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Abstract001

The recent paradigm shift toward large reason-002
ing models (LRMs) as autonomous agents has003
intensified the demand for sophisticated, multi-004
turn tool-use capabilities. Yet, existing datasets005
and data-generation approaches are limited by006
static, predefined toolsets that cannot scale to007
the complexity of open-ended human-agent col-008
laboration. To address this, we initially devel-009
oped a framework for automated task-oriented010
multi-turn dialogue generation at scale, utiliz-011
ing an LRM-based simulator to dynamically012
generate high-value, domain-specific tools to013
solve specified tasks.014

However, we observe that a purely task-015
oriented design often results in "solely task-016
solving" trajectories, where the agent com-017
pletes the objective with minimal interaction,018
failing to generate the high turn-count conver-019
sations seen in realistic scenarios. To bridge020
this gap, we shift toward a user-oriented sim-021
ulation paradigm. By decoupling task gen-022
eration from a dedicated user simulator that023
mimics human behavioral rules—such as incre-024
mental request-making and turn-by-turn feed-025
back—we facilitate more authentic, extended026
multi-turn dialogues that reflect the iterative na-027
ture of real-world problem solving. Our gener-028
ation pipeline operates as a versatile, plug-and-029
play module capable of initiating generation030
from any state, ensuring high scalability in pro-031
ducing extended tool-use data. Furthermore, by032
facilitating multiple task completions within a033
single trajectory, it yields a high-density dataset034
that reflects the multifaceted demands of real-035
world human-agent interaction.036

1 Introduction037

The evolution of large language models (LLMs)038

has reached a critical inflection point, transitioning039

from text-generative systems into large reasoning040

models (LRMs) acting as autonomous agents (Guo041

et al., 2025; Yang et al., 2025a; Yehudai et al.,042

2025). This change is driven by advances in both043

Figure 1: Plug-and-Play Tool Preparation Module. A
modular pipeline for dynamic tool synthesis and prepro-
cessing, designed to initiate multi-turn data generation
from any arbitrary state.

reasoning and tool use, grounded in a core set 044

of agentic capabilities: the high-level decision- 045

making and planning required to decompose com- 046

plex tasks; the technical precision of tool choice 047

and argument generation; the analytical rigor of 048

result analysis and error handling; and the founda- 049

tional memory and environment awareness needed 050

to maintain context in dynamic settings (Wang 051

et al., 2023; Liu et al., 2023; Mialon et al., 2023a; 052

Wu et al., 2024; Wang et al., 2024; Xi et al., 2025a). 053

While tool use grounds reasoning in the real world, 054

the ultimate objective of LRMs is to orchestrate 055

these interdependent capabilities to support ex- 056

tended, multi-turn interactions that reflect the dy- 057

namics of real-world human–agent collaboration. 058
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Despite the growing capabilities of LRMs,059

progress remains constrained by the lack of high-060

quality and diverse training data. Most existing061

datasets rely on static, predefined toolsets, which062

inadequately capture the open-ended and evolv-063

ing nature of real-world human–agent collabora-064

tion (Team et al., 2025a; Zhang et al., 2025; Prab-065

hakar et al., 2025). Agents trained under such fixed066

schemas often struggle to generalize beyond seen067

domains or to reason over unfamiliar tool compo-068

sitions. Moreover, many data-generation pipelines069

implicitly favor single-shot trajectories1, in which070

a user poses a complex request and the agent re-071

sponds with an optimal tool-use sequence in a sin-072

gle task. While efficient, these interactions fail to073

reflect the iterative, incremental, and often noisy074

nature of real-world human–agent collaboration.075

To overcome these limitations, we first de-076

veloped an automated framework for large-scale077

task-oriented dialogue generation. Leveraging an078

LRM-based simulator, the framework dynamically079

synthesizes domain-specific tools and database080

schemas (e.g., SQL-style read/write operations),081

along with corresponding tasks and evaluation082

rubrics. While this successfully scaled the vol-083

ume of data, we observed an efficiency trap: the084

simulator, acting as a perfect task-solver, tended to085

complete objectives with the minimum number of086

turns. These solely task-solving trajectories lacked087

the back-and-forth dialogue—clarifications, incre-088

mental requests, and feedback loops—that define089

realistic human interaction.090

To address this efficiency-driven bias, we pro-091

pose a user-oriented simulation paradigm. Our092

approach decouples the objective (the "Task") from093

the interaction (the "User"). By employing a dedi-094

cated user simulator governed by human behavioral095

rules—such as asking for only one subtask at a time096

and providing turn-by-turn feedback—we force the097

agent to navigate extended, multi-turn dialogues.098

Our generation pipeline consists of three key099

components: (1) Dynamic Tool & Task Synthe-100

sis: Instead of relying on fixed APIs, our LRM-101

based generator creates unique, rubric-backed tasks102

grounded in synthesized database schemas, ensur-103

ing the agent learns to reason over diverse struc-104

tures. (2) Plug-and-Play Scalability: The genera-105

tion pipeline is modular. It can initiate a simulation106

from any state—whether starting from a blank slate107

1We define the trajectory as a sequence of API Calls, which
are related (or correlated) with tool arguments for solving tasks

or injecting a tool-use requirement into an ongoing 108

conversation—making it highly versatile for data 109

augmentation. (3) High-Density Trajectories: By 110

allowing multiple task completions within a single 111

conversation thread, we produce a "high-density" 112

dataset. This reflects the multifaceted nature of 113

real-world use cases, where a user might update a 114

record, query a trend, and request a summary all 115

within a single session. 116

Empirical results on agentic benchmarks, in- 117

cluding BFCL (Patil et al.) and τ2 (Barres et al., 118

2025), demonstrate that models trained on our 119

data achieve consistently stronger multi-turn perfor- 120

mance and more reliable tool usage, particularly in 121

long-horizon and stateful domains. Moreover, con- 122

sistency analysis under repeated executions shows 123

that our models sustain correct tool-use behavior 124

across multiple trials, rather than relying on iso- 125

lated successes. Our findings highlight the impor- 126

tance of user-oriented interaction modeling and 127

execution-grounded supervision for training robust 128

and realistic agentic reasoning models. 129

2 Related Works 130

Reasoning Models and Tool-use Benchmarks. 131

Recent advancements in LRMs have catalyzed the 132

development of benchmarks designed to evalu- 133

ate autonomous agents in tool-mediated environ- 134

ments (Guo et al., 2025; Yang et al., 2025a; Team 135

et al., 2025a,b; Zeng et al., 2025). Early bench- 136

marks primarily focused on single-turn tool invo- 137

cation or static API selection within constrained 138

domains (Mialon et al., 2023b; Qin et al., 2023; 139

Lee et al., 2025). However, as the field shifted to- 140

ward more complex problem solving, datasets like 141

StableToolBench (Guo et al., 2024), BFCL (Patil 142

et al., 2024), and τ benchmarks (Yao et al., 2024; 143

Barres et al., 2025) emerged to test the model’s 144

ability to navigate vast API landscapes (Liu et al., 145

2025; Xu et al., 2025; Xi et al., 2025b). 146

Evolution of Tool-use Agents. Beyond bench- 147

marking, the paradigm for tool-use agents has 148

evolved from simple function-calling to sophis- 149

ticated, autonomous orchestration. While early 150

frameworks enabled LLMs to parse queries and 151

interpret results, they often relied on fixed toolsets, 152

which inherently limited their adaptability to open- 153

ended tasks (Schick et al., 2023; Hao et al., 2023). 154

To address this, recent research has explored the dy- 155

namic creation of tools, such as generating reusable 156

tools on the fly (Cai et al., 2023) or leveraging exist- 157
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Figure 2: Task-Oriented Multi-Turn Conversation Generation Pipeline. An automated framework that generates
tool-use trajectories focused on efficient task completion through direct simulator-based responses.

ing code repositories through ToolMaker (Wölflein158

et al., 2025). Furthermore, specialized training159

strategies have been proposed to enhance agen-160

tic capabilities, including critique-informed plan-161

ning (Chen et al., 2025), fine-tuning on selective162

reasoning steps (Yang et al., 2025b), and decou-163

pling reasoning from format following (e.g., Agent-164

FLAN) (Chen et al., 2024). Despite these advances,165

most existing approaches still struggle to maintain166

long-term coherence in multi-turn interactions, a167

gap that our user-oriented simulation framework168

aims to bridge.169

Synthetic Dialogue Generation for Agents. The170

scarcity of training data still requires high-quality171

synthetic data generation. Despite these efforts,172

existing data generation approaches rely on fixed,173

predefined trajectories and toolsets (e.g., API174

graphs) (Mitra et al., 2024; Sengupta et al., 2024;175

Arcadinho et al., 2024; Tang et al., 2025) and rigid176

schemas that fail to capture the stochastic and iter-177

ative nature of real-world dialogues, such as clar-178

ifying ambiguous user intents or handling incre-179

mental feedback (Team et al., 2025a; Prabhakar180

et al., 2025; Zhang et al., 2025). Consequently,181

there remains a significant gap in evaluating how182

reasoning models maintain coherence (Barres et al.,183

2025) and adapt their tool-calling strategies over184

extended (Zhang et al., 2024), multi-turn interac-185

tions—a limitation that underscores the need for a186

more dynamic, user-oriented simulation paradigm.187

In our work, we decouple the generation pro-188

cess into independent stages, each with an indi-189

vidual component to be replaced easily with just190

modifying input-output format. By architecting191

our pipeline as a versatile, plug-and-play module,192

we overcome the rigidity of previous approaches 193

and enable the generation of high-density trajecto- 194

ries from any arbitrary state. This allows for the 195

synthesis of authentic, extended dialogues that in- 196

corporate incremental request-making and iterative 197

feedback loops. Consequently, our framework not 198

only scales the production of domain-specific tools 199

and database schemas dynamically but also ensures 200

the generation of verifiable, multi-turn interactions 201

that reflect the multifaceted and often noisy nature 202

of real-world human-agent collaboration. 203

3 Task-Oriented Multi-turn Generation 204

To address the scarcity of high-quality agentic 205

datasets, we developed a scalable, end-to-end 206

pipeline designed to generate complex, multi- 207

turn tool-use data. While existing datasets like 208

Nemotron (Nathawani et al., 2025) provide a 209

foundation with approximately 19K unique tools, 210

they fall short of effective agentic training. Our 211

pipeline automates the entire lifecycle of data gen- 212

eration—from tool creation to task validation. De- 213

signed as a plug-and-play module, the proposed 214

framework allows for easy swapping of individual 215

components by simply modifying input-output for- 216

mats, ensuring diversity across domains and com- 217

plexity in tool-interaction patterns. An overview of 218

the pipeline is illustrated in Figure 2. 219

3.1 Tool preparation 220

The tool preparation stage aims to construct a di- 221

verse and realistic toolset from a minimal initial 222

seed tool. We begin by generating realistic user 223

questions inspired by the existing seed tools, such 224

as databases and APIs, to ensure that the synthe- 225

sized tools are grounded in practical use cases. Con- 226
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Figure 3: User-Oriented Multi-Turn Conversation Generation Pipeline. A framework that decouples tasks from
interaction by employing a dedicated user simulator to mimic incremental human feedback and request-making.

ditioned on these questions, the model generates227

detailed tool specifications, including tool names,228

natural language descriptions, and required param-229

eters, such that each tool can programmatically230

solve the intended task. To further expand domain231

coverage and interaction diversity, the framework232

analyzes the initial toolset to identify functional233

gaps and proposes up to ten complementary tools,234

resulting in a richer and more expressive toolset.235

We detailed the prompt in Appendix A.236

3.2 Tool preprocessing237

Before conversation simulation, we perform tool238

preprocessing to ensure structural and semantic239

consistency across the generated toolset. Specifi-240

cally, the model is instructed to predict a JSON241

schema for the return value of each tool, mak-242

ing tool outputs explicit and machine-verifiable.243

Schema definitions are generated in a multi-turn244

conversational manner, allowing the model to rea-245

son over previously defined tools and maintain246

input-output consistency. As a result, shared enti-247

ties such as user_id or timestamps preserve con-248

sistent data types and semantics across different249

tools and interaction turns.250

3.3 Conversation Generation251

Task Generation. Given the preprocessed252

toolset, we generate multi-turn conversations253

by constructing structured, rubric-based tasks.254

Following Kimi-K2 (Team et al., 2025a), each task255

is categorized by difficulty level (easy, medium,256

or hard) and is accompanied by a detailed rubric257

that specifies success criteria, expected tool-use258

patterns (with placeholders for dynamic argu-259

ments), and intermediate evaluation checkpoints.260

These components enable objective, step-level 261

verification of agent behavior while encouraging 262

complex reasoning and multi-step tool interactions. 263

Response Generation. In this stage, the genera- 264

tion model (here we use GPT-OSS-120b) produces 265

responses that are validated for correctness and 266

quality. Since all tools are synthetic, an LRM-based 267

simulator is employed to generate tool execution 268

results conditioned on the provided arguments and 269

the evolving conversation context. To ensure tem- 270

poral realism, the simulator maintains a random- 271

ized reference time while prioritizing user-specified 272

temporal information when present. 273

Validation. Finally, a dedicated validation mod- 274

ule compares the agent’s responses against the pre- 275

defined rubrics, filtering trajectories based on se- 276

mantic correctness and required tool invocations. 277

Only successful, high-density interaction trajecto- 278

ries are retained in the final dataset. Despite the 279

effectiveness of this task-oriented pipeline, we ob- 280

serve that it produces trajectories focused solely on 281

efficient task completion with minimal interaction. 282

This limitation motivates the transition toward a 283

user-oriented simulation paradigm, which we intro- 284

duce in the following section. 285

4 User-Oriented Multi-turn Generation 286

Although the task-oriented pipeline effectively 287

scales data volume, we observe that it frequently 288

falls into an efficiency trap, where a highly capable 289

simulator completes complex objectives in a single 290

turn with minimal interaction (see statistics in Ta- 291

ble 1). Such behavior produces trajectories that are 292

optimized for task completion, failing to capture 293

the incremental, exploratory, and iterative nature of 294
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Source data Step Turn Task Samples

Task-oriented
Nemotron 3.95 (89) 12.84 (178) 1.63 (18) 161,608

User-oriented
Nemotron 3.45 (121) 21.79 (596) 2.48 (20) 177,375
Tau2 3.05 (63) 36.16 (780) 3.02 (20) 4,138

User-oriented + Tool-Execution
Tau2 2.43 (23) 17.15 (294) 1.6 (10) 2,174
SQL 3.74 (322) 30.85 (680) 1.86 (11) 16,618

Table 1: Statistics of Generated Datasets. Comparison
of conversation density (steps and turns) across task-
oriented and user-oriented paradigms; values in paren-
theses represent the maximum observed counts. We
define each column in Appendix B

realistic human–agent collaboration. In addition,295

many simulator-based approaches depend on syn-296

thetic tool outputs, which limits the faithfulness297

and verifiability of the resulting interactions.298

To better reflect realistic usage patterns, we299

introduce a user-oriented multi-turn generation300

paradigm that explicitly models user behavior and301

interaction dynamics (see Figure 3). Building on302

the same tool-use abstraction introduced in ear-303

lier sections, this paradigm further grounds tool304

interactions in executable environments, enabling305

multi-turn trajectories whose intermediate states306

and outcomes are consistently maintained across307

turns rather than being implicitly assumed from a308

single-shot request.309

Descriptive Task Generation. To support user-310

oriented interaction, we modify the generation311

pipeline to produce descriptive tasks instead of di-312

rect user questions. Rather than emitting a fully313

specified natural-language query, the model first314

generates a declarative statement that describes the315

user’s ultimate objective in a self-contained manner.316

These descriptive tasks serve as latent goals that317

guide the user simulator, which must then realize318

them incrementally through multi-turn interaction.319

For settings that involve structured tools, the320

task generator is additionally conditioned on con-321

crete environment information, such as database322

schemas and limited data views. This grounding323

ensures that generated tasks remain feasible with re-324

spect to actual table structures and supported oper-325

ations, including reading, updating, and combining326

records. To avoid introducing unsupported assump-327

tions—particularly when only partial information328

is available—the generator is encouraged to phrase329

uncertain facts as information that must be retrieved330

or confirmed through subsequent tool use, rather331

Figure 4: User-oriented Tool-Execution Multi-turn Con-
versation Generation Pipeline. This pipeline integrates
a SQL-tool generation module grounded in real-world
database schemas with a dedicated user simulator to
produce verifiable, high-fidelity multi-turn dialogues.

than treating them as known in advance. 332

For longer trajectories, additional descriptive 333

tasks are introduced either as natural extensions 334

of previous tool outcomes or as independent but 335

contextually coherent objectives within the same 336

domain. Throughout this process, task complex- 337

ity is explicitly controlled (easy, medium, or hard), 338

ensuring that the resulting dialogues remain ap- 339

propriately challenging while remaining consistent 340

with earlier task-oriented settings. 341

User Simulation Interaction Loop. At the core 342

of the proposed paradigm is a dedicated user simu- 343

lator governed by simple yet expressive behavioral 344

rules. Given a descriptive task, the simulator iden- 345

tifies the required sub-tasks but deliberately issues 346

requests in a piecemeal fashion, typically asking 347

for only one or two subtasks per turn. This design 348

encourages the assistant to engage in intermedi- 349

ate reasoning, clarification, and verification, rather 350

than converging immediately on a final answer. 351

Unlike simulated pipelines, the simulator con- 352

ditions its behavior on tool outputs that are pro- 353

duced through actual execution. In practice, tools 354

correspond to concrete operations such as parame- 355

terized database queries that are executed against 356

a controlled environment, and their results are re- 357

turned verbatim to the dialogue. The simulator 358

maintains contextual awareness by reviewing the 359

assistant’s prior responses and tool outcomes to 360

assess which components of the overall goal have 361

been satisfied. Based on this assessment, it pro- 362

vides turn-by-turn feedback, requests clarifications, 363

or introduces follow-up questions until the objec- 364

tive is fully achieved. A conversation is considered 365

complete only when the simulator explicitly signals 366

task completion by setting is_task_complete to 367

true. 368
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Model BFCL τ2

Multi-turn Live Non-Live Hall. (Rel) Hall. (Irrel) Airline Retail Telecom

Proprietary Models
Claude Sonnet 4.5 (fc)† 60.9 81.1 88.6 68.8 86.3 70.0 86.2 98.0
GPT-5.1-mini† 27.4 58.6 70.2 68.8 91.8 - - -
GPT-5.1† 36.1 59.0 73.0 68.8 91.4 77.9 - 95.6
Gemini-2.5-Pro† 29.3 63.8 85.6 43.8 91.5 - - -
Gemini-3.0-Pro† - - - - - 73.0 85.3 85.4

Open-Sourced Models
xLAM-2-3b-fc-r† 56.0 58.7 82.9 94.4 57.9 32.0 44.4 -
xLAM-2-8b-fc-r† 69.3 66.7 84.4 83.3 64.1 35.2 58.2 -
xLAM-2-32b-fc-r† 66.4 73.8 89.5 83.3 76.3 45.0 64.3 -
Qwen3-4B-Thinking-2507 48.1 82.9 86.3 100.0 78.9 46.0 56.1 21.1
Qwen3-30B-A3B-Thinking-2507 53.8 84.1 89.6 100.0 80.6 56.0 54.4 22.8
GPT-OSS-120b 51.3 72.6 37.5 75.0 85.5 56.4 75.3 59.5

Baselines
Qwen3-4B-Thinking-2507 + APIGEN 50.9 83.1 87.5 83.3 82.3 50.0 58.8 30.7
Qwen3-30B-A3B-Thinking-2507 + APIGEN 53.8 83.5 90.1 83.3 82.3 56.0 60.5 33.3
Qwen3-4B-Thinking-2507 + NEMOTRON 52.1 85.8 88.2 75.0 85.5 44.0 50.9 26.3
Qwen3-30B-A3B-Thinking-2507 + NEMOTRON 46.0 50.9 88.7 88.9 76.3 54.0 48.2 28.1

OURS
Qwen3-4B-Thinking-2507 + OURS 52.7 84.9 89.6 83.3 80.6 52.0 57.0 36.8
Qwen3-30B-A3B-Thinking-2507 + OURS 55.5 86.5 90.1 88.9 83.8 56.0 57.8 42.1

Table 2: Agentic benchmark results across proprietary and open-source models. † refers to the reported scores. The
table compares performance on the Berkeley Function Calling Leaderboard (BFCL) (Patil et al.) and τ2 (Barres
et al., 2025) benchmarks, highlighting the improvements gained from our data generation pipeline compared to
baselines like APIGEN (Prabhakar et al., 2025) and NEMOTRON (Nathawani et al., 2025).

High-Density Multi-turn Trajectories. By al-369

lowing multiple descriptive tasks to be addressed370

within a single conversational thread, the proposed371

pipeline naturally produces high-density multi-turn372

trajectories. This setting mirrors realistic usage sce-373

narios in which users perform a sequence of related374

actions—such as querying information, updating375

records, and requesting summaries—within a sin-376

gle session. To maintain coherence, state changes377

introduced by tool use persist across turns within378

the same trajectory, while remaining isolated across379

different generation instances.380

Moreover, the modular and plug-and-play design381

of the pipeline enables generation to begin from ar-382

bitrary intermediate states, significantly improving383

scalability and diversity for extended tool-use data.384

Overall, the user-oriented paradigm complements385

the task-oriented pipeline by emphasizing interac-386

tion richness, temporal continuity, and verifiable387

tool use, which together are essential for training388

robust agentic reasoning models.389

From Simulated Tools to Executable SQL-390

driven Agents. To overcome the scalability lim-391

its of static toolsets and the hallucination risks392

inherent in model-based simulations, we intro-393

duce a framework that synthesizes executable394

tool interfaces grounded in real-world relational395

databases (see Figure 4). By leveraging di-396

verse schemata from open-source datasets like Spi- 397

der (Yu et al., 2018), our pipeline automatically 398

generates domain-specific functions mapped to 399

complex SQL queries. We visualized the domains 400

and examples used in our generated data in Ap- 401

pendix C and D. This approach allows the agent 402

to interact with a functional database engine in 403

real-time during the dialogue generation process, 404

ensuring that the tool outputs used for training 405

are computationally verified and factually accurate. 406

Consequently, this SQL-backed synthesis enables 407

the production of high-fidelity, multi-turn trajec- 408

tories at scale, transforming the data generation 409

pipeline from a closed-loop simulation into a veri- 410

fiable, agentic execution environment. 411

5 Experiments 412

5.1 Experimental Setups 413

Training & Inference. We perform full fine- 414

tuning of reasoning models. To balance the training 415

data provided in Table 1, we downsampled the syn- 416

thetic data generated from the Nemotron dataset 417

due to the lower performance trend. All models are 418

trained for five epochs, and the checkpoint corre- 419

sponding to the best validation performance is se- 420

lected for final evaluation. For inference, we serve 421

the fine-tuned models using vLLM (Kwon et al., 422

2023), enabling efficient long-context decoding and 423
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Generation Pipeline BFCL Tau2

Multi-turn Telecom

Task-oriented
Qwen3-4B-Thinking-2507 50.9 24.5
Qwen3-30B-Thinking-2507 53.8 26.3

User-oriented
Qwen3-4B-Thinking-2507 51.8 30.7
Qwen3-30B-Thinking-2507 54.5 34.2

User-oriented + Tool Execution
Qwen3-4B-Thinking-2507 52.7 35.1
Qwen3-30B-Thinking-2507 54.9 40.4

Table 3: Ablation study of the generation pipeline.

high-throughput evaluation. Our experiments focus424

on two Qwen-family reasoning models (Yang et al.,425

2025a) with varying scales and generation model426

GPT-OSS-120b (Agarwal et al., 2025). This setup427

allows us to analyze the impact of model capacity428

on multi-turn, tool-augmented agent behavior. We429

detailed the rest of the descriptions in Appendix E.430

Evaluation. To evaluate an agent’s robustness431

to noisy, incremental user requests and its abil-432

ity to sustain coherent multi-turn tool interactions,433

we adopt two complementary agentic benchmarks:434

τ2 (Barres et al., 2025) and the Berkeley Func-435

tion Calling Leaderboard (BFCL) (Patil et al.). We436

detailed the evaluation sets in Appendix F.437

Source Data and Statistics. As summarized438

in Table 1, we construct a high-density tool-439

use dataset by leveraging seed tools from the440

NEMOTRON (Nathawani et al., 2025) post-training441

dataset and structured tasks from the τ2 database442

benchmark. These seeds are expanded via our443

pipeline into diverse, domain-specific toolsets and444

executable database schemas. Unlike task-oriented445

datasets, our generated trajectories frequently con-446

tain multiple task completions within a multi-turn447

conversation. This design reflects realistic user448

sessions and enables more faithful training and449

evaluation of long-horizon agentic behavior.450

5.2 Experimental Results451

Table 2 summarizes the agentic benchmark per-452

formance of models fine-tuned with different data453

generation pipelines. Overall, models trained on454

our user-oriented synthetic data consistently out-455

perform counterparts trained on prior baselines,456

including APIGEN (Prabhakar et al., 2025) and457

NEMOTRON (Nathawani et al., 2025) across both458

BFCL and τ2 benchmarks.459

Pipelines Latency Throughput GPUs

Task-oriented 0.64 8,819 32
User-oriented 4.11 4,079 32

Table 4: Generation efficiency comparison between task-
oriented and user-oriented pipelines.

Across model scales, the gains are most pro- 460

nounced on τ2, which explicitly evaluates robust- 461

ness to incremental user requests and long-horizon 462

interaction. For both Qwen3-4B and Qwen3- 463

30B, fine-tuning with our data (we refer to it as 464

OURS) yields steady improvements over baseline 465

datasets training, indicating that richer, multi-turn 466

supervision improves the model’s ability to track 467

goals, maintain state, and adapt tool-calling strate- 468

gies over extended dialogues. Models trained on 469

NEMOTRON alone exhibit weaker performance on 470

several τ2 domains, suggesting that without us- 471

ing in-domain database is insufficient for capturing 472

realistic user–agent interaction dynamics. 473

In Table 3, we further observe that grounding 474

tool execution in real, executable environments 475

plays a critical role. Compared to purely simulated 476

pipelines, our user-oriented + tool-execution setting 477

produces the strongest overall results, particularly 478

in Telecom domain. The Telecom domain requires 479

persistent state tracking and iterative refinement 480

of user intent, and the improvements suggest that 481

exposure to verifiable database-backed tool outputs 482

encourages more faithful tool selection and error 483

recovery behaviors. Importantly, these gains do not 484

come at the expense of function-calling accuracy: 485

BFCL scores remain stable or improve slightly, in- 486

dicating that increased conversational complexity 487

does not degrade low-level tool invocation fidelity. 488

Taken together, the results demonstrate that user- 489

oriented simulation with execution-grounded super- 490

vision jointly contribute to stronger agentic perfor- 491

mance, especially in benchmarks that emphasize 492

multi-turn coherence and interaction realism. 493

6 Analysis 494

6.1 Generation Efficiency 495

Table 4 compares the inference efficiency of 496

the task-oriented and user-oriented generation 497

pipelines. Experiments were conducted on 498

NVIDIA H100 GPUs using the GPT-OSS-120B 499

model with a tensor parallel size of 2. The de- 500

ployment consists of 4 nodes (32 GPUs in total), 501

hosting 16 parallel model instances. Latency is 502
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Figure 5: Consistency analysis across varying k values. The charts illustrate the Passˆk performance for different
models (GPT-OSS-120b, Qwen3-4b, and Qwen3-30b) across the Retail, Airline, and Telecom domains, showing
how performance scales preserve in overall domains while increased k values.

measured as the average wall-clock time in seconds503

per generated sample, while Throughput denotes504

the number of generated tokens per second aggre-505

gated across all GPUs. The user-oriented pipeline506

exhibits higher latency and lower throughput due507

to longer multi-turn interactions and increased gen-508

eration complexity, reflecting a trade-off between509

interaction realism and generation efficiency.510

6.2 Consistency of Tool Usage511

To assess the consistency of tool usage rather than512

one-off success, following analysis of τ2 (Barres513

et al., 2025), we analyze model performance using514

the Passˆk metric, illustrated in Figure 5. Con-515

cretely, the metric measures how often a model516

can correctly complete the same task when it is517

attempted repeatedly under identical conditions.518

Models trained with our pipeline exhibit consis-519

tently higher Passˆk values across domains, indi-520

cating that correct tool usage is sustained across521

multiple trials. This trend holds across the domains,522

suggesting that the gains are not domain-specific523

artifacts but reflect a general improvement in reli-524

able tool execution. Importantly, the preserve of525

performances across k values is most pronounced526

in domains with higher interaction complexity and527

statefulness, such as Telecom. In these settings, re-528

peated correct execution requires not only accurate529

tool invocation but also robust tracking of interme-530

diate states and user intent across turns. The higher531

Passˆk scores therefore indicate that our training532

data encourages models to internalize stable tool-533

use strategies that generalize across repeated at-534

tempts. Overall, by explicitly evaluating multiple535

trials per task, the Passˆk analysis confirms that our536

approach improves the consistency and robustness537

of tool usage, aligning with the goal of training 538

agents that behave reliably under repeated, real- 539

world usage rather than optimizing for isolated suc- 540

cesses. 541

7 Conclusion and Discussion 542

In this work, we present a scalable, user-oriented 543

simulation framework for multi-turn dialogue gen- 544

eration. By architecturing our pipeline as a plug- 545

and-play module, we overcome the rigidity of previ- 546

ous static approaches and enable the generation of 547

high-fidelity and high-density trajectories. This en- 548

sures the production of verifiable interactions that 549

reflect the multifaceted and iterative nature of real- 550

istic user-agent communication. Across our experi- 551

ments, the results suggest that a user-oriented gen- 552

eration pipeline with tool execution plays a central 553

role in improving long-horizon agent performance, 554

as evidenced by substantial gains on τ2 and its Tele- 555

com domain. The transition from simulated tools 556

to executable tools further highlights an important 557

discussion point: execution-grounded supervision 558

appears to encourage faithful tool selection, state 559

tracking, and recovery behavior, particularly in en- 560

vironments where actions modify persistent state. 561

However, this increased realism introduces 562

new challenges, including higher generation cost, 563

tighter coupling between environment consistency 564

and data quality, and increased brittleness under 565

partial database visibility. The SQL-based exe- 566

cutable pipeline represents a promising direction to- 567

ward scalability, demonstrating that realistic, state- 568

ful tool use can be extended beyond handcrafted 569

benchmarks, although its impact on cross-domain 570

generalization remains an open question. 571
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Limitations572

While our user-oriented pipeline produces high-573

fidelity trajectories, it introduces higher compu-574

tational costs and latency compared to the task-575

oriented pipeline (see Section 6.1), as it requires576

multiple rounds of interaction between the simu-577

lator and the environment. Unlike a task-oriented578

pipeline that often falls into an ‘efficiency trap’579

by completing objectives in a single turn, a user-580

oriented pipeline requires multiple rounds of iter-581

ative reasoning and interaction between the user582

simulator, the agent, and the execution environ-583

ment. This multi-turn exchange, while necessary584

for capturing the incremental nature of human col-585

laboration, results in a higher cumulative token586

consumption and extended processing time per suc-587

cessful data sample. Consequently, scaling this588

pipeline to millions of trajectories poses a practical589

challenge in terms of the total GPU hours and API590

costs required compared to more direct, single-shot591

data synthesis methods.592

The transition to execution-grounded data gen-593

eration introduces a tighter coupling between the594

consistency of the simulation environment and595

the overall quality of the resulting dataset. Our596

SQL-backed tool-execution pipeline relies on a597

precise alignment between synthesized database598

schemas and the agent’s tool-calling logic; any599

discrepancy in state tracking across long-horizon600

interactions can lead to error propagation. Further-601

more, the model exhibits a certain degree of brit-602

tleness when presented with partial or ambiguous603

database views, occasionally struggling to maintain604

factual accuracy when the required information is605

not explicitly provided in the initial context. These606

challenges underscore the need for more robust607

state-recovery mechanisms and sophisticated error-608

handling strategies within the simulation loop to609

ensure long-term trajectory coherence.610
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A Prompt of User-oriented Multi-turn 841

Conversation 842

We wrote the overall prompt of our generation 843

pipeline in the end of the manuscript. 844

B Step, Turn, and Task definition of 845

Generated dataset 846

In this section, we provide the formal definitions 847

(used in Table 1) and statistical breakdowns of the 848

generated trajectories in our dataset. To ensure 849

high-fidelity simulation of human-agent collabora- 850

tion, we categorize the complexity of our data using 851

three primary metrics: Turns, Steps, and Tasks. 852

• Turn: A total number of discrete exchanges 853

within a single session. This includes all User 854

utterances, Assistant responses, and Tool invo- 855

cations/outputs. A higher turn count typically 856

indicates a more conversational and interac- 857

tive session rather than a simple "one-shot" 858

query. 859

• Step: We defined it as the number of sequen- 860

tial tool-use iterations required to satisfy a 861

single user request. For instance, if a user 862

asks for a flight recommendation, the agent 863

might. 864

• Task: The number of high-level objectives as- 865

signed to the agent within a single session. 866

It represents a complete functional goal (e.g., 867

"Schedule a meeting" or "Analyze a finan- 868

cial report"). Multi-task trajectories test the 869

agent’s ability to maintain context across shift- 870

ing goals. 871

C Domain Visualization of SQL-based 872

Tool-execution Data 873

To overcome the limitations of static toolsets and 874

the hallucination risks inherent in model-based sim- 875

ulations, our framework synthesizes executable 876

tool interfaces grounded in real-world relational 877

databases. By leveraging diverse schemata from 878

open-source datasets like Spider, our pipeline au- 879

tomatically generates domain-specific functions 880

mapped to complex SQL queries. 881

Our approach allows the agent to interact with 882

a functional database engine in real-time during 883

the dialogue generation process, ensuring that the 884

tool outputs used for training are computationally 885

verified and factually accurate. As a result, the 886

generated data spans a remarkably wide array of 887
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Figure 6: Domain Visualization of SQL-based User-
Oriented Tool Execution Data. A word cloud visualizing
the diverse, real-world domains synthesized through our
SQL-backed executable pipeline.

practical domains, as visualized in the word cloud888

in Figure 6. These domains include: public and so-889

cial systems, infrastructure and logistics, business890

and professional services, technical and specialized891

fields, and media and community.892

By grounding the conversation in these diverse893

and executable environments, the pipeline natu-894

rally produces high-fidelity, multi-turn trajectories895

where state changes introduced by tool use (e.g.,896

updating a record or querying a trend) persist across897

turns. This ensures that the agent learns to main-898

tain coherence and adapt tool-calling strategies in899

multifaceted, real-world scenarios.900

D Qualitative Examples of Generated901

SQL Tool-use Data902

We provide representative qualitative examples of903

the synthetic multi-turn dialogues generated by our904

pipeline, specifically focusing on tasks requiring905

SQL-based tool interaction. The objective is to906

demonstrate the model’s ability to interpret user in-907

tent, handle complex database schemas, and main-908

tain conversational context over multiple turns. The909

example below illustrates a scenario where a user910

seeks specific information from a financial or sales911

database. The generated SQL queries follow valid912

syntax (e.g., CASE, INSERT, and UPDATE) and913

utilize appropriate clauses (e.g., GROUP_BY, OR-914

DER_BY, and LIMIT). These qualitative samples915

confirm that our automated generation framework916

successfully produces diverse, high-fidelity data917

that mimics complex human-agent collaboration in918

data-intensive domains.919

E Training & Inference Details 920

We perform full fine-tuning of reasoning models 921

using DeepSpeed ZeRO-3 (Rasley et al., 2020) and 922

FlashAttention-2 (Dao, 2023) under bfloat16 pre- 923

cision, with the AdamW optimizer (Loshchilov 924

and Hutter, 2017). Based on preliminary experi- 925

ments, we observed that higher learning rates often 926

led to training instability, while shorter maximum 927

sequence lengths caused frequent timeout errors 928

during long-horizon agent evaluation. To balance 929

stability and long-context reasoning capability, we 930

adopt a learning rate between 1e-6 and set the max- 931

imum sequence length to 32k tokens. 932

F Evaluation Details 933

The τ2 benchmark spans five realistic domains, 934

including Airline, Retail, and Telecom. It is specif- 935

ically designed to evaluate agent–user interaction 936

under a dual-control setting. Due to the high cost 937

of API-based evaluation, we report Pass@1 re- 938

sults. We exclude the Mock domain, as we ob- 939

served unstable and non-deterministic outcomes 940

that confound reliable comparison. BFCL eval- 941

uates function-calling performance across 5,088 942

samples with diverse tool schemas and interaction 943

patterns. We focus on the Multi-turn (800 samples) 944

and Agentic (665 samples) subsets. These subsets 945

directly measure conversational context retention, 946

long-term memory, and iterative tool use. In ad- 947

dition, we report performance on Real-world Live 948

and Non-live calls. Web search tasks are excluded 949

due to external search API constraints. 950

G Scientific Artifacts Usage 951

To enhance linguistic quality and technical clarity, 952

generative AI tools, including Gemini and Chat- 953

GPT, were used during the preparation of this 954

manuscript. Their use was limited to grammati- 955

cal revision, improving prose fluency, and refining 956

the presentation of technical descriptions. All sci- 957

entific concepts, methodological designs, experi- 958

mental results, and interpretations are entirely the 959

original work of the authors. The authors carefully 960

reviewed and revised the final manuscript to ensure 961

its accuracy, integrity, and full compliance with 962

academic and ethical standards. 963
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Generated SQL Examples from Database

[
{

"name": "get_club_by_id",
"description": "Retrieve details of a club given its Club_ID.",
"sql": "SELECT Club_ID, Name, Manager, Captain, Manufacturer, Sponsor FROM club

WHERE Club_ID = :club_id"
},
{

"name": "search_clubs_by_name",
"description": "Find clubs whose names match a pattern. Use % as a wildcard.",
"sql": "SELECT Club_ID, Name, Manager, Captain, Manufacturer, Sponsor FROM club WHERE

Name LIKE :name_pattern"
}

},
{

"name": "get_top_players_by_earnings",
"description": "Get the top N players ordered by total earnings (descending).",
"sql": "SELECT Player_ID, Name, Country, Earnings, Events_number, Wins_count, Club_ID

FROM player ORDER BY Earnings DESC LIMIT :limit"
},
{

"name": "get_club_players_summary",
"description": "Provide aggregated statistics for players of a specific club, including

count, total earnings, total wins, and average earnings.",
"sql": "SELECT p.Club_ID, c.Name AS Club_Name, COUNT(p.Player_ID) AS Player_Count,

SUM(p.Earnings) AS Total_Earnings, SUM(p.Wins_count) AS Total_Wins,
AVG(p.Earnings) AS Avg_Earnings FROM player p JOIN club c ON p.Club_ID = c.Club_ID
WHERE p.Club_ID = :club_id GROUP BY p.Club_ID, c.Name"

},
{

"name": "get_player_stats_summary",
"description": "Return a player's basic stats along with win ratio (wins divided by events).",
"sql": "SELECT Player_ID, Name, Country, Earnings, Events_number, Wins_count,

(CASE WHEN Events_number > 0 THEN CAST(Wins_count AS REAL) / Events_number
ELSE NULL END) AS Win_Ratio FROM player WHERE Player_ID = :player_id"

},
{

"name": "add_new_club",
"description": "Insert a new club record into the database.",
"sql": "INSERT INTO club (Club_ID, Name, Manager, Captain, Manufacturer, Sponsor) VALUES

(:club_id, :name, :manager, :captain, :manufacturer, :sponsor)"
},
{

"name": "update_player_earnings",
"description": "Update the earnings of a specific player.",
"sql": "UPDATE player SET Earnings = :earnings WHERE Player_ID = :player_id"

},
{

"name": "delete_player",
"description": "Remove a player record from the database.",
"sql": "DELETE FROM player WHERE Player_ID = :player_id"

}
]

964
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Question Generation

You are an expert at generating realistic questions and tasks for LLM training dataset generation.
Your task is to create diverse, domain-specific questions that would naturally require the use of
tools in a given domain, using provided tool examples as inspiration for the types of capabilities
possible.

Core Objective

Generate questions and tasks that:
1. Inspire tool creation - Use domain tool examples as seeds to understand what types of tools are
possible
2. Cover domain breadth - Create questions that span the full spectrum of a domain’s capabilities
3. Vary complexity - Include simple queries, complex multi-step tasks, and edge cases
4. Ensure realism - Questions should sound like real user needs and use cases
5. Promote creativity - Inspire new tool ideas beyond the exact examples provided

Domain Analysis Framework

When analyzing a domain, consider these aspects:

1. Core Domain Functions
- What are the fundamental operations in this domain? - What data do users typically need to
access or manipulate? - What calculations, lookups, or transformations are common?

2. User Personas & Use Cases
- Who are the typical users in this domain? - What are their common goals and pain points? - What
workflows do they follow?

3. Data Types & Sources
- What types of data are relevant to this domain? - Where does this data typically come from? -
How is it structured and accessed?

4. Integration Points
- How does this domain connect with other domains? - What external services or APIs are
commonly used? - What are the data flow patterns?

Question Generation Guidelines

Question Characteristics
Realism & Context
- Include specific, realistic details (dates, locations, quantities, names) - Use domain-appropriate
terminology and jargon - Reference real-world scenarios and use cases - Include business context
and constraints

Variety & Complexity
- Mix simple one-step tasks with complex multi-step workflows - Vary question length from concise
to detailed - Include both beginner and expert-level queries - Cover edge cases and error scenarios

Domain Coverage
- Span the full breadth of the domain - Include both common and specialized use cases - Cover
different user types and perspectives - Include both current needs and future possibilities
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Output Format

Generate questions in this JSON structure:
“‘json [ "The natural question or task description", ... ] “‘

Quality Standards

1. **Domain Authenticity**: Questions should reflect real user needs in the domain 2. **Tool
Inspiration**: Use provided examples to inspire new tool ideas and capabilities 3. **Realistic
Details**: Include specific, believable parameters and context 4. **Varied Complexity**: Mix
simple queries with complex, multi-step tasks 5. **User Diversity**: Represent different user
types and skill levels 6. **Completeness**: Questions should be self-contained and actionable 7.
**Innovation**: Inspire creative tool ideas beyond the exact examples provided

Instructions

Given a domain and a list of example tools from that domain, generate 20-30 diverse questions that:
- Cover the full spectrum of the domain’s capabilities - Use the example tools as inspiration for
what’s possible - Include realistic, specific details and context - Vary in complexity from simple to
complex - Represent different user personas and use cases - Inspire new tool ideas and capabilities
Focus on creating questions that would be valuable for training language models to understand
domain-specific needs and generate appropriate tool usage patterns.
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Tool Generation

You are an expert tool specification generator. Your task is to analyze a given question and generate
a comprehensive tool-spec that defines the exact tools, APIs, and parameters required to solve the
question programmatically.

Input

You will receive a question that describes a specific information need or task to be accomplished.

Output Format

You must generate a JSON array containing tool specifications. Each tool specification should
follow this exact structure:

[
{

"type": "function",
"function": {

"name": "string",
"description": "string",
"parameters": {
"type": "object",
"properties": {

"parameter_name": {
"type": "string",
"description": "string"

}
},
"required": ["parameter_name"]

}
}

}
]

Field Definitions

Required Fields
- type: Always set to "function" for function-calling tools
- function.name: The specific function name that will be called (e.g., "search_transfermarkt",
"get_player_details")
- function.description: Clear description of what this function does and how it works
- function.parameters.properties: Object containing all available parameters with their types and
descriptions
- function.parameters.required: Array of parameter names that MUST be provided for the
function to work

Parameter Structure
Each parameter in the properties object must include:
- type: Data type (string, integer, boolean, etc.)
- description: What this parameter controls or represents
- enum: (OPTIONAL) Only include this field when the parameter has a limited set of allowed
values. Do NOT include enum for free-form text or open-ended parameters.

Function Design Guidelines
- Use descriptive function names that clearly indicate their purpose
- Write clear descriptions that explain what the function does and when to use it
- Group related parameters logically in the properties object
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- Mark only essential parameters as required
- Use appropriate data types (string, integer, boolean, array, object)
- IMPORTANT: Only use ‘enum‘ when parameters have a specific, limited set of valid values
(e.g., status options, predefined categories). For open-ended parameters like names, descriptions,
or search terms, do NOT include enum.

Generation Guidelines

1. Analyze the question thoroughly to identify all information needs
2. Break down complex queries into logical tool calls that can be chained
3. Consider data dependencies - some tools may need outputs from previous calls
4. Provide realistic parameter defaults that would work for the given scenario
5. Ensure tool chaining - later tools should use data from earlier tools
6. Be specific about data types and expected response structures
7. Include all necessary tools to fully answer the question

Example Analysis

For the question about Lionel Messi’s career:
- First function: ‘search_transfermarkt‘ to find Messi and get basic identifiers
- Second function: ‘get_player_details‘ using the slug from the first function to get comprehensive
information
- This creates a logical flow where data from one function feeds into the next

Example Output
Here’s how the Messi question would be structured in the new format:

[
{

"type": "function",
"function": {

"name": "search_transfermarkt",
"description": "Search Transfermarkt database by name to find players, clubs, managers,
and referees",
"parameters": {
"type": "object",
"properties": {

"name": {
"type": "string",
"description": "Name to search for (e.g., 'messi')"

}
},
"required": ["name"]

}
}

},
{

"type": "function",
"function": {

"name": "get_player_details",
"description": "Get detailed information about a player using their slug from search
results",
"parameters": {
"type": "object",
"properties": {

"slug": {
"type": "string",
"description": "Player slug identifier from search results"

}
},
"required": ["slug"]

}
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}
}

]

Output Requirements

- Generate valid JSON that can be parsed directly
- Include all functions necessary to solve the complete question
- Ensure parameter names and types match the actual function specifications
- Use appropriate data types and constraints
- Make the function chain logical and executable
- CRITICAL: Only include ‘enum‘ fields when parameters have a predefined set of valid values.
For most parameters (names, search terms, descriptions), omit the enum field entirely.

Remember

- Focus on functions that can actually provide the requested information
- Consider the order of function execution and data flow
- Be precise about what each function does and what it returns
- Ensure the complete question can be answered with the generated function-spec

969

18



Tool Expansion

You are an expert tool designer. Your task is to expand an existing toolset by proposing new,
complementary tools in the same domain.

Task Overview

Your goal is to enhance the current toolset by identifying missing capabilities and proposing
high-value, non-trivial tools.
Steps:
1. Analyze the existing tools to understand their purpose, domain, and structure.
2. Identify gaps — missing functions, weak coverage, or opportunities to improve workflows. 3.
Propose up to 10 high-value tools that naturally extend the ecosystem. Only include tools that
add clear, non-trivial functionality. 4. Ensure all new tools follow established naming, parameter,
and structural conventions. 5. Return only the JSON array of new tools. If no valuable tools can be
proposed, return an empty list.
Quality > quantity — better to propose fewer valuable tools than many trivial ones.

Analysis Framework

When examining the current toolset, focus on:
- Domain — What field or use case do these tools support?
- Entities — What objects or identifiers are they built around?
- Relationships — How do entities interact or connect?
- Workflows — What user journeys or operations are enabled?
- Gaps — What capabilities are clearly missing or incomplete?

Tool Design Principles

All new tools must:
- Be Consistent — Match naming, parameter style, and data structures
- Extend Logically — Fill real functional gaps or enhance existing flows
- Leverage Existing Context — Use the same entities, identifiers, and domain patterns
- Add Real Value — Enable meaningful new use cases or save user effort

Usefulness & Non-Triviality

Do not propose: - Simple math or array helpers (min, max, average, sort)
- Basic formatters (string/date/number)
- Redundant wrappers around existing tools
- Functions that can be written in a couple of lines without domain logic
Prefer tools that: - Use external data, domain logic, or multiple entities
- Add genuinely new capabilities
- Reduce complexity for real user workflows
Rule of thumb:
- If it’s trivial or just a parameter tweak — don’t make it a tool.
- If it requires domain knowledge or enables new workflows — it’s a good candidate.

Output Format

Return only the new tools in the following format:

[
{

"type": "function",
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"function": {
"name": "new_tool_name",
"description": "What this tool does and when to use it",
"parameters": {

"type": "object",
"properties": {

"param_name": {
"type": "string|integer|boolean|array|object",
"description": "Clear parameter description with constraints or defaults"

}
},
"required": ["param_name"]

}
}

}
]

Naming & Parameter Conventions

- Names: get_, search_, create_, update_, delete_ (snake_case, descriptive)
- Required only when essential; provide sensible defaults otherwise
- Keep types consistent across tools
- Use clear, detailed parameter descriptions
- Add limits for list parameters when appropriate
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Tool Output Format Prediction

You are an expert Tool Output Format Predictor and API Data Model Specialist. Your task is to
analyze a single tool specification provided in the USER prompt and accurately predict the JSON
data structure it will return upon successful execution.

Task Overview

Given a tool/function specification in JSON, you must:
1. Analyze the tool’s name and description to determine its purpose (e.g., fetching one item, a list,
or confirming an action).
2. Determine the logical data structure that would be returned.
3. Generate a JSON Schema object that defines the expected structure of the tool’s output.
The output format must be a JSON Schema object that describes the return value of the function,
*not* its input parameters.

Input Format

You will receive a single tool specification in JSON format like this:

{
"type": "function",
"function": {

"name": "tool_name",
"description": "Tool description, e.g., 'Retrieves a user's profile by ID.'",
"parameters": {

"type": "object",
"properties": {
"param_name": {

"type": "string",
"description": "Parameter description"

}
},
"required": ["param_name"]

}
}

}

Output Generation Guidelines

Your output must be a single JSON object that follows the JSON Schema format, describing the
data returned by the tool.

Schema Structure
The generated JSON object must define the structure of the *return value*.

{
"type": "object" | "array", // Must be 'object' for single records/results, or 'array' for
// search/list results.
"description": "A brief description of the data returned by the tool.",
"properties": { // Required if "type" is "object"

"field_name_1": {
"type": "string|integer|boolean|array|object",
"description": "Description of this output field."

},
"field_name_2": {

"type": "...",
"description": "..."

}
}
// If "type" is "array", use "items" instead of "properties" to describe the structure of
// elements in the array.
// "items": { ... nested schema for array elements ... }

}
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Key Considerations
1. Top-Level Type: Use **‘array‘** for search/list results, and **‘object‘** for single records or
structured results.
2. Field Types: Use precise types (‘string‘, ‘integer‘, ‘boolean‘, etc.).
3. Consistency: *Always* check the existing conversation history and the current tool’s input
parameters to ensure data type consistency for shared fields.
4. Field Naming: Use descriptive, snake_case names for output fields (e.g., ‘user_id‘, ‘is_active‘,
‘results‘).
5. Be Comprehensive: Include all necessary fields that a user would expect from the tool’s
operation.

Data Consistency Mandate
1. Tool-to-Tool Consistency: * If a field (e.g., ‘article_id‘) was previously defined as an **integer**
in the output of Tool 1, it must also be an **integer** in the output of Tool 2. * If a field was
defined as an **input parameter** (e.g., ‘user_slug‘: string) for a previous tool, it must use the
same type when it appears in the **output** of the current tool.
2. Input-to-Output Consistency: * If the any tool’s **input parameters** include a core entity
(e.g., ‘user_id‘: integer), and the tool’s output naturally includes that entity (e.g., retrieving a
profile by ID), the output field must use the identical type (‘user_id‘: **integer**) as the input
parameter.
3. New Entities: If the current tool introduces a new entity (e.g., ‘transaction_id‘), the type you
assign becomes the canonical type for that entity for all subsequent tools and input parameters in
the conversation.
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User Simulation

You are a User Simulator that models a realistic human interacting with an assistant to accomplish
a specific task.
Goal - Simulate how a real user would behave when trying to solve a goal using the assistant.
—

Behavior Rules

1. Initial Understanding
- Read the task carefully and identify its goal.
- If this is the first user turn, start by asking for help naturally.
- If the task has multiple subtasks or tools, identify them implicitly but begin with the first or most
essential one.
- Handle subtasks step by step; combine requests only when naturally phrased (e.g., “Please
summarize A and B.”).
2. Interaction Loop
- Review prior assistant messages to see which subtasks are done or pending.
- If incomplete, ask natural follow-up questions or provide missing context.
- When multiple subtasks remain, handle one or two per turn for realistic flow.
- If unsure whether the goal is met, ask for confirmation instead of ending abruptly.
3. Task Completion
- End the task only when all subtasks are complete and the goal is achieved.
- Acknowledge completion briefly (e.g., “That solves it, thanks!”) and mark ‘is_task_complete‘ as
complete.
4. Style and Personality
- Write like a natural human — concise, polite, and cooperative.
- Use friendly expressions (“please,” “thanks”) but avoid formal or meta language.
- Avoid system-level or meta comments (do not mention “dataset,” “assistant,” or “task definition”
directly).
—

Output Format

Generate only one new user message per call.
Return the following JSON object:

{
"user_message": "The next user message in the conversation.",
"is_task_complete": true | false

}

where:
- "is_task_complete": true → The user considers the goal achieved and will not continue.
- "is_task_complete": false → The user still needs more clarification or information that the
assistant should answer.
Do not include assistant messages or meta explanations. Each message should sound like it came
from the same user continuing the conversation.
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Validation

You evaluate model answers against a rubric-based task and decide valid or invalid.

Policy

- Prioritize the task’s semantic requirements; use the rubric as guidance, not law.
- Alternative tools are OK if equivalent and not disallowed by the task.
- Do not require re-running a tool if the needed info already exists, unless the task explicitly asks.
- Accept different tool sequences if logically equivalent and requirements are met.
- Ignore formatting/style constraints unless the task explicitly asks.
- No hallucination: claims must be grounded in tool outputs or prior context.

Rubric Verification (pre-step)

- Map each rubric bullet to one category: Critical / Structural / NonCritical / InvalidRubric.
- Critical — semantic requirements stated in the task → enforce
- Structural — tool order/dependencies/placeholders → use as guidance (allow equivalents)
- NonCritical — formatting/style/JSON/decimals not requested → ignore
- InvalidRubric — adds new or contradictory semantic goals/fields, or unverifiable requirements →
ignore (note in reasoning)

Critical checks (must pass)

- Required content/fields/units/ranges from the task are present and correct.
- Mandated tool(s) and any explicit re-run requirements are respected.
- Parameters and values are appropriate and consistent with task/context.
- Reasoning/tool-use flow is defensible and grounded.
- All subparts of the task are addressed.

NonCritical (do not block validity)

- Formatting/style/presentation differences not requested by the task.
- Order of steps if outcome is equivalent.
- Harmless extra context or minor phrasing differences.
- Reasonable retries for transient tool errors if a later call succeeds.
- Minor rounding/precision differences that don’t change conclusions.

Error-aware handling

- If a structured tool error occurs:
- Valid if the correct tool was invoked with required args, the error is surfaced accurately, no
hallucination occurs, and a reasonable next step is suggested.
- Invalid if the error is ignored, outputs are hallucinated, or a required tool is not called.
- When tool errors prevent data return, skip data-format success checks; judge on correct invocation
+ proper error handling.

Decision rule

- If any Critical check fails → "invalid".
- Structural differences are acceptable if the task is satisfied.
- NonCritical and InvalidRubric items never block validity.
- Otherwise → "valid".
Output format (return one JSON object)
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{
"judgment": "valid" | "invalid",
"reasoning": "Explain briefly how the answer aligns or fails with task + rubric intent",

}
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