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Abstract001

Recent tool-augmented and -generated meth-002
ods exhibit a heavy reliance on dominant-usage003
tools. This results in a severe long-tail im-004
balance, where a small fraction of frequently005
used APIs overshadows a vast number of rarely006
used ones. This imbalance critically limits a007
model’s ability to generalize beyond memo-008
rized, high-frequency tool calls and severely009
hampers compositional reasoning across tools.010
To address this fundamental challenge, we in-011
troduce reverse walk, a novel data synthesis012
framework designed to democratize tool learn-013
ing. We first construct an API dependency014
graph that captures the semantic relationships015
between tools based on their task descriptions.016
Departing from conventional forward genera-017
tion, we perform a reverse random walk start-018
ing specifically from tail nodes (low-frequency019
tools) to generate multi-hop tool trajectories020
that naturally incorporate rare but meaningful021
tool combinations. This strategy compels mod-022
els to learn the underlying semantic and log-023
ical dependencies rather than merely overfit-024
ting to frequency-based co-occurrence patterns.025
Our experimental results on challenging agen-026
tic benchmarks like τ2 and BFCL demonstrate027
that training on our generated data significantly028
improves both rare tool generalization and com-029
positional reasoning effectiveness without de-030
grading performance on frequent tools. Our031
findings highlight the critical importance of032
long-tail-aware data design for building robust033
and generalizable tool-using language models.034

1 Introduction035

The explosive development of large reasoning mod-036

els (LRMs) has led to burgeoning agentic ca-037

pabilities, spurring sophisticated methodologies038

for generating, training, and evaluating various039

agentic abilities, including decision making, plan-040

ning, memory/context handling, and tool selec-041

tion (Wang et al., 2023; Wu et al., 2024; Mialon042

et al., 2023a; Liu et al., 2023; Wang et al., 2024;043

Figure 1: Random walk generation from head nodes
rarely reaches tail tools, even when the max steps are in-
creased from 3 to 15. By initiating random walks from
tail nodes, meaningful trajectories for low-frequency
tools are formed, which support multi-turn conversa-
tions and enhance the model’s generalization capability.

Xi et al., 2025a). Consequently, the field is under- 044

going a paradigm shift towards frameworks that 045

not only enhance a model’s reasoning power but 046

also systematically evaluate its performance within 047

complex, interactive environments (Jimenez et al., 048

2023; Yao et al., 2024; Xi et al., 2025b; Barres 049

et al., 2025; Lu et al., 2025). 050

However, despite the rapid advancements in 051

agentic frameworks, a critical bottleneck remains 052

in the way models learn and utilize tools. A 053

closer examination of current tool-augmented and 054

-generated methods reveals a significant imbalance 055

in tool utilization, often adhering to a severe long- 056

tail distribution. Existing approaches tend to rely 057

heavily on dominant-usage tools, where a small 058

fraction of frequently used APIs (e.g., weather, 059

search, calculator) overshadows a vast number of 060

rarely used but semantically important ones (Qin 061

et al., 2023; Patil et al., 2024). This imbalance 062

limits a model’s ability to generalize beyond mem- 063

orized, high-frequency tool calls and severely ham- 064

pers reasoning when faced with novel or special- 065

ized tasks. As models become more capable, the 066
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Related
Works Scalability Real

APIs
Real
Conversations

Multi-step
Reasoning

Argument
Generation Tool choice Planning Decision

Making
Long-tail
Handling

ToolLLM (Qin et al., 2023) ✓ ✓ △ ✓ ✓ ✓ ✓ △ ✗

StableToolBench (Guo et al., 2024) ✓ ✗ △ ✓ ✓ ✓ ✓ ✗ ✗

Kimi-K2 (Team et al., 2025a) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✗ ✗

τ2-Bench (Barres et al., 2025) △ ✗ △ ✓ ✓ ✓ ✓ ✓ ✗

LongCat-Flash (Team et al., 2025b) ✓ ✓ △ ✓ ✓ ✓ ✗ ✗ ✗

AgentGym-RL (Xi et al., 2025b) ✓ ✗ △ ✓ ✓ ✓ △ △ △
SFR-DeepResearch (Nguyen et al., 2025) ✓ ✗ △ ✓ ✓ ✓ △ △ ✗

TGAI (Fang et al., 2025) ✓ ✗ ✓ ✓ ✓ ✓ △ △ ✗

ACEBench (Chen et al., 2025a) △ ✗ △ ✓ ✓ ✓ △ △ △
AgentFlow (Li et al., 2025) ✓ △ △ ✓ ✓ ✓ ✓ ✓ △

Table 1: Comparison of agentic frameworks and their handling of long-tail tool usage. This table highlights that
most existing tool call data generation methods, while strong in scalability and multi-step reasoning, predominantly
fail to address the critical challenge of long-tail tool usage. Our work provides a clear data construction pipeline to
overcome this limitation and ensure generalization on rare tool uses.

ability to handle this "tail" of the distribution be-067

comes a defining factor for true open-world gener-068

alization.069

The root cause of this persistent limitation in tool070

generalization capability is directly attributable to071

the prevailing data generation paradigms currently072

in use (Team et al., 2025a; Prabhakar et al., 2025).073

As illustrated in Figure 1, standard data synthesis074

strategies—which typically rely on simulating ran-075

dom walks initiated from head nodes (frequently076

used tools)—prove fundamentally ineffective at077

thoroughly exploring the entire tool action space.078

Even when the maximum number of steps is in-079

creased (e.g., from 3 steps to 15 steps), these con-080

ventional forward-generation methods only rarely081

manage to reach the low-frequency tail nodes. The082

result of this process is a synthesized dataset that083

is overwhelmingly dominated by repetitive, high-084

frequency usage patterns. Consequently, models085

trained on such data exhibit a "rich-get-richer" bias,086

failing to form meaningful trajectories1 for low-087

frequency tools. This key observation necessitates088

a paradigm shift in how we construct tool-use tra-089

jectories, ensuring that the learning model is sys-090

tematically exposed to a diverse array of rare and091

specialized tool combinations.092

To address these limitations and bridge the gap093

between head and tail tool usage, we propose a094

novel data synthesis framework designed for gen-095

eralizable tool learning. We first construct an API096

dependency graph that captures the semantic rela-097

tionships between tools based on their formal task098

descriptions. Departing from conventional forward099

generation methods, we introduce a reverse ran-100

dom walk strategy starting specifically from tail101

1We define the trajectory as a sequence of API calls,
which are related (or correlated) with tool arguments for solv-
ing tasks

nodes. As visualized in the trajectories in Figure 1, 102

this approach effectively generates multi-hop tool 103

chains that naturally incorporate rare but meaning- 104

ful tool combinations. By effectively forcing the 105

model to navigate the graph in reverse—from the 106

rare tail tool to the more common head tools—we 107

compel it to learn the underlying semantic relation- 108

ships and logical dependencies rather than merely 109

developing an overfitting tendency toward simple 110

frequency-based co-occurrence patterns. 111

Our experimental results on the τ2 (Barres et al., 112

2025) and BFCL (Patil et al.) agentic benchmarks 113

demonstrate that training on our generated data 114

significantly improves both rare tool generaliza- 115

tion (low-frequency tools) and reasoning effective- 116

ness without degrading performance on frequent 117

tools (high-frequency tools), highlighting the im- 118

portance of long-tail-aware data design for build- 119

ing robust agentic models. In addition, by training 120

on low-frequency tools, we could achieve better 121

tool efficiency by following the usage of tools in a 122

multi-step and multi-turn inference stage. We will 123

provide the data and code after the review. 124

2 Related Works 125

2.1 Reasoning Models with Tool-Use 126

LRMs has spurred the creation of a wide range of 127

benchmarks aimed at assessing autonomous agents 128

operating in tool-mediated settings (Guo et al., 129

2025; Yang et al., 2025a; Team et al., 2025a,c; Zeng 130

et al., 2025). Initial efforts largely emphasized 131

single-step tool usage, such as one-shot function 132

calling or selecting predefined APIs in narrowly 133

scoped environments (Mialon et al., 2023b; Qin 134

et al., 2023; Lee et al., 2025). As research attention 135

shifted toward more realistic, multi-step decision- 136

making, subsequent benchmarks—including Sta- 137

2



bleToolBench (Guo et al., 2024), BFCL (Patil et al.,138

2024), and the τ benchmarks (Yao et al., 2024;139

Barres et al., 2025)—were introduced to evaluate140

agents’ ability to reason over and interact with141

large, heterogeneous tool ecosystems (Liu et al.,142

2025; Xu et al., 2025; Xi et al., 2025b).143

2.2 Tool Invocation and Agent Strategies144

Alongside progress in benchmarking, the design of145

tool-using agents has evolved from simple function146

invocation toward more autonomous and flexible147

orchestration strategies. Early approaches allowed148

LLMs to interpret tool specifications and issue149

calls, but they relied on fixed, predefined tool sets,150

which limited their effectiveness in open-ended en-151

vironments (Schick et al., 2023; Hao et al., 2023).152

Subsequent work has explored ways to dynamically153

expand an agent’s tool repertoire, including the154

on-demand synthesis of reusable tools (Cai et al.,155

2023) and the reuse of existing software artifacts156

through frameworks such as ToolMaker (Wölflein157

et al., 2025). In parallel, researchers have pro-158

posed complementary training paradigms to en-159

hance agentic capabilities, such as critique-guided160

planning (Chen et al., 2025b), selective supervi-161

sion of reasoning processes (Yang et al., 2025b),162

and methods that decouple internal reasoning from163

output formatting (Chen et al., 2024).164

2.3 Agentic Benchmarks & Data Generation165

We further highlighted the deficiency when com-166

paring existing works, as summarized in Table 1.167

While contemporary frameworks such as Tool-168

LLM (Qin et al., 2023), StableToolBench (Guo169

et al., 2024), and Kimi-K2 (Team et al., 2025a)170

demonstrate robust capabilities in scalability, multi-171

step reasoning, and argument generation, they172

largely overlook the critical challenge of long-tail173

handling. Most existing benchmarks, including τ -174

bench (Yao et al., 2024), τ2-Bench (Barres et al.,175

2025), and ACEBench (Chen et al., 2025a), and176

methods like SFR-DeepResearch (Nguyen et al.,177

2025), focus on optimizing performance for head178

tools or specific domains, often neglecting the gen-179

eralization capability required for handling the long180

tail. Furthermore, many approaches struggle to sim-181

ulate real conversations effectively, often resorting182

to static tool chains that lack the dynamic, multi-183

turn nature of realistic human-agent interaction. As184

shown in the Table 1, there is a clear absence of a185

framework that simultaneously addresses the effec-186

tive handling of long-tail tool usage. In our work,187

we provide a data construction pipeline to handle 188

long-tail tool usage and achieve generalization on 189

those tool uses with effective performance. 190

3 Preliminary Experiments 191

Before generating long-tail, multi-turn conversa- 192

tion data, we conducted a rigorous foundational 193

analysis of the agentic capabilities and structural 194

properties inherent in the BFCL (Patil et al.) and 195

τ2 (Barres et al., 2025) benchmarks. This pre- 196

liminary investigation was essential to ensure that 197

our synthesized trajectories would not only address 198

tool frequency but also align with the complex rea- 199

soning demands of high-performance agentic envi- 200

ronments. We define the six agentic abilities and 201

eight properties based on the analysis of the agen- 202

tic datasets (Zhang et al., 2025; Prabhakar et al., 203

2025) and evaluation benchmarks (Patil et al.; Bar- 204

res et al., 2025). Six agentic abilities are as fol- 205

lows: decision making, planning, tool choice, argu- 206

ment generation, result analysis, and error handling. 207

We detailed the eight properties observation in Ap- 208

pendix A. Our findings indicated that for a training 209

dataset to be truly effective, it must go beyond static 210

tool chains and incorporate multi-turn aware logic 211

that integrate these complex abilities and properties 212

alogside rare tail-tool usage.

Figure 2: Agentic abilities of two benchmarks.

213

4 Reverse Walk: Long-Tail-Aware 214

Sampling 215

The core challenge revealed in Figure 1 is that 216

standard random-walk-based data generation over- 217

whelmingly favors high-frequency tools (Team 218
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et al., 2025a; Prabhakar et al., 2025). Even when219

walk lengths increase, forward exploration from220

head nodes rarely reaches tail nodes, leaving rare221

yet semantically important tools severely under-222

represented. This imbalance is not addressed by223

existing tool-learning frameworks (Table 1), which224

typically rely on naturally occurring or head-biased225

synthetic tool chains.226

To bridge this gap, we design a long-tail-aware227

dependency sampling framework that explicitly228

constructs and exploits the semantic dependency229

structure of APIs. Our objective is two-fold: (1)230

expose models to rare but valid multi-hop tool231

combinations, and (2) generate trajectories that re-232

flect realistic task-solving processes rather than233

frequency-driven co-occurrence. We achieve this234

through three components: a semantic dependency235

graph, reverse random walks from tail nodes, and236

frequency-balanced sampling.237

4.1 API Dependency Graph Construction238

We first build a directed dependency graph G =239

(V, E) that captures how tools can be composed to240

solve tasks. Each node vi ∈ V represents a callable241

API or function, and edges (vi, vj) ∈ E represent242

semantically meaningful dependencies where the243

output or intent of vi can serve as an input for vj . In244

detail, we define edges (vi, vj) as directed from a245

prerequisite tool vi to a dependent tool vj , meaning246

vi must precede vj .247

Unlike prior works that rely solely on call co-248

occurrence, we derive edges from semantic simi-249

larity between API descriptions. Specifically, we250

extract action verbs and purpose phrases from each251

API specification and connect tools whose semantic252

intents align (e.g., search → fetch details →253

book). This yields a semantically coherent graph254

that encodes compositional affordances. We also255

compute edge frequencies f(vi,vj) as the geomet-256

ric mean of source and target node frequencies257

to capture edge-level long-tail phenomena rare258

but meaningful combinations of tools, scaled by259

semantic realism scores that penalize unrealistic260

combinations (e.g., cancel → book) and generic261

tools (e.g., calculate, compute). Further details262

are described in Appendix B.1.263

4.2 Reverse Random Walk for Tail-Oriented264

Trajectories265

Given this API graph, we perform reverse ran-266

dom walks over G, starting from tail nodes (i.e.,267

nodes with fi < τ ) or tail edges (i.e., edges with268

f(vi,vj) < τe when using edge-based sampling) 269

and sampling predecessors along semantic depen- 270

dencies. This contrasts with conventional forward 271

random walks, which rarely traverse into tail re- 272

gions. 273

At each step, we sample a predecessor node with 274

probability proportional to the semantically nor- 275

malized edge weight and inversely proportional to 276

node frequency. 277

w(vi,vj) =

(
1−

f(vi,vj)

fmax
+ ϵ

)β

, 278

where β is the tail bias factor (typically 2.0–4.0) 279

and ϵ = 0.01 prevents division by zero. Higher β 280

values more strongly favor tail edges, encouraging 281

the walk to explore rare tool combinations. This 282

ensures that (1) rare tools appear at the start of the 283

chain, (2) the walk expands toward more general 284

high-frequency tools, and (3) resulting trajectories 285

reflect realistic multi-hop reasoning. The walk con- 286

tinues until reaching a head node (with fi ≥ τ ) or 287

a root node (no predecessors), producing a depen- 288

dency trajectory: 289

vk → vk−1 → · · · → v1, 290

which can be interpreted as a multi-step tool-calling 291

plan. 292

To ensure validity, we apply several seman- 293

tic filters: excluding overly generic utilities (e.g., 294

calculate, process), enforcing temporal depen- 295

dencies (e.g., no state-modifying operations after 296

a cancel action), preventing repeated tools within 297

the same trajectory, and ensuring all transitions re- 298

flect plausible operational orderings. (See more 299

details in Appendix B.3) 300

As we mentioned above that we intend to use 301

the reverse walk until reaching the head node. We 302

try to build realistic conversations starting from the 303

highly exposed tool to the generation model (in 304

here we used GPT-oss-120b)2. We also reverse the 305

order of dependency trajectories of the form: 306

T = v1 → v2 → · · · → vk, 307

naturally encoding how rare tools participate in 308

multi-step solutions. 309

4.3 Frequency-Balanced Sampling 310

After observing the completed tool trajectories, we 311

find that existing tools at the end of the trajectories 312

2https://huggingface.co/openai/gpt-oss-120b
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are still commonly used. Since head tools dom-313

inate the frequency distribution, naïve sampling314

would largely reproduce head-heavy trajectories.315

To counter this, we adopt a frequency-based weight-316

ing strategy:317

wi ∝
1

fα
i

, (1)318

where α ∈ [0.5, 1.0] controls the strength of319

the long-tail bias. In our implementation, we320

use a normalized inverse weighting scheme (1 −321

normalized_freq + ϵ)γ that achieves the same goal322

of favoring tail nodes while maintaining numerical323

stability. The bias factor γ (typically 2.0 for nodes,324

3.0 for edges) controls how aggressively we favor325

rare tools over frequent ones.326

Critically, sampling always begins from tail327

nodes or tail edges, ensuring that each trajectory328

includes at least one rare tool by construction. This329

is more effective than post-hoc stratified filtering,330

which struggles under highly skewed long-tail dis-331

tributions.332

4.4 Complexity-Aware Validation333

To maintain both realism and executability, each334

generated trajectory undergoes structural and335

argument-level validation. We restrict the maxi-336

mum reasoning depth dmax, verify that each tool337

call satisfies its schema, enforce cross-step consis-338

tency so that outputs of earlier tools satisfy pre-339

requisites of later ones, and apply temporal logic340

constraints such as prohibiting state changes after341

deletion actions. Although simulator-based repair342

can be used, we adopt strict filtering to ensure that343

all retained trajectories exhibit clean, logically con-344

sistent structures.345

5 Multi-turn Conversation Generation346

Given the tool trajectories T generated through re-347

verse random walks, we synthesize realistic multi-348

turn conversations that reflect how users and as-349

sistants interact in practice. Unlike static tool350

chains that merely enumerate API calls (Prabhakar351

et al., 2025; Team et al., 2025a), our approach gen-352

erates dynamic, context-aware dialogues where353

user requests emerge naturally and assistant re-354

sponses involve multi-step tool reasoning similar355

pipeline (Cho et al., 2026). We initiate conversation356

generation from the start node of each trajectory357

(i.e., the most frequently used tool), as these head358

tools are more familiar to the generation model359

Dataset Step Turn Task Samples

Nemotron-based 3.65 (119) 3.28 (195) 2.52 (18) 15,287
Tau2-based 3.15 (58) 4.85 (218) 2.98 (21) 988

Table 2: Statistics of the Nemotron-based and Tau2-
based tool conversation datasets. For each metric (Step,
Turn, Task), we provide the average value with the max-
imum value provided in parentheses.

and serve as natural entry points for realistic task 360

formulation. 361

Our conversation generation pipeline operates 362

through an iterative user-assistant interaction loop. 363

First, we generate task descriptions that align with 364

the tool trajectory T , encoding the semantic de- 365

pendencies as natural user goals ranging from sim- 366

ple single-tool queries to complex multi-step work- 367

flows. The user simulation module then generates 368

realistic user turns by modeling human behavior: 369

users ask for help naturally, provide context in- 370

crementally, and request follow-up actions based 371

on previous assistant responses. The assistant re- 372

sponse generation module, in turn, performs multi- 373

step reasoning by calling tools sequentially, where 374

each tool call may depend on outputs from previous 375

calls. To ensure realism, we employ a tool simula- 376

tor that generates plausible tool outputs (including 377

occasional errors with probability perror) based on 378

tool specifications and call arguments, maintaining 379

temporal consistency throughout the conversation. 380

The iterative process continues until the user 381

indicates task completion, naturally producing con- 382

versations of varying lengths and complexities. 383

This approach ensures that rare tools embedded in 384

the trajectory are naturally integrated into realistic 385

multi-turn dialogues, exposing models to both the 386

compositional structure of tool dependencies and 387

the dynamic nature of human-agent interaction. By 388

starting from head nodes and expanding toward tail 389

tools through natural conversation flow, we bridge 390

the gap between frequency-biased tool exposure 391

and long-tail generalization requirements. 392

6 Experiments 393

6.1 Experimental Details 394

Training & Inference Settings In Table 2, 395

we provide the statistics of generated datasets. 396

We generate the tool trajectories based on the 397

seed tools provided by Nemotron post-training 398

dataset (Nathawani et al., 2025) and τ2 database 399

dataset (Barres et al., 2025). To provide hyperpa- 400

rameters of training setting, we use 1e-6 learning 401
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Model BFCL Tau2

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

Claude Sonnet 4.5 (fc) 39.14 60.88 81.05 88.56 68.75 86.32 70.0 86.2 98.0 -
GPT-5.1-mini 44.09 27.38 58.55 70.19 68.75 91.76 - - - -
GPT-5.1 57.63 36.12 58.99 73.04 68.75 91.35 77.9 - 95.6 -
Gemini-2.5-Pro 36.77 29.25 63.8 85.58 43.75 91.46 - - - -
Gemini-3.0-Pro - - - - - - 73.0 85.3 85.4 -

xLAM-2-3b-fc-r† 13.33 56.00 58.69 82.94 94.44 57.94 32.0 44.4 - -
xLAM-2-8b-fc-r† 15.7 69.25 66.73 84.35 83.33 64.11 35.2 58.2 - -
xLAM-2-32b-fc-r† 16.77 66.38 73.79 89.50 83.33 76.25 45.0 64.3 - -
xLAM-2-70b-fc-r† 17.63 75.12 72.63 88.48 66.67 78.74 45.2 67.1 - -

Qwen3-4B-Thinking-2507† 19.35 48.1 82.9 86.3 100.0 78.9 58.0 (46.0) 53.5 (56.1) 27.2 (21.1) - (21.9)
Qwen3-30B-A3B-Thinking-2507† 20.43 53.8 84.1 89.6 100.0 80.6 58.0 (56.0) 58.8 (54.4) 26.3 (22.8) - (6.14)
Qwen3-235B-A22B-Thinking-2507† 29.25 50.12 83.35 90.17 93.75 82.26 50.0 (44.0) 74.6 (57.9) 32.5 (21.9) - (22.8)
Qwen3-4B-Thinking-2507 + APIGEN 21.51 13.38 76.98 86.06 68.75 62.9 44.0 54.4 27.2 22.81
Qwen3-30B-A3B-Thinking-2507 + APIGEN 23.66 20.88 77.94 84.56 75.0 56.34 48.0 57.0 32.5 36.0
Qwen3-235B-A22B-Thinking-2507 + APIGEN 27.96 49.12 81.57 88.38 81.25 78.1 48.0 74.6 39.5 51.8
Qwen3-4B-Thinking-2507 + OURS 22.15 17.5 78.53 84.75 81.25 78.1 44.0 56.1 30.7 27.2
Qwen3-30B-A3B-Thinking-2507 + OURS 27.75 34.25 80.9 84.52 87.5 77.69 46.0 60.5 39.5 41.2
Qwen3-235B-A22B-Thinking-2507 + OURS 34.41 52.50 83.64 88.56 81.25 82.93 52.0 77.2 51.8 56.1

Table 3: Agentic benchmark results. We provide the proprietary models (row 1-5), open-source function call models
(row 6-9), baselines (row 10-12), and trained models with APIGEN and OURS which could be divided into forward
and reverse tool trajectories while generating multi-turn conversation (row 13-18). The † replies the reported score
from technical report, model card, and leaderboard. We observe a significant performance discrepancy in the
baseline models (row 10–12) between the officially reported scores (†) and our re-evaluated scores (in parentheses).

rate with max sequence length of 64k3. We train402

the models for 5 epochs and choose the best per-403

formance epoch. We also perform full-finetuning404

using DeepSpeed ZeRO (Rasley et al., 2020) stage405

3, Flash Attention 2 (Dao, 2023) in bfloat16 preci-406

sion with AdamW optimizer (Loshchilov and Hut-407

ter, 2017). In our previous observations, higher408

learning rates make model to explode and lower409

sequence length provide timeout request error410

while evaluating agentic benchmarks. We use411

vLLM (Kwon et al., 2023) to serve the trained412

models with provided high quality hyperparame-413

ters.414

We use three qwen-family reasoning mod-415

els: Qwen3-4B-Thinking-2507, Qwen3-30B-A3B-416

Thinking-2507, and Qwen3-235B-A22B-Thinking-417

2507 (Yang et al., 2025a). In our experiments,418

we use two agentic benchmarks τ2 (Barres et al.,419

2025) and BFCL (Patil et al.). The τ2 benchmark420

comprises 5 realistic domains: Airline (50), Retail421

(114), Telecom (114), Telecom-Workflow (114),422

and Mock (9). We report a passˆ1 result due to the423

high cost of API usage. We did not use the Mock424

domain because of its instability in its results. Also,425

the Gorilla BFCL V4 benchmark evaluates LLM426

function calling across 5,088 samples in categories427

weighted by importance. Key evaluation areas in-428

clude Multi-turn (800) for conversational context429

and Agentic (665) for memory and web search430

tasks. We did not assess the web search part due to431

the failure case of using search API. It also assesses432

3We explored the learning rate and maximum context
length and detailed explorations in Appendix E

model accuracy in both Real-world Live (1,351) 433

and standard Non-live (1,150) function calls, along 434

with Hallucination (1,122) measurement to check 435

for proper abstention. 436

6.2 Experimental Results 437

Table 3 summarizes the agentic benchmark results 438

for proprietary models, open-source function call 439

models, and our trained models on the BFCL (Patil 440

et al.) and τ2 (Barres et al., 2025) datasets. The 441

models trained with APIGEN and OURS employ 442

two distinct tool-use trajectory strategies: forward 443

and reverse multi-turn conversation, respectively. 444

Training the baseline Qwen3 models with multi- 445

turn conversation trajectories (APIGEN or OURS) 446

yields dramatic performance gains on the τ2 bench- 447

marks compared to the re-evaluated baseline scores. 448

Notably, models trained with OURS, which utilizes 449

a reverse-traversing tool trajectories, consistently 450

show superior effectiveness in capturing complex 451

conversational dynamics. For instance, the Qwen3- 452

235B model, after training with OURS, achieves 453

an F1 score of 77.2 in τ2 Retail, representing a 454

substantial 19.3 point increase over its re-evaluated 455

baseline score of 57.9. The most critical improve- 456

ment is observed in the Qwen3-30B model on 457

τ2 Telecom, where the baseline score of 22.8 is 458

boosted to 39.5 by OURS, demonstrating a 16.7 459

point surge. This data highlights that while trajec- 460

tory training is vital, adopting the reverse trajectory 461

approach is significantly more effective at unlock- 462

ing robust multi-turn tool usage capabilities, espe- 463

cially across challenging domains like Telecom and 464
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Figure 3: Average tool call efficiency by τ2 domains and models. These figures compare the average number
of (A) Correct and (B) Incorrect tool usages across three τ2 domains. Models trained with our method (OURS)
demonstrate improved efficiency, generally exhibiting a lower average number of incorrect calls while maintaining
competitive correct tool usage, particularly in the complex Retail and Telecom domain.

Retail.465

7 Analysis466

7.1 Efficiency of tool usage467

This subsection likely examines how efficiently468

the models utilize the available tools, particularly469

comparing the baseline models and those trained470

with the proposed reverse random walk (OURS)471

approach. The efficiency can be measured by com-472

paring the average number of correct and incorrect473

tool usages across different domains, such as those474

in the τ2 benchmark (Airline, Retail, Telecom).475

The provided Figure 3, labeled as (A) Correct476

Tool Efficiency and (B) Incorrect Tool Efficiency,477

visually supports this analysis. A robust model478

would be expected to demonstrate a high average479

number of correct tool calls and a low average480

number of incorrect tool calls. For the τ2 Retail do-481

main, the Qwen3-235B model trained with OURS482

demonstrates superior performance, achieving a483

low average number of correct tool calls (23.7) and484

incorrect tool calls (41.7).485

7.2 Effectiveness on tail tool usage486

This subsection focuses on the primary challenge487

addressed by the paper: the generalization capabil-488

ity of models on rarely used, or "long-tail" tools.489

Traditional forward-generation methods struggle490

to create meaningful trajectories for these low-491

frequency tools. Our reverse random walk strategy492

is specifically designed to generate multi-hop tool493

chains that naturally incorporate rare but meaning-494

ful tool combinations, forcing the model to learn se-495

mantic relationships over frequency-based patterns.496

The effectiveness of this approach is demonstrated497

by assessing the accuracy of tool usage specifically498

Figure 4: Tail tool accuracy comparison on τ2 Airline
and Telecom Domains. This visualization focuses on
the generalization capability for the bottom ten infre-
quent tools (long-tail tools). Training on the dataset
generated by our reverse walk strategy (OURS) signifi-
cantly enhances the proper usage and accuracy of these
low-frequency tools compared to baselines.

for these long-tail tools. Figure 4, which provides 499

τ2-Airline and τ2-Telecom tail tool accuracies un- 500

der the bottom ten infrequent tool usages, is the 501

core visual evidence for this analysis, showing that 502

training on the dataset generated by the reverse 503

walk (OURS) enhances the proper usage of these 504

low-frequency tools. 505

7.3 Generalization of Tool distribution 506

We evaluate how well our model generalizes to tool 507

distributions—tools that were either infrequent in 508

the training set or appear during the evaluation 509

phase. We compared the agentic performance of 510

the model trained with our reverse walk (OURS) 511

strategy against the toolsets used in the τ2-Airline 512

and -Telecom domains of the evaluation bench- 513

marks. 514

In the Telecom domain showed exceptional pre- 515

cision in state-control tools such as check wifi status 516

(75.00%), proving that our reverse walk strategy ef- 517

fectively trains the model on diverse state-transition 518

logic. Furthermore, stable results across tools like 519

get customer by phone (56.76%) indicate that the 520

7



Figure 5: Average tool call consistency by τ2 domains and models.

model successfully generalizes by leveraging se-521

mantic tool descriptions rather than relying on fre-522

quency patterns. We want to note that by forcing523

the model to learn the underlying dependencies of524

rare tools, it enables the agent to navigate the tool525

action space effectively, even when encountering526

infrequent APIs in the evaluation benchmark. We527

further provide the detailed tool usage of τ2-Airline528

in Appendix D.529

Tool Name Correct Incorrect Total Accuracy (%)

reboot device 59 96 155 38.06%
run speed test 81 69 150 54.00%
get customer by phone 63 48 111 56.76%
check network mode preference 56 46 102 54.90%
get data usage 37 43 80 46.25%
check sim status 25 55 80 31.25%
set apn settings 12 66 78 15.38%
send payment request 28 21 49 57.14%
make payment 23 20 43 53.49%
reseat sim card 16 27 43 37.21%
check installed apps 9 32 41 21.95%
check wifi calling status 18 14 32 56.25%
grant app permission 22 10 32 68.75%
toggle roaming 17 14 31 54.83%
toggle data saver mode 6 11 17 35.29%
toggle wifi calling 12 6 18 66.66%
resume line 4 8 12 33.33%
check wifi status 6 2 8 75.00%
get customer by name 2 4 6 30.00%
disable roaming 3 1 4 75.00%

Table 4: Tool Usage Comparison - Telecom Domain
(Simulation)

7.4 Tool Consistency using passˆk530

To evaluate the reliability of model-generated tool531

calls, we measure the average consistency across532

the Retail, Airline, and Telecom domains using the533

Passˆk metric. As illustrated in Figure 5, model534

performance scales positively with parameter size,535

where Qwen3-235b achieves the highest overall536

consistency (e.g., 0.77 in Retail at k = 1) com-537

pared to its smaller variants and GPT-oss-120b.538

Across all evaluated models, a consistent perfor-539

mance hierarchy emerges among domains, with 540

Retail showing the highest stability and Telecom 541

presenting the most significant challenge. Further- 542

more, the observed decline in Passˆk values as k 543

increases suggests that while larger models pro- 544

vide a higher baseline for accuracy, maintaining 545

consistent tool-calling logic across multiple itera- 546

tions remains a complex task influenced heavily by 547

domain-specific requirements. 548

8 Conclusion 549

This paper introduces a long-tail-aware sampling 550

framework to enhance the generalization of tool- 551

learning models by addressing the common bias 552

toward high-frequency tool usage. We propose a 553

reverse random walk strategy, starting from rare 554

tail nodes/edges and moving toward head nodes 555

along a semantically derived API Dependency 556

Graph, which naturally compels the generation of 557

trajectories featuring rare tool usage and complex 558

multi-hop combinations. This is combined with a 559

frequency-balanced sampling to mitigate the over- 560

representation of frequent steps and the complexity- 561

aware validation to ensure the generated data’s real- 562

ism and executability. Empirical results on agentic 563

benchmarks like τ2 and BFCL confirm that train- 564

ing on the resulting dataset significantly improves 565

robust multi-tool usage and generalization across 566

diverse conversational scenarios, demonstrating the 567

efficacy of our method for building highly capable 568

tool-augmented reasoning models. 569

Limitations 570

While the framework successfully improves perfor- 571

mance on tail tools, there is a risk that the model is 572

simply memorizing the synthetic patterns generated 573

8



by the reverse walk rather than learning generalized574

reasoning. Since the open-sourced GPT-OSS-120b575

model is used to generate the dialogues, the trained576

models might be inheriting the specific linguistic577

and logical biases of the teacher model.578

We also want to state that we did not assess the579

web search part of the BFCL benchmark due to580

API failure cases. Furthermore, many of the results581

are based on simulated tool outputs. The "long-582

tail" tools in the real world often involve unpre-583

dictable environmental states or complex authen-584

tication flows that simulations might oversimplify.585

The gap between "simulated accuracy" (e.g., Table586

5 ) and "real-world deployment" remains a critical587

limitation for agentic frameworks.588
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A Background Observations817

In Table 5, we define eight distinct agentic proper-818

ties—such as Conditional Tool Invocation, File Sys-819

tem State Tracking, and State Consistency Check-820

ing—to serve as qualitative benchmarks for our821

data. To assess these criteria, we use an LLM-as-a-822

judge (Zheng et al., 2023), scoring each property823

on a scale of 1 to 100. In Figure 2 and 6, our find-824

ings indicated that for a training dataset to be truly825

effective, it must go beyond static tool chains and826

incorporate multi-turn aware conditional logic and827

environmental state tracking. Consequently, our828

generation pipeline was specifically designed to829

produce multi-turn dialogues that integrate these830

complex properties alongside rare "tail-tool" API831

usage.832

B Long-tail Data Generation833

B.1 Motivation: Limitations of Node-Based834

Approach835

Our initial implementation focused on node-based836

long-tail phenomena, where we identified tail837

nodes (tools with frequency fi < τ ) and performed838

reverse random walks starting from these nodes.839

While this approach successfully generated chains840

containing rare tools, we observed several limita-841

tions:842

• Repetitive tool combinations: The ran- 843

dom walk often converged to common 844

tool pairs (e.g., getReservationDetails→ 845

updateReservationFlights), even when 846

starting from tail nodes. This occurred be- 847

cause edge weights were proportional to node 848

frequencies, causing the walk to quickly tran- 849

sition to high-frequency tools. 850

• Weak compositional reasoning: The gener- 851

ated chains emphasized individual rare tools 852

but failed to capture rare but meaningful com- 853

binations of tools. For instance, a chain might 854

include a rare tool sendCertificate, but it 855

would typically be connected to common tools 856

like getUserDetails, rather than forming 857

novel compositional patterns. 858

• Insufficient edge diversity: Even with in- 859

verse weighting (favoring tail nodes), the ac- 860

tual dependencies between tools remained 861

dominated by frequent edges, limiting the di- 862

versity of multi-hop reasoning patterns. 863

B.2 Edge-Based Long-Tail: A Compositional 864

Perspective 865

To address these limitations, we transitioned to 866

an edge-based long-tail approach that emphasizes 867

rare tool combinations rather than merely rare indi- 868

vidual tools. This shift is motivated by the observa- 869

tion that compositional reasoning requires models 870

to learn not just which tools exist, but how tools 871

can be meaningfully combined. 872

Edge Frequency Computation. We compute 873

edge frequencies f(vi,vj) as: 874

f(vi,vj) =
√
fi · fj · srealism(vi, vj), 875

where srealism(vi, vj) ∈ [0, 1] is a semantic real- 876

ism score that penalizes unrealistic combinations. 877

The geometric mean captures the joint probabil- 878

ity of using both tools together, while the realism 879

score ensures that semantically incoherent edges 880

(e.g., cancelReservation → bookReservation) 881

receive very low frequencies regardless of individ- 882

ual node frequencies. 883

Semantic Realism Scoring. The realism score 884

srealism combines three factors: 885

srealism(vi, vj) = 0.3 · sdomain + 0.5 · saction + 0.2 · spattern,
(2)

886

where: 887
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Label Name Definition

(A) Complex Policy Presence Whether the conversation contains or implies a complex, multi-condition policy that governs how the agent should behave or make decisions.
(B) User Information Verification Whether the conversation involves the agent explicitly checking, confirming, or requesting user-related information (e.g., name, status, role, identity, preferences) before proceeding.
(C) User-Dependent Policy Variation Whether the conversation shows that different policies or behaviors are applied depending on user type, grade, or classification.
(D) Excessive Step Decomposition Whether the solving process is overly decomposed into too many sub-steps, indicating unnecessary procedural granularity.
(E) Incorrect Tool Execution Sequence Whether the conversation demonstrates incorrect or logically inconsistent tool usage, such as invoking tools in the wrong order or with wrong arguments.
(F) Conditional Tool Invocation Whether the conversation involves conditional decisions about whether or not to use a tool, based on state, input, or environment.
(G) File System State Tracking Whether the conversation involves monitoring, updating, or reasoning about file system states (e.g., file creation, deletion, modification).
(H) State Consistency Checking Whether the conversation explicitly verifies or ensures consistency between stored states, memory, or environment variables during execution.

Table 5: Definition of the eight agentic properties.

Figure 6: Agentic properties of two benchmarks using GPT-5-mini and GPT-OSS-120b as a judger.

• sdomain: Domain consistency (1.0 for same888

domain, 0.7 for cross-domain)889

• saction: Temporal logic based on action types890

(e.g., search → book = 1.0, cancel →891

update = 0.01)892

• spattern: Tool name pattern matching (same893

entity operations score higher)894

This scoring mechanism ensures that even if two895

tools individually have moderate frequencies, their896

combination receives a low edge frequency if it897

is semantically unrealistic, effectively filtering out898

nonsensical dependencies during graph construc-899

tion.900

B.3 Implementation Details901

Generic Tool Filtering. We identify and ex-902

clude generic tools (e.g., calculate, compute,903

process) that lack specific semantic meaning.904

These tools are filtered at two stages:905

1. Graph construction: Generic tools are ex-906

cluded as source nodes in dependency edges,907

preventing them from creating spurious con-908

nections.909

2. Random walk: During chain generation,910

generic tools are filtered from predecessor can-911

didates, ensuring only semantically meaning-912

ful tools appear in the final chains.913

Temporal Logic Constraints. To prevent unre-914

alistic sequences, we enforce temporal logic rules:915

• After cancel or delete actions, only read 916

and search operations are allowed. This 917

prevents chains like cancelReservation→ 918

updateReservationFlights, which would 919

be semantically invalid. 920

• Action type classification enables pattern- 921

based validation: search → create se- 922

quences receive high scores, while delete 923

→ create sequences are heavily penalized. 924

B.4 Empirical Observations 925

Our transition to edge-based long-tail yielded sev- 926

eral improvements: 927

• Increased compositional diversity: Chains 928

now contain more diverse tool combi- 929

nations, such as searchOnestopFlight 930

→ sendCertificate → 931

updatePassengerDetails, which rep- 932

resent novel multi-hop reasoning patterns. 933

• Reduced unrealistic sequences: Semantic 934

validation eliminated problematic patterns 935

like cancel → update or calculate → 936

bookReservation, improving the quality of 937

generated tasks. 938

• Better long-tail coverage: Edge-based sam- 939

pling ensures that even when individual tools 940

have moderate frequencies, their rare com- 941

binations are properly emphasized, leading 942

to more challenging compositional reasoning 943

tasks. 944
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B.5 Parameter Selection945

For edge-based long-tail, we use the following pa-946

rameter settings:947

• τe = 0.0001: Edge frequency threshold for948

identifying tail edges. This lower threshold949

(compared to node-based τ = 0.01) reflects950

that edge frequencies are typically lower than951

node frequencies due to the geometric mean952

computation.953

• βe = 3.0: Edge tail bias factor, higher than954

node-based β = 2.0 to more aggressively fa-955

vor rare edges.956

• Semantic validation threshold: srealism ≥ 0.35957

to filter out unrealistic edges while allowing958

some flexibility for cross-domain combina-959

tions.960

These parameters were selected through itera-961

tive refinement to balance between generating suf-962

ficiently diverse chains and maintaining semantic963

coherence.964

C Multi-Turn Conversation Data965

Generation Details966

The dataset is constructed using an iterative, multi-967

stage pipeline designed to simulate complex, multi-968

turn tool-use interactions. Each conversation con-969

sists of four primary roles: system instructions, user970

queries, assistant responses (including reasoning971

and tool calls), and tool execution results.972

C.1 Initial Task and Response Generation973

The process begins with the Task Generation974

Pipeline, which utilizes tool specifications to create975

realistic user instructions. Each task is assigned a976

complexity level (easy, medium, or hard) and a de-977

tailed evaluation rubric that defines success criteria,978

expected tool-use patterns, and checkpoints. Once979

a task is defined, the Response Generation Pipeline980

produces the assistant’s turns. This stage is itera-981

tive: the model generates reasoning and tool calls,982

the pipeline simulates tool execution (introducing983

a probabilistic tool error probability to model real-984

world failures), and the results are fed back into985

the conversation until the assistant provides a final986

answer.987

C.2 Validity and Self-correction988

To ensure high data quality, every generated in-989

teraction undergoes LLM-based validation. The990

validator compares the assistant’s entire reasoning 991

and tool-use process against the predefined rubric 992

and tool specifications. If the response fails to 993

meet the success criteria or deviates from the ex- 994

pected pattern, the conversation is reverted to the 995

last user turn and sent back for regeneration. This 996

retry mechanism creates a self-correcting loop that 997

filters out hallucinations or suboptimal tool usage. 998

C.3 Continual Turn Extension 999

Following a successful validation, the pipeline de- 1000

termines whether to extend the conversation. Based 1001

on a continuation probability and a maximum turn 1002

limit, the LLM generates a follow-up user turn. 1003

This new turn is designed to follow the conversa- 1004

tion context naturally—often depending on previ- 1005

ous tool outputs—while maintaining the original 1006

complexity level. Each new turn includes its own 1007

unique rubric, and the cycle of response generation 1008

and validation repeats. 1009

C.4 Key design philosophies 1010

The pipeline incorporates several features to en- 1011

hance model robustness: (1) Complexity Preserva- 1012

tion: Ensuring all turns in a single session adhere 1013

to the initial difficulty setting. (2) Error Simulation: 1014

Training the model to recover from tool failures 1015

by injecting realistic errors into the simulation. (3) 1016

Dynamic Variation: Using probabilistic continu- 1017

ation to ensure a diverse mix of short-form and 1018

long-form multi-turn dialogues. The final output 1019

is a collection of comprehensive JSONL objects, 1020

where each entry contains the full conversation his- 1021

tory and metadata, providing a rich training signal 1022

for complex context management and tool interac- 1023

tion patterns. 1024

D Overall Tool Usages 1025

Tool Name Correct Incorrect Total Accuracy (%)

get reservation details 71 42 113 62.83%
search direct flight 49 54 103 47.5%
get user details 18 21 39 46.15%
transfer to human agents 21 10 31 67.74%
update reservation flights 12 9 21 57.14%
book reservation 7 12 19 36.84%
search onestop flight 6 11 17 35.29%
get flight status 4 7 11 36.36%
cancel reservation 3 8 11 27.27%
update reservation baggages 4 5 9 44.44%

Table 6: Tool Usage Comparison - Airline Domain
(Simulation)
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E Exploration of Hyperparameters1026

To ensure the robustness and optimal performance1027

of our proposed long-tail-aware sampling frame-1028

work, we conducted detailed ablation studies focus-1029

ing on two critical training hyperparameters: the1030

maximum context length and the learning rate.1031

Increasing Maximum Context Length. The1032

ability to handle long, multi-turn conversations and1033

complex tool trajectories is directly dependent on1034

the model’s maximum sequence length. Our initial1035

observations indicated that an insufficient context1036

length (less than 32k) often resulted in timeout1037

request errors (approx. 16 ∼ 22%) during the eval-1038

uation of agentic benchmarks.1039

We anchor our experiments on a sequence length1040

of 64k and compare performance against shorter1041

(e.g., 8k, 16k, and 32k) settings. This exploration is1042

crucial for verifying that the model can effectively1043

leverage the full compositional structure encoded1044

by our reverse random walks. We primarily analyze1045

the impact of context length on metrics sensitive1046

to conversational depth, such as the τ2 Telecom-1047

Workflow accuracy and the BFCL Multi-turn F11048

score. A substantial increase in performance on1049

these metrics with greater context length would1050

confirm that the generated multi-turn, multi-step1051

trajectories are being fully utilized by the model.1052

Learning Rate. The learning rate is a critical1053

factor for achieving stable and effective training,1054

especially when dealing with skewed data distribu-1055

tions like the long tail of tool usage. We previously1056

observed that higher learning rates lead the model1057

to explode. Thus, we set our baseline learning1058

rate conservatively at 1e-6 for 5 epochs of full-1059

finetuning using AdamW optimizer (Loshchilov1060

and Hutter, 2017).1061

We conduct experiments by varying the1062

learning rate around the baseline (e.g.,1063

1e-7, 5e-7, 5e-6, 1e-5) to determine the opti-1064

mal balance between convergence speed and1065

stability. The primary goal is to find the maximum1066

effective learning rate that preserves or enhances1067

the model’s ability to generalize to rare, long-tail1068

tool usages. We assess this by monitoring1069

the overall performance on the τ2-Airline and1070

τ2-Telecom domains (as highlighted in Figure1071

3), alongside the overall BFCL scores and the1072

stability of the training loss curve. This analysis1073

will validate our conservative learning rate choice1074

and demonstrate its efficacy in navigating the1075

unique challenges posed by long-tail tool learning. 1076

F Scientific Artifacts Usage 1077

To ensure the highest level of linguistic quality and 1078

technical clarity, generative AI tools—including 1079

Gemini and ChatGPT—were utilized during the 1080

preparation of this manuscript. Specifically, these 1081

models were employed for grammatical refinement, 1082

improving prose fluency, and polishing technical 1083

descriptions within the text. The use of these tools 1084

was strictly limited to language enhancement and 1085

editorial support. All core scientific ideas, data 1086

generation logic, experimental results, and inter- 1087

pretations remain the original work of the authors. 1088

The final manuscript was thoroughly reviewed and 1089

edited by the authors to ensure accuracy, integrity, 1090

and adherence to academic standards. 1091
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Preliminary (Abilities)

You are an expert evaluator trained to analyze Python dictionary–formatted samples involving an
agent performing reasoning and tool-using tasks. Your goal is to assess how strongly the given
sample provides evidence that the data could help train or evaluate the model’s agentic abilities.
Each sample includes structured keys such as "function", "question", "context", "response",
"arguments", or "output". You should carefully examine all fields and their relationships to
determine whether the data meaningfully demonstrates or could supervise each ability.

Scoring

For each ability, assign a score between 1 and 100, where:
1 → The ability is essentially absent or only trivially implied.
25 → Weak or ambiguous learning signal.
50 → Moderate, partial supervision signal.
75 → Clear and strong evidence supporting this ability.
100 → Explicit, central, and unambiguous supervision signal.
If the aspect is not meaningfully present, assign a score close to 1 rather than 0.

Criteria and Definitions

1. Decision Making: Degree to which the sample provides supervision for deciding the next
optimal action (e.g., whether to plan, invoke a tool, ask for clarification, or directly answer).
2. Planning: Extent to which the sample demonstrates decomposition of a high-level task into
ordered sub-tasks or structured steps.
3. Tool Choice: Strength of evidence that the sample teaches selecting an appropriate tool from an
available toolset.
4. Argument Generation: Degree to which the sample provides supervision for generating correct
and contextually appropriate arguments (parameters or inputs) for a selected tool.
5. Result Analysis: Extent to which the sample demonstrates interpreting tool outputs and deciding
whether the task is complete or further action is required.
6. Error Handling: Strength of evidence that the sample teaches recognition of errors, unexpected
outputs, or failed executions and appropriate responses to them.

Required Output Format
{

"decision_making": 1-100,
"planning": 1-100,
"tool_choice": 1-100,
"argument_generation": 1-100,
"result_analysis": 1-100,
"error_handling": 1-100,
"reasoning": "Brief 1–2 sentence explanation highlighting which abilities are strongly
or weakly supported."

}
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Preliminary (Properties)

You are an expert evaluator analyzing Python dictionary–formatted samples that describe an
agent’s reasoning, tool use, or policy-driven behavior. Your goal is to determine how strongly
the sample demonstrates or implies specific meta-structural elements, such as complex policies,
user-dependent variations, or state management logic.
Each sample may include fields such as "function", "question", "context", "response", or "argu-
ments".

Scoring

For each criterion (A–H), assign a score between 1 and 100, where:
1 → The aspect is essentially absent or only trivially hinted.
25 → Weak or implicit signal; ambiguous relevance.
50 → Moderately present; partially demonstrated.
75 → Clearly present with strong evidence.
100 → Explicit, central, and unambiguous presence.
If the aspect is not meaningfully present, assign a score close to 1 rather than 0.

Criteria and Definitions

(A) Complex Policy Presence Degree to which the sample defines or implies a multi-condition,
non-trivial policy governing agent behavior.
(B) User Information Verification Extent to which the sample checks, validates, or requests
user-related information before proceeding.
(C) User-Dependent Policy Variation Strength of evidence that rules or actions vary depending
on user role, identity, or attributes.
(D) Excessive Step Decomposition Degree to which the reasoning or task flow is broken into
unnecessarily granular or redundant steps.
(E) Incorrect Tool Execution Sequence Severity of illogical, inefficient, or incorrect ordering of
tool calls.
(F) Conditional Tool Invocation Strength of conditional logic determining whether, when, or how
tools are invoked.
(G) File System State Tracking Extent of reasoning about file system state changes (creation,
deletion, updates, persistence).
(H) State Consistency Checking Degree to which the sample explicitly verifies consistency across
states, memory, or stored artifacts.

Required Output Format
{

"A_complex_policy_presence": 1-100,
"B_user_information_verification": 1-100,
"C_user_dependent_policy_variation": 1-100,
"D_excessive_step_decomposition": 1-100,
"E_incorrect_tool_execution_sequence": 1-100,
"F_conditional_tool_invocation": 1-100,
"G_file_system_state_tracking": 1-100,
"H_state_consistency_checking": 1-100,
"reasoning": "Brief 1–2 sentence explanation highlighting the strongest and weakest dimensions."

}
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