• Process Consistency Check. To assess the 235

quality of the interaction process itself, we 236

employ an LLM-based committee to step 237

through each round of the trajectory (Prompt 238

is shown in Figure 8). The committee evalu- 239

ates whether the simulated user maintains be- 240

havioral coherence, whether the agent adheres 241

to commonsense principles, and whether each 242

tool invocation is contextually and function- 243

ally appropriate. The model’s output, denoted 244

as vi, serves as the target for the verifier. 245

The selection rules for the final training set Dv 246

are defined as follows: 247

• Positive dataset DP : If Hash(S3) matches 248

the golden label Hash(S2), and the final result 249

of vi is True. 250

• Negative dataset DN : If Hash(S3) does not 251
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Table 2: Effectiveness of Tool-Verifier on τ -bench, including in-domain retail task, and out-of-domain airline task.
Blue-green color means using the result of a single sampling as the verifier’s result. Purple color means taking 5
samples and using the majority voting result as the verifier’s result.

Base Data Applied Verifier
Retail Airline

# Remain Data Ratio Score # Remain Data Ratio Score

Synthetic Mt

None 4,658 100% 16.63 ± 3.40 5,759 100% 13.47 ± 2.64
Qwen2.5-7B-Ins 4,190 89.95% 19.10 ± 1.31 4,595 79.78% 14.57 ± 5.00
Llama-3.1-70B-Instruct 4,266 91.58% 20.56 ± 1.93 5,088 88.36% 15.82 ± 3.19
Qwen2.5-72B-Ins 4,312 92.56% 20.78 ± 1.79 5,215 90.55% 15.67 ± 3.28
GPT-4o 3,459 74.26% 25.20 ± 2.11 2,647 45.98% 30.92 ± 2.32
Qwen3-32B 3,429 73.62% 25.61 ± 2.43 2,519 43.75% 32.14 ± 2.66
Tool-Verifier-7B 2,864 61.48% 29.31 ± 1.62 1,782 30.94% 38.24 ± 1.29
Qwen2.5-7B-Ins 4,404 94.54% 19.39 ± 2.37 4,870 84.56% 13.85 ± 3.37
Llama-3.1-70B-Instruct 4,435 95.21% 21.27 ± 2.85 5,043 87.56% 16.12 ± 2.40
Qwen2.5-72B-Ins 4,468 95.91% 21.57 ± 3.24 5,398 93.73% 16.53 ± 2.87
GPT-4o 3,676 78.93% 26.91 ± 2.86 2,510 43.59% 32.58 ± 2.56
Qwen3-32B 3,452 74.10% 26.78 ± 2.29 2,429 42.17% 33.52 ± 2.53
Tool-Verifier-7B 3,165 67.95% 34.78 ± 1.22 2,037 35.37% 39.70 ± 1.52

match Hash(S2), and the final result of vi is252

False.253

We subsequently conduct SFT on the Qwen2.5-254

7B-Instruct model using the LLamaFactory frame-255

work (Zheng et al., 2024), ultimately deriving the256

Tool-Verifier model.257

4 Tool-V-Bench258

In addition to train Tool-Verifier-7B, we also pro-259

pose Tool-V-Bench, a benchmark for evaluating260

verifier performance in identifying noisy tool-use261

trajectories. Tool-V-Bench consists of 165 human-262

annotated samples, including 60 positive DP and263

105 negative DN instances. The benchmark uses264

precision as the primary metric, reflecting the ver-265

ifier’s ability to exclude noisy samples while re-266

taining valid ones. To guarantee annotation preci-267

sion, each data point undergoes cross-annotation268

by three independent PhD holders in engineering,269

who are compensated $50 per hour. Please refer to270

the Appendix for construction details.271

Although the dataset contains only 165 samples,272

it spans a wide range across all dimensions (Table 1273

and Fig. 3). The number of dialogue turns varies274

from 4 to 62, with an average of 19; error tool calls275

range from 0 to 20, averaging 4; distinct tool calls276

cover nearly the full range of 3 to 16, with an aver-277

age of 15; and dialogue length extends from 1.5k to278

almost 20k tokens, averaging 7.4k. This breadth en-279

sures sufficient diversity despite the limited dataset280

size. Furthermore, the averages of positive and281

negative cases are closely matched across all di-282

mensions, indicating that distinguishing between283

them is inherently challenging. These character-284

istics make our benchmark both challenging and285

valuable for advancing robust model evaluation. 286

Table 3: Tool-V-Bench Score. OCK means Outcome
Consistency Check. PCK means Process Consistency
Check. All experiments are major@5.

Method TP TN FP FN Acc. Pre. Rec. F1

Qwen2.5-7B-Ins 53 14 91 7 40.6 36.8 88.3 51.9
Qwen2.5-32B-Ins 48 43 62 12 55.1 43.6 80.0 56.4
Llama-3.1-70B-Ins 59 32 60 14 55.1 49.5 80.8 61.4
Qwen2.5-72B-Ins 53 54 51 7 64.8 50.9 88.3 64.6
Qwen3-32B 47 61 37 20 65.4 55.9 70.1 62.2
GPT-4o 50 66 38 11 70.3 56.8 81.9 67.1
Tool-Verifier-7B 44 84 21 16 77.6 67.7 73.3 70.4

w/o OCK 32 67 56 10 60.0 36.3 76.1 49.2
w/o PCK 16 75 41 33 55.1 28.0 32.6 30.2

5 Experiments 287

In the experimental section, we aim to address the 288

following key research questions. 289

Q1: Can Tool-Verifier identify noisy data in- 290

volving multi-turn tool-use interactions? (§ 5.2) 291

Q2: Can Tool-Verifier generalize effectively 292

across domains? (§ 5.3) 293

Q3: Can the data filtered by Tool-Verifier 294

improve reasoning stability? (§ 5.4.1) 295

Q4: Can the data filtered by Tool-Verifier 296

improve the success rate of tool calls? (§ 5.4.2) 297

eQ5: Which modules in Tool-Verifier are ef- 298

fective? (§ 5.5) 299

5.1 Experiment Setting 300

5.1.1 Baseline Models 301

Tool-Verifier training is based on Qwen2.5-7B- 302

Instruct (Yang et al., 2024). For comparison, 303

we include Qwen2.5-7B-Instruct, Qwen2.5-32B- 304

Instruct, Qwen2.5-72B-Instruct, LLaMA-3.1-70B- 305
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Table 4: Effectiveness of Tool-Verifier on BFCL v3 benchmark. MT means Multi Turn. All experiments are
major@1.

Base Data Applied Verifier # Remain Data Ratio MT Base MT Long MT Miss Fun. MT Miss Para.

ToolACE

None 11,300 100% 10.0 4.0 9.0 7.5
Qwen2.5-7B-Ins 10,377 91.83% 10.5 2.5 8.5 7.5
Llama-3.1-70B-Instruct 10,560 93.45% 10.5 4.0 8.0 7.5
Qwen2.5-72B-Ins 10,740 95.04% 11.0 4.5 9.0 7.0
GPT-4o 10,143 89.76% 10.5 4.5 9.0 8.0
Qwen3-32B 9,968 88.21% 11.0 5.5 9.0 8.0
Tool-Verifier-7B 9,012 79.75% 13.5 6.0 9.0 12.0

Instruct (Dubey et al., 2024), GPT-4o, Qwen3-306

32B, APIGen-MT-5K (Prabhakar et al., 2025) and307

ToolACE (Liu et al., 2024a) as baselines.308

5.1.2 Benchmarks309

We evaluate the classification capability of the pro-310

posed Tool-Verifier on the Tool-V-Bench. In ad-311

dition, we fine-tune Qwen2.5-7B-Instruct on the312

dataset filtered by the Tool-Verifier. The model is313

then evaluated on the τ -bench and BFCL-v3 multi314

turn tasks. BFCL encompasses diverse domains315

including Vehicle Control, Computer File Systems,316

Trading Bots, and Travel Booking, featuring varied317

tool call formats such as Message API, Twitter API,318

Ticket API, and Math API.319

5.1.3 Settings320

Following the data generation procedure described321

in Section 3.1, we synthesize a new dataset Dt322

to serve as the source data for τ -bench evalua-323

tion, and employ ToolACE as the source data for324

BFCL evaluation. During testing, we apply diverse325

LLMs as verification models, including Qwen2.5-326

7B-Instruct, Qwen2.5-32B-Instruct, Qwen2.5-72B-327

Instruct, Llama-3.1-70B-Instruct, GPT-4o, Qwen3-328

32B and Tool-Verifier. Applied verifier filters high-329

quality data by predicting Yes or No, which are then330

used to fine-tune Qwen2.5-7B-Instruct via SFT. For331

training parameters, we set learning rate to 1e-6,332

batch size to 32, epoch number to 5.333

5.2 Verify Precision Experiments334

To rigorously evaluate the ability of various models335

to filter high-quality multi-turn tool use data from336

noisy real-world corpora, we conduct experiments337

on the Tool-V-Bench. As shown in Table 3, the338

Tool-Verifier-7B model substantially outperforms339

all Qwen2.5-based verifier baselines across all eval-340

uation metrics. In contrast, all Qwen2.5 verifier341

variants demonstrate limited capability in rejecting342

invalid tool-use trajectories. While the Qwen2.5-343

72B variant shows moderate recall (88.33%), its344

low precision (50.96%) suggests a significant num- 345

ber of false positives. 346

These results highlight a critical limitation in 347

using Qwen2.5 series model for data verification 348

tasks: they tend to overtrust the input, leading to 349

poor denoising the fine-tuning datasets. Therefore, 350

we conclude that Tool-Verifier serves as a more 351

reliable verifier, ensuring that the filtered data is of 352

higher quality, which is essential for robust down- 353

stream performance. 354

5.3 Generalization Experiments of 355

Tool-Verifier 356

We employ Tool-Verifier-7B and several base- 357

line models (Qwen2.5-7B-Instruct, Llama-3.1-70B- 358

Instruct, Qwen2.5-72B-Instruct, GPT-4o, Qwen3- 359

32B) to perform data filtering on the source data, 360

followed by SFT of Qwen2.5-7B-Instruct model on 361

the filtered datasets. The results demonstrate that 362

Tool-Verifier-7B achieves superior data selection 363

performance compared with all baseline models. 364

In Table 2, we use Mt as the source data and 365

evaluate the models on τ -bench. On τ -bench, Tool- 366

Verifier-7B (Major @1) achieves a 29.31 score on 367

the in-domain retail task, a 70% improvement over 368

the base Qwen2.5-7B-Ins model. For the out-of- 369

domain airline task, it attains 38.24, nearly tripling 370

the baseline performance. Notably, Tool-Verifier 371

exhibits strong filtering selectivity, retaining only 372

30.94% of the original airline data while maximiz- 373

ing score gains. The Major @5 variant further im- 374

proves performance, confirming robustness across 375

voting thresholds. 376

In Table 4, we take ToolACE as the source data 377

and conduct evaluations on BFCL v3 Multi-Turn. 378

A similar trend is observed on BFCL-v3. When ap- 379

plied to ToolACE data, Tool-Verifier boosts Multi- 380

Turn Base accuracy to 13.5 and Multi-Turn Missing 381

Parameter to 12, while retaining only 79.75% of 382

the original data. Critically, it outperforms even the 383

72B-parameter Qwen variant, despite being 10x 384

smaller. 385
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(a) Retail Pass^k (b) Airline Pass^k (c) Success Rate of Tool-use

Figure 4: Pass^k stability and success rate of tool calling. Pass^k means the chance that all k independent attempts
of the same task are successful. We compare the tool-use ability of models that trained on verifier filtered dataset.

As shown in Table 5, our synthesized dataset386

Mt demonstrates effectiveness in enhancing model387

performance. When utilized in joint training with388

other datasets, it further augments the model’s ca-389

pability in tool invocation tasks. In Table 5, we390

report results after fine-tuning with Tool-Verifier-391

cleaned data. The model achieve powerful re-392

sults: 43.9 on τ -Bench (Airline) and 39.7 on BFCL393

Multi-Turn Accuracy. And the ablation (Ours w/o394

MTool−V erifier
t ) and (Ours w/o Mt) underscores395

the necessity of Tool-Verifier’s cleaned synthetic396

data. Tool-Verifier exhibits strong generalization397

capability. While it is trained on synthetic trajec-398

tories from one domain, its verification transfer ef-399

fectively to both out-of-domain, Airline and BFCL400

benchmark.401

Table 5: Performance of strong baselines on the Airline
setting of τ -bench and BFCL-v3. Our model is jointly
trained on MTool−V erifier

t , APIGen-MT, ToolACE and
Hammer.

Method
τ -bench BFCL
Airline Multi Turn Acc

Qwen2.5-7B-Instruct 13.5 7.8
APIGen-MT-Qwen-7B 18.3 10.8
Qwen2.5-32B-Instruct 25.0 17.8
LLaMA-3.1-70B-Instruct 26.0 12.5
DeepSeek v3 22.8 18.6
ToolACE-2-8B - 37.0
Ours-7B 43.9 39.7

Ours w/o MTool−V erifier
t 39.2 36.8

Ours w/o Mt 37.0 33.1

5.4 Stability Experiments402

5.4.1 Reasoning Consistency403

To evaluate the stability of tool-use agents under404

different training regimes, we adopt the Pass^k405

metric, which measures the probability that a model406

can correctly solve a problem consistently across407

n independent attempts. Higher Pass^k values are408

key attributes for reliable deployment in real-world 409

multi-turn tool-use settings. 410

Figure 4 presents the results on both Retail (in- 411

domain) and Airline (out-of-domain) tasks. Models 412

fine-tuned on data cleaned by the Tool-Verifier con- 413

sistently outperform those trained on data filtered 414

by Qwen-based heuristics. For example, on the 415

Retail domain, the Tool-Verifier model achieves 416

29.3% Pass^1, 16.7% Pass^2, and 7.8% Pass^5, 417

substantially exceeding the best Qwen-cleaned al- 418

ternative, which achieves only 20.7% Pass^1 and 419

drops to 3.7% Pass^5. Similar patterns are ob- 420

served in the Airline domain, where the Tool- 421

Verifier model attains 38.2% Pass^1 and maintains 422

a remarkable 20.0% Pass^5 performance—nearly 423

an order of magnitude above all other baselines. 424

These results reveal that models trained on Tool- 425

Verifier-filtered data exhibit significantly greater 426

output consistency and semantic stability. 427

5.4.2 Success Rate 428

We further investigate the tool invocation success 429

rate across different task categories. This metric 430

reflects a model’s ability to not only complete multi- 431

turn responses but also to accurately execute tools. 432

As shown in Figure 4, we compare five fine- 433

tuned models across two domains: Retail (in- 434

domain) and Airline (out-of-domain). In the Retail 435

domain, the model trained on data filtered by Tool- 436

Verifier achieves the highest tool invocation success 437

rate at 82.5%, surpassing all baselines. The trend 438

remains consistent in the Airline domain, where 439

Tool-Verifier once again leads with a success rate 440

of 90.4%. This results validate Tool-Verifier as a re- 441

liable and domain-agnostic verifier for constructing 442

high-quality corpora for tool-use LLMs. 443

5.5 Ablation Study 444

We conduct ablation experiments to isolate and 445

quantify the contribution of the two key com- 446
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Table 6: Dialog Log with Roles and Messages

User: Hi, I have a pending order and I need to make a change. Can you assist with that?
Agent: To assist with your pending order, I’ll need to first verify your identity...
User: Sure, my name is Fatima Johnson, and my zip code is 78711—wait, I mean 78712.
Agent: {"name": "find_user_id_by_name_zip", "arguments": {"first_name": "Fatima", "last_name": "Johnson", "zip" ...}}
Tool: fatima_johnson_7581
Agent: I’ve found your account, Fatima Johnson. Could you please provide the order ID...
User: My order ID is W8665881. I want to exchange the black Bluetooth Speaker in my order for the red version...
...
Agent: {"name": "get_product_details", "arguments": {"product_id": "4768869376"}}
Tool: {"name": "Bluetooth Speaker", "product_id": "4768869376", "variants": ...}
Agent: {"name": "modify_pending_order_items", "arguments": {"order_id": "#W8665881", "item_ids": ["5855700373"],
"new_item_ids": ["7751905257"], "payment_method_id": "gift_card_1675628"}}
Tool: {"order_id": "#W8665881", ..., "items": ["name": "Bluetooth Speaker", "product_id": "4768869376", ...]}
...

Verify-Qwen2.5-72B-Instruct: ... The user confirmed that everything looked good and thanked the assistant. - The
assistant acknowledged the user’s thanks and offered further assistance. ... Verification: Is the answer correct? Yes
Verify-Tool-Verifier: ... The critical violation is the lack of explicit confirmation. The assistant should have listed the
changes (old item, new item, price difference, payment method) and asked the user to confirm with "yes" before proceeding.
... Verification: Is the answer correct? No

ponents in Tool-Verifier: Outcome Consistency447

Check (OCK) and Process Consistency Check448

(PCK). As shown in Table 3, the full model449

achieves the highest overall performance with an450

accuracy of 77.6%, precision of 67.7%, recall of451

73.3%, and F1 score of 70.4%, outperforming all452

Qwen2.5 baselines by a significant margin. Ab-453

lating either component leads to substantial degra-454

dation. Removing OCK causes precision to drop455

sharply from 67.7% to 36.3%, despite a marginal456

change in recall, from 73.3% to 76.1%, indicating457

that OCK is critical for suppressing false positives458

by validating the correctness of final outcomes. In459

contrast, removing PCK results in the most severe460

performance collapse, with F1 reduced to 30.2%,461

precision to 28.0%, and recall to 32.6%, highlight-462

ing PCK’s essential role in tracking tool-use coher-463

ence and identifying invalid reasoning chains.464

These results confirm that both OCK and PCK465

are functionally indispensable. OCK enforces se-466

mantic correctness at the outcome level, while PCK467

ensures internal consistency of multi-turn reason-468

ing. Their joint presence is necessary to achieve469

robust and reliable verification.470

6 Qualitative Experiments471

To directly demonstrate the effectiveness of Tool-472

Verifier’s data selection, we conduct an in-depth473

analysis through the case study.474

As shown in Table 6, the agent successfully re-475

trieves the user’s ID, accesses the corresponding or-476

der details, fetches product variant information, and477

finally issues a command to modify the pending478

order using appropriate tool calls. The Qwen2.5- 479

72B-Instruct verifier interprets this as a successful 480

resolution. However, this assessment is overly le- 481

nient. It overlooks a critical procedural flaw: the 482

agent proceeds with order modification without ob- 483

taining an explicit confirmation from the user. In 484

contrast, the Tool-Verifier model correctly flags 485

this violation, identifying that the assistant should 486

have first summarized the proposed changes and 487

explicitly requested the user’s confirmation before 488

executing the irreversible modification. Its judg- 489

ment reflects a deeper understanding of compli- 490

ance constraints. This case study highlights that 491

Tool-Verifier offers a more robust mechanism for 492

filtering and validating real-world multi-turn data. 493

7 Conclusion 494

In this work, we addressed the challenge of en- 495

suring data quality for real-world tool-use interac- 496

tions, where synthetic data generation has become 497

a common but fragile solution. We introduced Tool- 498

Verifier-7B, a plug-and-play verification model de- 499

coupled from the synthesis process, enabling scal- 500

able and reproducible data quality control. Build- 501

ing upon this framework, we released a curated 502

dataset Mt, and Tool-V-Bench, a benchmark of 503

165 human-validated trajectories. Extensive ex- 504

periments demonstrated that Tool-Verifier-7B sur- 505

passes larger models such as GPT-4o. In conclu- 506

sion, these contributions provide both practical re- 507

sources and methodological insights for advancing 508

tool-use data quality research. 509
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8 Limitations510

Due to practical constraints, this study has several511

limitations. First, limited time and computational512

resources prevented our experimental framework513

from conducting a comprehensive evaluation of all514

SOTA models and datasets. Second, although the515

MathDebugger benchmark has undergone multiple516

rounds of manual annotation and verification, occa-517

sional ambiguities and human oversight may still518

result in minor omissions, despite rigorous quality519

control measures.520
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A Tool-V-Bench Construction706

The Tool-V-Bench benchmark comprises a rigor-707

ously curated dataset of 165 test instances, strate-708

gically balanced to include 60 positive and 105709

negative samples. This distribution ensures robust710

evaluation across both successful and failure-case711

scenarios, enabling comprehensive assessment of712

verifier performance in applications.713

To guarantee annotation precision, each data714

point undergoes cross-annotation by three indepen-715

dent PhD holders in engineering, ensuring domain716

expertise and minimizing subjective bias. Discrep-717

ancies are resolved through iterative deliberation,718

reinforcing label consistency.719

Ethical integrity is prioritized throughout the an-720

notation process. All annotators are compensated721

at a rate of $50 per hour, aligning with fair wage722

standards for highly skilled labor. This practice723

not only upholds equitable labor ethics but also724

incentivizes meticulous attention to detail, further725

enhancing dataset quality.726

B Tool-V-Bench Case727

We provide a positive and negative sample cases of728

Tool-V-Bench in Figure 5 and Figure 6 separately.729

In Figure 5, the AI assistant correctly identifies730

a request requiring escalation and autonomously731

routes the query to a designated human agent,732

Harper Kovacs, via the provided email address733

(harperkovacs@example.com). The assistant first734

acknowledges the user’s issue and informs them735

of the handoff, ensuring transparency in the inter-736

action flow. Notably, the assistant includes the737

escalation contact both as a direct action item and738

as part of the conversational history, reinforcing739

accessibility and accountability.740

This example illustrates the assistant’s ability741

to adhere to escalation policies while maintaining742

a coherent and user-centric communication style.743

The system not only satisfies the structural pol-744

icy constraints (e.g., including contact information,745

appropriate role labeling) but also demonstrates se-746

mantic alignment with user intent—exemplifying747

an ideal trajectory for goal-oriented AI agents in748

real-world service environments.749

Such instances serve as positive samples for750

benchmarking dialogue agents in multi-turn,751

policy-aware task completion. The assistant’s be-752

havior aligns with enterprise compliance standards753

and contributes to enhanced user trust and satisfac-754

tion.755

In Figure 6, this case exemplifies a failure in 756

aligning the tool-using agent’s decision trajectory 757

with the task objectives due to both semantic and 758

operational incoherence. The user initially pro- 759

vides a clear intent—"I want to book a flight ticket 760

to London"—yet the assistant bypasses the retrieval 761

of actionable flight options and instead proceeds to 762

inquire about destination preferences, which had 763

already been stated. This redundancy highlights a 764

lack of contextual grounding and memory within 765

the agent’s dialogue management system. Further- 766

more, when the agent eventually attempts to exe- 767

cute a tool call (SearchFlights), the parameters are 768

either incomplete or misaligned with prior context, 769

reflecting deficient state tracking. The breakdown 770

in conversational flow and intent fulfillment under- 771

scores the model’s limitations in multi-turn plan- 772

ning, especially under tool-augmented conditions. 773

Such deficiencies would critically impair user sat- 774

isfaction in real-world applications, revealing the 775

necessity of enhanced temporal consistency and 776

parameter grounding mechanisms within tool-call- 777

capable language agents. 778

C Detailed Experiment setting 779

τ -bench serves as a rigorous benchmark that sim- 780

ulates dynamic, multi-turn dialogues between a 781

user—emulated by a language model—and an intel- 782

ligent assistant endowed with domain-specific API 783

tools and decision-making policies. It comprises 784

two task scenarios: Retail and Airline, which in- 785

clude 115 and 50 test cases, respectively. These sce- 786

narios are carefully designed to reflect real-world 787

service domains with distinct procedural and infor- 788

mational demands. 789

BFCL Multi-turn tasks feature extended inter- 790

active sessions between the user and the assistant, 791

structured as multiple conversational turns. Each 792

turn may involve several intermediate steps, re- 793

quiring the assistant to consistently maintain and 794

leverage contextual memory from earlier interac- 795

tions in order to address follow-up questions with 796

precision. The benchmark includes four variants: 797

200 samples of Python Multi-Turn Base, 200 sam- 798

ples of Python Multi-Turn Missing Function, 200 799

samples of Python Multi-Turn Missing Parameter, 800

and 200 samples of Python Multi-Turn Long Con- 801

text. These settings challenge the model’s ability 802

to perform functionally grounded reasoning over 803

prolonged, context-rich exchanges. 804
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Role Content

User
Hey there! I recently ordered a blue stainless steel water bottle, and I was wondering if I could exchange it for a red 

one instead. Could you check if the red one is available?

Assistant

... To assist with your request, I'll need to first verify your identity. Could you please provide your email address or 

your first and last name along with your zip code? This will help me locate your user account and check the 

availability of the red stainless steel water bottle.

User Sure thing! My name is Harper Kovacs, and my zip code is 90210.

Assistant
... <tool_call> {"name": "find_user_id_by_name_zip", "arguments": {"first_name": "Harper", "last_name": 

"Kovacs", "zip": "90210"}} </tool_call>

Tool Error: user not found

Assistant

... It seems there was an issue locating your account with the provided name and zip code. Could you please share 

your email address? This will help me verify your account and check the availability of the red stainless steel water 

bottle.

User Of course! My email address is harperkovacs@example.com.

Assistant
... <tool_call> {"name": "find_user_id_by_email", "arguments": {"email": "harperkovacs@example.com"}} 

</tool_call>

Tool Error: user not found

Assistant

... It appears there might be an issue with the email address provided or the account doesn't exist in our system. Could 

you please verify the email address you used during registration? Alternatively, if you're having trouble recalling the 

exact email, could you share your order number or provide additional details that might help us locate your account?

User I think I remember the order number—it's W6221400. Can you check with that?

Assistant ... <tool_call> {"name": "get_order_details", "arguments": {"order_id": "#W6221400"}} </tool_call>

Tool {JSON-formatted order details (omitted)}

Assistant ... <tool_call> {"name": "get_product_details", "arguments": {"product_id": "8310926033"}} </tool_call>

Tool {JSON-formatted order details (omitted)}

Assistant
The red stainless steel water bottle (item ID 6777246137) is available. Let me confirm the details of your exchange: 

... Would you like to proceed with this exchange? Please confirm with "yes" or "no".

User Yes, I'd like to proceed with the exchange. Thank you!

Assistant
... <tool_call> {"name": "exchange_delivered_order_items", "arguments": {"order_id": "#W6221400", "item_ids": 

["7843064651"], "new_item_ids": ["6777246137"], "payment_method_id": "gift_card_5087631"}} </tool_call>

Tool {JSON-formatted order details (omitted)}

Assistant
... Your exchange has been successfully processed! Here are the details: ... Let me know if you need further 

assistance!

User ###STOP###

Figure 5: Positive Case of Tool-V-Bench.

D Domain Adaptation via Schema805

Rewriting806

As illustrated in Table 7, this approach allows us807

to generate semantically diverse synthetic trajec-808

tories while preserving the complexity of logical809

dependencies found in the seed data. This ensures810

that Tool-Verifier captures generalized verification811

patterns robust to domain shifts. The pipeline is812

shown in Figure 7 and prompt in Figure 9.813

E Prompt814

We provide the prompt for domain adaption rewrit-815

ing in Figure 9 , task generation in Figure 10 and816

data verification in Figure 8. 817
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Role Content

User
Hello! I recently received my order and I was wondering if I could make an exchange. I got the gold metal band 

Smart Watch, but I'd actually prefer the silicone band version if that's possible.

Assistant ... To assist with your exchange request, I'll need the following details: ...

User

Sure, I can provide that. My name is Fatima Johnson, and my zip code is 78712. The order ID is #W9389413. I want 

to exchange the gold metal band Smart Watch for the silicone band version of the same model. Could you help me 

find the correct item ID for the silicone band version?

Assistant
... <tool_call> {"name": "find_user_id_by_name_zip", "arguments": {"first_name": "Fatima", "last_name": 

"Johnson", "zip": "78712"}} </tool_call>

Tool fatima_johnson_7581

Assistant ... <tool_call> {"name": "get_order_details", "arguments": {"order_id": "#W9389413"}} </tool_call>

Tool JSON-formatted order details (omitted)

Assistant ... <tool_call> {"name": "get_product_details", "arguments": {"product_id": "6945232052"}} </tool_call>

Tool JSON-formatted product details (omitted)

Assistant The silicone band version of the Smart Watch is available... Would you like to proceed with this exchange?

User
That sounds perfect. I'd like to proceed with the exchange. I have a gift card that I can use for any necessary 

adjustments. Can we use that for the refund?

Assistant
... <tool_call> {"name": "exchange_delivered_order_items", "arguments": {"order_id": "#W9389413", "item_ids": 

["2554056026"], "new_item_ids": ["2681513500"], "payment_method_id": "gift_card_0000000"}} </tool_call>

Tool Error: payment method not found

Assistant
... I see the issue. The system doesn't have access to your gift card details. Could you please provide your gift card ID 

or the specific payment method ID you'd like to use for the refund?

User Sure, my gift card ID is GFT123456789. Can we use that for the refund?

Assistant

... <tool_call> {"name": "transfer_to_human_agents", "arguments": {"summary": "User wants to use gift card 

GFT123456789 for refund during exchange, but payment method not found. Need assistance linking gift card to 

payment method."}} </tool_call>

Tool Transfer successful

Figure 6: Negative Case of Tool-V-Bench.

Table 7: Examples of Domain Adaptation via Schema Rewriting. We abstract the seed retail schema into a generic
structure and project it onto diverse vertical domains to enhance generalization.

Schema Role Seed: Retail Target: Healthcare Target: Finance

Subject (Tu) User (e.g., Shopper) Patient (e.g., Outpatient) Client (e.g., Investor)
Action (To) Order (Buying items) Appointment (Booking visits) Transaction (Trading assets)
Object (Tp) Product (Electronics) Service (MRI, Checkup) Asset (Stocks, Bonds)

Example Intent “I need to return the speaker
from my last order.”

“I need to reschedule the MRI
scan from my last appointment.”

“I want to sell the Apple stock
from my recent transaction.”
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Figure 7: Domain Adaption Rewriting Pipeline.

Please help me to verify whether the assistant has solved the user's problem based on the provided user and assistant interactions. 

The user has outlined specific requirements, and the assistant's response should address all of these needs.

The output should indicate whether the assistant has fully addressed the user's request, with a detailed check of the Retail Agent 

Policy and assistant's tool call validity, correctness of invocation, and consistency of data between the user and assistant.

You have five principles to do this.

1. [Verification] The output should thoroughly verify whether the assistant's responses and tool calls have correctly addressed all 

of the user's requests step by step.

2. [Tool Call Accuracy] The output should check whether the assistant used the appropriate tool calls, with correct invocation and 

parameters, to solve the user's task.

3. [Consistency Check] The output should ensure that the data provided by the user is consistent throughout the interaction, 

without any discrepancies or hallucinations.

4. [Correctness] The verification should confirm if all of the user's requirements have been fully addressed and that no crucial 

aspect of the problem was overlooked.

## Response format

The response should include reasoning process step by step, and ending with: "Verification: Is the answer correct (Yes/No)?" 

followed by "Yes" or "No".

Verify Prompt

Figure 8: Verify Prompt.
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SYSTEM

You are an expert Data Augmentation Specialist for Tool-Use Agents.

Your task is to perform "Domain Schema Adaptation."

I will provide you with a "Seed Data Schema" from the RETAIL domain (containing Users, Orders, and Products).

You must rewrite this schema into a specific TARGET DOMAIN while strictly preserving the logical relationships (keys, IDs, 

quantities) between entities.

**Mapping Logic (Subject-Action-Object):**

1. Retail "User" -> Target Domain "Requester" (e.g., Patient, Investor).

2. Retail "Order" -> Target Domain "Interaction Record" (e.g., Appointment, Transaction).

3. Retail "Product" -> Target Domain "Resource/Service" (e.g., Medical Test, Stock).

**Requirements:**

1. CHANGE all field names to fit the Target Domain jargon.

2. KEEP the data types and structural hierarchy identical to the seed.

3. GENERATE realistic values for the new domain (e.g., change "iPhone 13" to "MRI Scan" or "Apple Stock").

4. Output must be valid JSON.

Domain Adaptation Prompt

USER

**Target Domain:** Healthcare / Hospital Management

**Seed Data (Retail):**

{

"user": {

"user_id": "10",

"name": "John Doe",

…

},

"order": {

"order_id": ”#5566",

"status": "Pending",

"items": [

{

"product_id": ”29",

"product_name": "Wireless Headphones",

…

}

]

}

}

Figure 9: Domain Adaptation Prompt.
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SYSTEM

Generate a NEW task instruction that mimics realistic human users and their intentions, such as with different personality and 

goals. The task instruction should be followed by ‘actions’ which is a list of the tool-calls to be taken to solve this task and ‘outputs’ 

which is a list of the answers to specific information requests made by the user. Think step by step to come up with the action(s) 

and the corresponding tool-call(s) translating this thought that would be necessary to fulfill the user’s request or solve their 

intentions. Focus on common retail scenarios following the provided task instruction guidelines.

## Guidelines for generating NEW tasks instruction and Ground Truth Actions 

1. You must generate a new user instruction.

1. The main focus is to generate actions that can modify the underlying database.  

2. For actions that do not modify the database like specific information requests, scan the provided User Data directly and append 

only the answer in ‘outputs’. Do not make separate tool calls for this in ‘actions’.  

3. Include multiple tool calls when the scenario requires multiple steps or modifications.  

4. Provide precise tool calls with all necessary parameters for each action.  

5. Ensure all actions adhere to retail policies and common sense practices.

## Output Format  

Generate your response according to the following format. Enclose the thought process within ‘<thought></thought>’ tags, and the 

final structured response within ‘<answer></answer>’ tags. The structured response should be in strict JSON format, without any 

additional comments or explanations.  

## Example format  

{example}  

Do not directly copy instruction and the action patterns from the examples. Ground the generation from the above provided data.

Task Generation Prompt

USER

## Instructions  

Generate a NEW task instruction that mimics realistic human users and their intentions, such as with different personality and 

goals. The task instruction should be followed by ‘actions’ which is a list of the tool-calls to be taken to solve this task and ‘outputs’ 

which is a list of the answers to specific information requests made by the user. Think step by step to come up with the action(s) 

and the corresponding tool-call(s) translating this thought that would be necessary to fulfill the user’s request or solve their 

intentions. Focus on common retail scenarios following the provided task instruction guidelines.  

## Guidelines for Generating Task Instruction

{domain_rules}  

## User Data  

{sampled_user_details}  

## Order Data  

{sampled_orders}

## Product Data  

{sampled_products}  

  

## Tools  

The available tool combination in Python format is as follows:  

{sampled_tools}  

Do not directly copy instruction and the action patterns from the examples. Ground the generation from the above provided data. 

Generate the task now.

Figure 10: Task Generation Prompt.
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