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Abstract001

Large language models (LLMs) rely on tool002
use to act as autonomous agents, yet often fail003
in multi-step execution due to insufficient tool-004
related knowledge and ineffective knowledge005
activation. Therefore, we present a systematic006
study on how knowledge influences tool-use007
performance, covering the stages of knowl-008
edge acquisition, activation, and internaliza-009
tion. In the knowledge acquisition stage, we010
acquire and evaluate various forms of experi-011
ential knowledge, and our analysis shows that012
simple instance-level knowledge can already013
provide strong and reliable gains, while ab-014
stract intent-level knowledge offers limited ben-015
efits. At inference time, to activate knowledge,016
we find that prompting LLM to expand the017
depth of reasoning yields diminishing returns,018
whereas expanding the width of reasoning by019
parallel sampling with aggregation more effec-020
tively activates latent experiential knowledge.021
At training time, for knowledge internalization,022
post-training with knowledge-augmented data023
further improves performance, with reinforce-024
ment learning outperforming supervised fine-025
tuning. Based on these insights, we propose026
the Knowledge-Augmented Tool Execution027
(KATE), a knowledge-augmented tool exe-028
cution framework that integrates experiential029
knowledge with reasoning-width-expanded in-030
ference and knowledge-aware training. Exper-031
iments on BFCL-V3 and AppWorld demon-032
strate consistent and substantial improvements033
over strong baselines across model scales.034

1 Introduction035

Tool use has emerged as a cornerstone capability036

for transforming large language models (LLMs)037

into practical intelligent agents (Li et al., 2023;038

Mialon et al., 2023; Qu et al., 2025b). LLMs in-039

creasingly rely on tool calling to execute actions,040

access external information (Jin et al., 2025), and041

serve as autonomous agents (Plaat et al., 2025).042

However, existing approaches largely treat tool use043

as a problem of prompt design (Shinn et al., 2023), 044

API documents specification (Qu et al., 2025a), or 045

supervised or unsupervised alignment (Liu et al., 046

2025b; Li et al., 2025; Zhang et al., 2025; Lu et al., 047

2025), implicitly assuming that models already pos- 048

sess sufficient experiential knowledge for tool exe- 049

cution. In practice, however, failures in tool use of- 050

ten stem not from reasoning incapability alone, but 051

from the lack of concrete, executable experience, 052

such as parameter constraints, scenario-specific op- 053

eration patterns, and error recovery strategies. 054

While prior work has explored knowledge aug- 055

mentation for general reasoning (Wang et al., 2024), 056

the role of experiential knowledge (Fang et al., 057

2025; Zhou et al., 2025) in tool execution remains 058

largely underexplored. In particular, it is unclear 059

(i) which forms of knowledge are most effective 060

for tool use, (ii) how knowledge within the sys- 061

tem should be activated during inference, and (iii) 062

whether there are additional gains if the knowl- 063

edge is internalized into model parameters through 064

training. Addressing these questions requires a sys- 065

tematic investigation that spans retrieval, inference- 066

time reasoning, and training-time optimization, 067

which is an aspect missing from existing studies. 068

To bridge this gap, we conduct the first system- 069

atic study of experiential knowledge in tool exe- 070

cution, examining how different types of experi- 071

ential knowledge can be acquired, activated, and 072

internalized within large language models. We or- 073

ganize our investigation along two complementary 074

dimensions: Knowledge Acquisition and Integra- 075

tion and Knowledge Activation and Utilization. 076

From the perspective of knowledge acquisition, 077

we extract and categorize four types of experiential 078

knowledge which includes instance-level Scenario 079

Trajectory Knowledge and Experience Summary 080

Knowledge, as well as intent-level Script-Style In- 081

tent Clustering Knowledge and Textual-Style In- 082

tent Clustering Knowledge, and design a unified 083

retrieval mechanism to integrate them at inference 084
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time. Through extensive experiments, we demon-085

strate that instance-level knowledge consistently086

yields the largest performance gains, indicating087

that concrete execution traces or its corresponding088

description provide more actionable guidance than089

abstract intent descriptions for tool-using agents.090

The results demonstrate that high-quality execution091

trajectories alone are sufficient to yield substan-092

tial performance improvements in tool use. From093

the perspective of knowledge activation, we in-094

vestigate how to effectively elicit and utilize such095

knowledge. At inference time, we compare depth-096

based hint prompting with width-based parallel097

sampling, revealing a clear advantage of expand-098

ing the reasoning width over increasing depth of099

reasoning. While explicit prompts engineering pro-100

vide diminishing returns as model capability scales,101

parallel sampling with aggregation substantially im-102

proves tool-calling accuracy, suggesting that much103

of the model’s experiential knowledge remains la-104

tent under deterministic decoding. At training time,105

we further show that fine-tuning with knowledge-106

augmented data enables deeper internalization of107

experiential knowledge, yielding additional gains108

beyond context-based retrieval alone. We adopt109

both supervised fine-tuning (SFT) and reinforce-110

ment learning (RL), and find that RL leads to more111

substantial performance improvements.112

Based on these findings, we propose KATE113

(Knowledge-Augmented Tool Execution), a uni-114

fied framework that systematically incorporates ex-115

periential knowledge across acquisition, activation,116

and training stages. KATE integrates instance-level117

knowledge with width-based parallel sampling to118

effectively activate latent knowledge during in-119

ference, and further internalizes such knowledge120

through post-training. Empirical results demon-121

strate that KATE achieves significant and consistent122

improvements in tool-use accuracy across model123

scales and task settings.124

Our work makes three key contributions:125

• We systematically investigate how different126

granularities of tool-usage knowledge affect127

tool execution. By designing multiple expe-128

riential knowledge acquisition strategies, we129

show that simple, high-quality instance-level130

knowledge alone can already provide effective131

improvements.132

• We study how tool-related knowledge is acti-133

vated during both inference and training. We134

analyze reasoning depth and width and find135

that parallel sampling with aggregation more 136

effectively activates latent knowledge. And 137

post-training yields additional gains beyond 138

context-based knowledge injection. 139

• Our method KATE is a unified knowledge- 140

augmented tool execution framework that in- 141

tegrates instance-level experience with width- 142

expanded inference and knowledge-aware 143

training. KATE achieves state-of-the-art per- 144

formance in both training-free and training- 145

based settings. On the Qwen3-8B model of 146

dataset BFCL-V3, our method improves aver- 147

age performance by 15% compared to direct 148

tool use. 149

2 Preliminary 150

Multi-turn tool-utilization by LLMs can be formu- 151

lated as a Markov decision process (MDP). At in- 152

teraction step t, conditioned on the set of available 153

tools T , the system prompt S and the previous di- 154

alogue history Ht, the core objective of the LLM 155

P is to predict the next action ot+1 based on the 156

current context: 157

ot+1 = P (T , S,Ht) (1) 158

where ot+1 representing either a tool invocation 159

ct+1 or a final natural language response at+1. 160

After the model emits ot+1, the environment 161

returns external feedback rt+1, which can be cate- 162

gorized as either a tool execution response renv
t+1 163

or a user reply ruser
t+1. The dialogue history is then 164

updated as follows: 165

Ht+1 = Ht ∪ ot+1 ∪ rt+1 (2) 166

This updated state serves as the context for the 167

subsequent decision step, thereby completing the 168

Markovian interaction loop. 169

3 Method 170

We present the study and method of experiential 171

knowledge in tool execution, examining how it is 172

acquired, activated, and internalized. 173

3.1 Knowledge Acquisition and Integration 174

Knowledge plays an essential role in successful 175

tool execution. We systematically investigate how 176

different types of experiential knowledge influence 177

model performance, as well as how such knowl- 178

edge can be efficiently retrieved and utilized during 179

inference through a structured knowledge base. 180
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3.1.1 Knowledge Base Construction181

To study the role of different experiential knowl-182

edge, we categorize experiential knowledge into183

two levels based on granularity: Instance-level184

Knowledge, which provides concrete, example-185

specific guidance, and Intent-level Knowledge,186

which captures higher-level abstractions of task ob-187

jectives and decision patterns.188

For Instance-level Knowledge, we consider two189

forms: (1) Scenario Trajectory Knowledge (ST):190

Ground-truth tool execution trajectories are directly191

used as knowledge inputs during inference, provid-192

ing explicit step-by-step guidance. (2) Experience193

Summary Knowledge (ES): An LLM is prompted194

with paired user queries and ground-truth trajec-195

tories from the training data to generate concise,196

high-level operational guidelines in textual form.197

For intent-level knowledge, we observe that each198

user query in a scenario naturally reflects a specific199

intent (e.g., information retrieval, shopping online).200

These intents serve as the fundamental components201

of more complex goals, and tool invocation pat-202

terns are often consistent within the same intent203

category. Thus, we construct two forms of intent-204

level knowledge: (1) Script-Style Intent Clustering205

Knowledge (SIC): We generate the intents of user206

questions, cluster training examples accordingly207

and summarize tool-usage scripts with an LLM in208

a semi-structured form. (2) Textual-Style Intent209

Clustering Knowledge (TIC): We additionally pro-210

vide unstructured, natural-language descriptions211

that capture the operational strategies for each in-212

tent category based on the cluster result. The details213

of knowledge base construction are in Appendix A214

and the examples of user’s questions with retrieval215

knowledge are in Appendix B.216

To construct knowledge base K, we build the217

retrieval base by encoding and storing the user218

queries into vector representations using a language219

model encoder for Instance-level Knowledge. For220

Intent-level knowledge, we encode the inferred user221

intents I rather than the raw queries. Together,222

these knowledge forms differ in both granularity223

and representation, enabling a systematic study of224

how experiential knowledge influences tool-use225

learning and inference.226

3.1.2 Knowledge Retrieval227

During inference, if the feedback rt+1 is a user228

query ruser
t+1, we automatically retrieve relevant229

knowledge from an external knowledge base. For230

Instance-level Knowledge, we employ the same lan-231

guage model encoder to map the user query ruser
t+1 232

into a vector representation and perform similar- 233

ity matching against the stored knowledge embed- 234

dings. Knowledge entries whose similarity scores 235

exceed a predefined threshold p are ranked, and the 236

top-K entries are selected as retrieved knowledge. 237

These retrieved entries are then concatenated with 238

the original user query and provided to the model 239

as augmented input. 240

For intent-level knowledge, we first prompt the 241

model to explicitly infer the user’s current intent 242

It+1. The inferred intent is subsequently encoded 243

and used as the query to retrieve intent-level knowl- 244

edge. The knowledge entry corresponding to the 245

most similar intent is selected as the final retrieval 246

result (K=1). 247

Formally, the retrieval operation is defined as: 248

R(Q) = Top-K
(
kj

∣∣kj ∈ K, sim(Q,kj) ≥ p
)

(3) 249

where Q denotes either the user query ruser
t+1 or the 250

inferred intent It+1, and K represents the knowl- 251

edge base. For intent-level retrieval, we set K = 1. 252

When a user message is observed, the retrieved 253

knowledge is incorporated into the interaction as: 254

rre
t+1 = rt+1 ∪R(Q), if rt+1 = ruser

t (4) 255

and the dialogue history augmented with re- 256

trieved knowledge is updated as: 257

Hre
t+1 = Hre

t ∪ ot+1, r
re
t+1 (5) 258

We conduct analysis experiments on the BFCL- 259

V3 (Patil et al., 2025) benchmark. We evaluate our 260

approach on Qwen3-8B and Qwen3-32B (Yang 261

et al., 2025), systematically comparing different ex- 262

periential knowledge types and integration settings, 263

as shown in Figure 1. The experimental results 264

show that: (1) Instance-level knowledge consis- 265

tently yields greater performance improvements 266

than intent-level knowledge. This is likely be- 267

cause trajectory-level information provides fine- 268

grained and directly executable guidance, whereas 269

intent-level knowledge requires multi-step abstrac- 270

tion and intent matching, which may introduce ad- 271

ditional errors due to imperfect intent inference 272

by LLMs. (2) Scenario Trajectory Knowledge 273

(ST) and Experience Summary Knowledge (ES), 274

as well as their combination, exhibit compara- 275

ble overall performance, with their relative effec- 276

tiveness varying across different tasks and model 277

backbones. This suggests that no single form of 278

instance-level knowledge universally dominates, 279
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Figure 1: The augmentation results of different experiential knowledge. “All” indicates incorporating all the
experiential knowledge.

and that task-specific and model-specific adapta-280

tion is necessary to achieve optimal performance.281

(3) We observe that simply stacking multiple282

types of knowledge does not guarantee further283

gains. Naive combinations may lead to redundancy284

or interference among knowledge sources, under-285

scoring that effective integration and utilization286

strategies are more important than the quantity of287

experiential knowledge provided. This observa-288

tion motivates the need for structured retrieval and289

selective activation mechanisms, rather than indis-290

criminate knowledge aggregation.291

3.2 Knowledge Activation and Utilization292

Given a fixed amount of knowledge, a central ques-293

tion is how to more effectively activate a model’s294

tool-use capabilities to produce reliable and accu-295

rate tool outputs. We investigate this problem from296

both the training-time and inference-time perspec-297

tives.298

3.2.1 Inference-Time299

At inference time, we identify the reasoning depth300

and reasoning width as two key factors that influ-301

ence knowledge activation. Based on this obser-302

vation, we explore two main strategies: Depth-303

based Prompt-Hint Activation, which encour-304

ages deeper and more detailed reasoning, and305

Width-Based Parallel Sampling with Aggrega-306

tion, which expands the reasoning space by explor-307

ing multiple candidate trajectories.308

Depth-based Prompt-Hint Activation. Prompt309

engineering enhances model reasoning by shap-310

ing the input prompt. depth-based Prompt-Hint311

methods aim to increase reasoning depth by explic-312

itly providing guidance that encourages structured313

reasoning patterns. Concretely, after each tool exe- 314

cution, a hint is appended as a user-role message 315

before the next tool decision, prompting the model 316

to explicitly consider tool selection and action plan- 317

ning. Based on the error-prone scenarios identified 318

in the analysis in Patil et al.(2025), we design the 319

three prompt hints to target the model’s common 320

failure modes. These hints are constructed from 321

three complementary perspectives: intent, reflec- 322

tion, and state. Specifically, the model is instructed 323

to reason over these aspects and base subsequent 324

tool calls on the resulting structured analysis. 325

As shown in Figure 2, prompt hints yield im- 326

provements in certain scenarios. However, the 327

overall results indicate that such prompts often 328

yield only limited gains and may even degrade tool- 329

calling accuracy. A plausible explanation is that 330

complex tool-use tasks involve multiple interacting 331

factors, and explicitly constraining the reasoning 332

process to predefined perspectives can inadver- 333

tently restrict the model’s flexibility, causing it 334

to overlook other critical information. 335

Width-based Parallel Sampling with Aggre- 336

gation. Parallel sampling has proven effective in 337

improving reasoning reliability across a wide range 338

of LLM tasks (Wang et al., 2023; Zheng et al., 339

2025; Pan et al., 2025). We extend this technique to 340

multi-step tool execution and systematically evalu- 341

ate its impact on tool-calling accuracy. Rather than 342

generating an entire tool-call sequence in a single 343

pass, we apply parallel sampling at each interac- 344

tion step, where the model predicts the next action 345

conditioned on the current dialogue history. At 346

each step, multiple candidate actions are generated 347

independently. If all candidates agree, the action is 348

executed directly, otherwise, an aggregation func- 349
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Figure 2: The Prompt-Hint results on BFCL-V3 dataset.
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tion is applied to derive the final decision. The350

overall procedure is summarized in Algorithm 1.351

We investigate two key factors: aggregation strate-352

gies and sampling scale.353

We apply and evaluate the following aggregation354

strategies A(·): (1) Self-consistency (Wang et al.,355

2023), which selects the final action by majority356

voting or consensus among parallel-sampled candi-357

dates; (2) LLM-based aggregation, which feeds358

multiple sampled candidates back to the model to359

select the most appropriate action.360

As shown in Figure 3, results demonstrate that:361

(1) Effectiveness of parallel sampling. Parallel362

sampling substantially improves tool-calling per-363

formance, suggesting that greedy decoding with364

zero temperature fails to fully activate the model’s365

internal knowledge required for correct tool usage.366

Increasing the sampling temperature not only elic-367

its relevant knowledge more effectively but also368

increases the frequency with which such knowl-369

edge appears, leading to more accurate tool invoca-370

tion decisions. (2) Advantages of self-consistency.371

Self-consistency demonstrates greater stability and372

higher accuracy than LLM-based aggregation, with373

performance remaining largely insensitive to the 374

sampling scale. This indicates that strong results 375

can be achieved with a relatively small number of 376

parallel samples. However, due to the diversity 377

of textual outputs, self-consistency is less suitable 378

for tasks requiring structured or diverse responses, 379

such as code-based agent tool use (Trivedi et al., 380

2024). (3) Performance of LLM-based aggrega- 381

tion. While LLM-based aggregation can further 382

improve performance, its effectiveness does not 383

increase monotonically with the number of paral- 384

lel samples. This instability may stem from the 385

model’s limited capacity to reason over long con- 386

texts containing many candidate actions. These 387

results suggest that expanding the width of the rea- 388

soning is more effective than encouraging more 389

depth thinking. The completed results is illstruated 390

in Figure 7. 391

3.2.2 Training-Time 392

We further investigate methodologies for internal- 393

izing knowledge into the model’s parameters. We 394

argue that inference-time reasoning enhancement 395

alone is insufficient to fully improve a model’s 396

tool-use capability, as knowledge injected through 397

context is inherently limited. To achieve more 398

robust gains, we further enhance tool-calling ac- 399

curacy through post-training. Motivated by the 400

hint-assisted reinforcement learning (Liu et al., 401

2025a; Yan et al., 2025), we incorporate experi- 402

ential knowledge directly into the training context 403

by pre-inserting it as guidance signals. This design 404

increases the probability of sampling correct rea- 405

soning trajectories in RL and thereby improving 406

the overall efficacy of the training process. 407

Our experimental framework spans the primary 408

stages of the post-training regime, specifically SFT 409

and RL. During the data preparation phase, we 410

augment the training set by concatenating experien- 411
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Figure 4: The inference and training framework of the method KATE.

tial knowledge retrieved from a structured knowl-412

edge base with the original user instructions to get413

the enhanced data. These augmented samples are414

then seamlessly integrated into the training pipeline.415

Through this design, we aim to quantify if there416

is the additive gain by incorporating training stage417

with provided experiential knowledge, analyzing418

its role in guiding the model toward more accurate419

tool selection.420

3.3 KATE421

Based on the above analysis, we propose our422

method KATE, which explicitly leverages knowl-423

edge across different stages of tool use. For the424

knowledge acquisition stage, we adopt Scenario-425

Trajectory (ST) knowledge to provide structured426

and reliable experience signals, as even the simple427

trajectory knowledge is effective. For the knowl-428

edge activation stage, we employ a depth-based429

parallel sampling and LLM-based aggregation strat-430

egy to effectively stimulate and utilize the acquired431

knowledge during reasoning. To further validate432

the effectiveness of training under our proposed433

knowledge-usage framework, we conduct addi-434

tional experiments for training. These components435

demonstrate how knowledge systematically sup-436

ports tool use at acquisition, activation, and training437

stages. The framework of our method is shown in438

Figure 4. The inference process is in Algorithm 2.439

4 Experiment440

4.1 Datasets441

We use BFCL-V3 (Patil et al., 2025) and Ap-442

pWorld (Trivedi et al., 2024) as our evaluation443

datasets. BFCL-V3 is a multi-step tool-use bench- 444

mark, which evaluates tool-use capability across 445

diverse multi-turn interactive environments. Our 446

study focuses on complex multi-turn interaction 447

tasks spanning four scenarios in BFCL-V3, includ- 448

ing Base, Miss Func, Miss Param, and Long Con- 449

text. AppWorld is a benchmark of multi-step tasks 450

for interactive coding agents, which use state-based 451

programmatic evaluation approach. A task is suc- 452

cessful if the final environment state matches the 453

goal and all unit tests pass. It also provides two met- 454

rics: Task Goal Completion (TGC) and Scenario 455

Goal Completion (SGC). 456

4.2 Implementation Details 457

In BFCL-V3 evaluation, we select 100 samples 458

from the Base scenario as the training set, with 459

the remaining data used for testing. To prevent 460

data leakage, we partition the dataset by sample 461

ID, using even-numbered instances for training 462

and odd-numbered instances for testing. For App- 463

World, we adopt a code-based tool-calling setting. 464

Specifically, we distill the ground-truth solution 465

procedures using GPT-4o, to obtain correct code- 466

level reasoning steps to construct a knowledge base. 467

Evaluation is conducted on test-normal (Test-N) 468

and test-challenge (Test-C). The details are in Ap- 469

pendix D, and training details is in Appendix E. 470

4.3 Baselines 471

For dataset BFCL-V3, we adopt the following base- 472

lines: (1) Function Calling (FC) adopts the default 473

tool-calling format. (2) Prompt-based methods 474

(Prompt) use the default setting prompt in BFCL- 475

V3 dataset. (3) Memp (Fang et al., 2025) is a univer- 476
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Model Method Base Miss F. Miss P. Long C. Average

gpt-5 FC 49.0 35.0 30.0 37.0 37.75
gpt-4.1 FC 52.0 39.0 36.0 50.0 44.25

Qwen3-8B

FC 43.0 30.0 31.0 27.0 32.75
Prompt 38.0 38.0 28.0 17.0 30.25
Memp 52.0 25.0 36.0 31.0 36.00

KATE (Ours) 59.0 (+16.0) 41.0 (+11.0) 41.0 (+10.0) 40.0 (+13.0) 46.00 (+13.25)
↪→ w/o PS 49.0 35.0 38.0 30.0 38.00
↪→ w/o Exp 56.0 48.0 32.0 35.0 42.75
↪→ r PS-Con. 56.0 35.0 37.0 37.0 41.25
▶ + SFT 62.0 (+19.0) 41.0 (+11.0) 39.0 (+8.0) 36.0 (+9.0) 45.75 (+13.00)
▶ + RL 64.0 (+21.0) 43.0 (+13.0) 42.0 (+11.0) 42.0 (+15.0) 48.25 (+15.50)
▶ + SFT + RL 59.0 (+16.0) 45.0 (+15.0) 39.0 (+8.0) 42.0 (+15.0) 46.25 (+13.50)

Qwen3-32B

FC 55.0 52.0 38.0 39.0 46.00
Prompt 55.0 47.0 42.0 37.0 45.25
Memp 63.0 44.0 47.0 42.0 49.00

KATE (Ours) 62.0 (+7.0) 53.0 (+1.0) 42.0 (+4.0) 45.0 (+6.0) 50.50 (+4.50)
↪→ w/o PS 62.0 43.0 48.0 43.0 49.00
↪→ w/o Exp 52.0 48.0 35.0 41.0 44.0
↪→ r PS-Con. 65.0 44.0 46.0 46.0 50.25

Table 1: Experimental results on BFCL-V3. Blue labels show absolute improvement over FC baseline. Green rows
(↪→) denote inference-time variants of ablation results, while non-highlighted rows (▶) indicate post-training results
on Qwen3-8B. “r PS-Con.” means replace the LLM-based Aggregation to Self-consistency.

Test-N Test-C AverageMethod TGC SGC TGC SGC

Qwen3-8B
ReAct 10.1 1.8 3.8 0.7 4.1
ReAct + ST 26.2 10.7 4.8 0.7 10.6
Memp 22.0 7.1 3.6 0 7.92
KATE (Ours) 26.8 10.7 5.5 0.7 10.92

Qwen3-32B
ReAct 16.7 1.8 6.2 1.4 6.52
ReAct + ST 27.4 1.8 8.6 0 9.45
Memp 22.6 5.4 9.1 1.4 9.62
KATE (Ours) 32.7 10.7 7.4 0.7 12.87

Table 2: Performance comparison on AppWorld.

sal framework that enables AI agents to transform477

past task trajectories into reusable skills through478

the systematic management of procedural memory,479

while it achieves lifelong learning by continuously480

updating its trajectory repository, our experiments481

utilize a static, non-updating version for the pur-482

pose of fair comparison. For AppWorld, we adopt483

ReAct (Yao et al., 2023) and Memp as the baseline.484

4.4 Result485

Table 1 presents the performance of various meth-486

ods on the BFCL-V3 dataset. Both Qwen3-8B and487

Qwen3-32B show substantial improvements under488

our method, achieving roughly a performance gain489

over the baselines. We observe that our approach490

not only enhances performance on the Base sce-491

nario, but also yields gains on Miss Func, Miss492

Param, and Long Context tasks. By empower- 493

ing models with explicit experiential knowledge, 494

KATE even allows the Qwen3 series to outperform 495

state-of-the-art models like GPT-4.1 and GPT-5 in 496

specific tool-use benchmarks. Furthermore, fine- 497

tuning confirms that internalizing knowledge into 498

parameters provides benefits that exceed prompt- 499

based injection alone. 500

As illustrated in Table 2, on AppWorld, KATE 501

maintains a clear advantage over the ReAct base- 502

line. However, in the Test-Challenge (Test-C) sce- 503

nario, while KATE outperforms the vanilla ReAct 504

and ReAct + ST, its improvement is slightly lower 505

than Memp for some case. This stems from the 506

extreme complexity of Test-C tasks: when a task 507

exceeds the model’s inherent reasoning capacity, 508

parallel sampling may fail to generate valid tra- 509

jectories, and the presence of multiple candidate 510

plans can introduce noise that interferes with final 511

decision-making. This suggests a trade-off between 512

reasoning width and task complexity. 513

4.5 Ablation Result 514

As shown in Table 1, ablation studies reveal criti- 515

cal insights into our components. “w/o PS” means 516

without parallel sampling, it indicates that simply 517

incorporating knowledge provides a baseline im- 518

provement. However, the gains are sightly lower 519

than the full KATE framework. This suggests that 520

without an activation mechanism, the model fails 521

to fully utilize the injected knowledge. “w/o Exp” 522
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means without experiential knowledge. It shows523

that utilizing parallel sampling alone improves per-524

formance, but the model’s upper bound remains525

limited. This indicates that task-specific experien-526

tial knowledge is essential for supplementing the527

model’s inherent reasoning. Replacing LLM-based528

aggregation with self-consistency leads to gains529

on the Qwen3-32B model in some testing results,530

demonstrating the robustness of this strategy.531

4.6 Error Type Analysis532

As presented in Figure 5, we use gpt-5-mini to533

classify the error type. We find that planning and534

reasoning errors constitute the largest failure mode535

across all methods, but are substantially reduced by536

trajectory-level supervision and further by parallel537

sampling. This indicates that experiential knowl-538

edge can present the model to a broader set of539

previously observed scenarios, thereby improving540

its ability to reason and reducing reasoning-related541

failures. Parallel sampling also significantly miti-542

gates premature termination errors, improving ro-543

bustness in long-horizon execution.544

4.7 Training Analysis545

As shown in Table 1, analysis of the Qwen3-8B546

fine-tuning experiments shows that RL is more547

effective than SFT for knowledge internalization.548

While the “SFT + RL” sequence is effective, we549

found that Direct RL (without prior SFT) yields550

the best performance. This suggests that for suffi-551

ciently strong base models, RL better explores and552

reinforces tool-calling capabilities than SFT within553

the same data budget. As shown in Figure 6, while554

the difference between “SFT + RL” and “RL” is555

subtle, RL consistently maintains an upper hand in556

convergence quality and final accuracy.557

5 Related Work 558

Tool Learning. LLMs have recently been extended 559

with tool-use capabilities (Hao et al., 2025; Prab- 560

hakar et al., 2025; Qin et al., 2024), enabling them 561

to interact with external APIs and environments 562

beyond pure text generation (Lu et al., 2025). Due 563

to the complexity of multi-turn interactive tool-use 564

tasks, researchers typically enhance tool-learning 565

capabilities by optimizing reasoning frameworks 566

(Qin et al., 2024) and fine-tuning model parame- 567

ters (Lu et al., 2025). With the adoption of rein- 568

forcement learning in LLMs (Hu, 2025; Shao et al., 569

2024), an increasing number of tasks leverage RL 570

to strengthen a model’s ability to invoke tools (Qian 571

et al., 2025; Jiang et al., 2025; Xue et al., 2025). 572

However, few studies have emphasized the critical 573

role of knowledge in tool-use tasks. 574

Experiential Knowledge. Experiential knowl- 575

edge refers to the experiences, memories, and 576

thought processes involved in deriving an answer 577

(Fang et al., 2025; Cai et al., 2025). By applying 578

such knowledge to downstream tasks, models are 579

provided with experiential guidance for similar sce- 580

narios, thereby facilitating correct responses (Cao 581

et al., 2025; Tang et al., 2025; Zheng et al., 2024; 582

Chen et al., 2025; Chhikara et al., 2025; Wang et al., 583

2025). Increasingly, recent methods leverage pro- 584

cedural experience to enhance model capabilities 585

during both reasoning and training stages. But they 586

don’t study the role of experiential knowledge in 587

different stage of tool use, we systematically in- 588

vestigate the full lifecycle of knowledge in tool 589

learning. 590

6 Conclusion 591

In this work, we investigate how do knowledge in- 592

fluence LLMs in multi-turn tool-use tasks. We cat- 593

egorize experiential knowledge into instance-level 594

and intent-level forms and systematically evaluate 595

their impact on tool execution. we further study 596

how such knowledge can be effectively activated 597

during inference and find that increasing reason- 598

ing breadth is particularly effective in eliciting la- 599

tent experiential knowledge. We additionally fine- 600

tune the model to further consolidate knowledge- 601

grounded reasoning. By integrating knowledge 602

and tool use across the stages of knowledge con- 603

struction, inference-time activation, and training- 604

time refinement, we demonstrate how experiential 605

knowledge can systematically enhance tool execu- 606

tion capabilities. 607
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Limitations608

Our experiments demonstrate that incorporating609

knowledge can effectively enhance tool-calling per-610

formance, and that explicit knowledge activation611

further improves tool-use accuracy. Nevertheless,612

our evaluation is conducted on a relatively small-613

scale knowledge base, and the impact of scaling the614

knowledge repository remains unexplored. More-615

over, our current study is limited to text-only tool-616

use scenarios, leaving the extension to multimodal617

tasks as an important direction for future work.618

Ethics Statement619

Our work does not introduce ethical concerns. This620

paper utilized AI assistance for language polishing621

of the manuscript, including vocabulary correction622

and spell checking.623
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A Knowledge Construction for 843

Augmentation 844

We use GPT-4o to summarize the experiential 845

knowledge. 846

We construct experiential data in the following 847

manner. For Scenario Trajectory Knowledge 848

(ST), we directly use the ground-truth tool invo- 849

cation list from the training data as experiential 850

knowledge. For Experience Summary Knowl- 851

edge (ES), we ask the LLM to generate the textual 852

summary of the tool calls. 853

For Script-Style Intent Clustering Knowledge 854

(SIC), we first clusters the vector embeddings of 855

instructions using the K-Means algorithm for each 856

scenario with same toolset, with an LLM assigning 857

semantic intent labels to each resulting cluster. For 858

each cluster, a batch-wise extraction and hierarchi- 859

cal induction strategy is employed: task-specific 860

data is processed in batches to circumvent con- 861

text window limitations, allowing the LLM to sum- 862

marize intermediate scripts. These scripts, which 863

distill raw tool-calling trajectories into structured 864

JSON Standard Operating Procedures containing 865

conditional logic and step sequences, are further 866

consolidated into a final unified pattern. Finally, 867

these components—comprising intent labels, vec- 868

tor embeddings, and behavioral patterns—are inte- 869

grated into a searchable procedural memory bank. 870

Following this, for Textual-Style Intent Cluster- 871

ing Knowledge (TIC) the LLM is prompted to 872

generate a natural language textual description for 873

each refined pattern script. 874

B Examples 875

The user’s question enhanced with experience 876

knowledge is shown in Example 7, Example 8, 877

Example 9, Example 10. For Script-Style Intent 878

Clustering Knowledge, we provide indentation for 879

readability, but in the actual prompt, there are no 880

line breaks or indentation. 881

C Prompt 882

The prompt of LLM-based aggregation of BFCL- 883

V3 is in Prompt 1, and the aggregation prompt of 884

dataset AppWorld is in Prompt 2. The inference 885

prompt of AppWorld is in Prompt 6. 886
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Figure 6: The reward scores of training process of
dataset BFCL-V3.

D Inference Details887

D.1 Retriever Design888

We adopt all-MiniLM-L6-v2 as the retrieval em-889

bedding model.890

To optimize retrieval precision across diverse891

task environments, we design different retriever892

for datasets. For dataset BFCL, for a given query,893

the system first encodes the target content into894

a high-dimensional embedding and restricts the895

search space to a subset of the knowledge base pre-896

filtered by the relevant toolset (involved classes).897

This hard constraint ensures that retrieved expe-898

riences are strictly relevant to the required tool899

operations. Subsequently, candidates undergo sim-900

ilarity thresholding at p = 0.5, where trajectories901

with cosine similarity scores below this limit are902

pruned to maintain high contextual precision. To903

resolve potential overlaps in multi-category tasks,904

the framework performs global descending sorting905

followed by deduplication, ultimately extracting906

the top most relevant unique trajectories to serve as907

experiential guidance for the model.908

For dataset AppWorld, the setting is same as909

Section 3.910

D.2 Inference Details911

We set the temperature to 0 for inference and con-912

figured it to 1 for parallel sampling. The parallel913

sampling size is set to 4, with all experiments con-914

ducted on NVIDIA A800 and A100 using Qwen3-915

8B and Qwen3-32B. We report results from a single916

run for all experiments; therefore, no error bars or917

variance statistics are provided.918

For dataset BFCL-V3, each testing scenarios919

containing 200 instances that share identical task920

descriptions but yield different execution outcomes921

due to environment-specific dynamics. We select922

100 samples from the Base scenario to construct 923

the training set, while the remaining samples are 924

reserved for evaluation. To avoid data leakage, 925

the dataset is split at the sample-ID level, with 926

even-indexed instances assigned to training and 927

odd-indexed instances assigned to testing. All expe- 928

riential knowledge used for knowledge augmenta- 929

tion is extracted exclusively from the Base portion 930

of the training split. 931

For dataset AppWorld, we distilled 81 correct ex- 932

amples from the 90 training instances to construct 933

the knowledge base. 934

For Memp, we follow the “Proceduralization” 935

setup from the original paper (Fang et al., 2025), 936

that is, we combine trajectories and inductive script 937

as the baseline. Specifically, we use Scenario Tra- 938

jectory (ST) knowledge and Experience Summary 939

(ES) knowledge as experience, and for the retriever, 940

we adopt the same settings. For ReAct in App- 941

World, since the Qwen3 series models output their 942

thought processes by default, we did not ask them 943

to output their thought processes. Instead, we in- 944

structed them to output the code directly. 945

E Training Details 946

We augment the training data with experiential 947

knowledge and decompose multi-turn tool-calling 948

sequences into individual turns across different 949

rounds. The resulting dataset is split 1:1 for Super- 950

vised Fine-Tuning (SFT) and Reinforcement Learn- 951

ing (RL), with samples exceeding a text length of 952

8192 tokens removed. For the RL process, we 953

extract the tool-calling outputs and verify their cor- 954

rectness using a matching-based evaluation. 955

We fine-tune the model using both Supervised 956

Fine-Tuning (SFT) and Reinforcement Learning 957

(RL), adopting LoRA-based parameter-efficient 958

tuning across all stages. For SFT, we set the learn- 959

ing rate to 3e-5, train for 3 epochs, and use a LoRA 960

rank of 32 with LoRA alpha set to 16. For RL, we 961

use GRPO method. We use a training batch size of 962

128, a maximum prompt length of 8192, and a max- 963

imum response length of 2048. The learning rate 964

is also set to 3e-5, with 8 sampled trajectories per 965

prompt and 7 training epochs, while maintaining a 966

LoRA rank of 32. 967

We use all models and datasets in compliance 968

with their licenses. 969
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Figure 7: The results of parallel sampling with different sampling size.

Algorithm 1 Multi-turn Parallel Action Sampling
with Aggregation

Require: Initial dialogue historyH0; tool set T ;
system prompt S; parallel sample size
N ; aggregation function A(·); maxi-
mum steps T

Ht ← H0, t← 0;
while t < T do

actions← ∅;
for all i = 1, . . . , N in parallel do

o
(i)
t+1 ∼ P (ot+1 | T , S,Ht);

actions← actions ∪ {o(i)t+1};
if All samples in actions are identical then

ot+1 ← o
(1)
t+1;

else
ot+1 ← A(actions | S,Ht);

if ot+1 is a tool invocation ct+1 then
Execute ct+1 and observe environment
reward renv

t+1;
Ht+1 ← Ht ∪ {ct+1, r

env
t+1};

else
if No further user query then

return ot+1;
Observe user reply ruser

t+1;
Ht+1 ← Ht ∪ {ot+1, r

user
t+1};

t← t+ 1;

Algorithm 2 KATE
Require: Initial history H0; tool ses T ; system

prompt S; Parallel size N ; Similarity
threshold p; Aggregation function A(·);
maximum steps T .

InitializeHre
0 ← H0, t← 0;

while t < T do
Observe user query rt = ruser

t ;
Hre

t ← Hre
t ∪R(ruser

t );
Initialize actions← ∅;
for all i = 1, . . . , N in parallel do

o
(i)
t+1 ∼ P (ot+1 | T , S,Hre

t );

actions← actions ∪ {o(i)t+1};
if All samples in actions are identical then

ot+1 ← o
(1)
t+1;

else
ot+1 ← A(actions | S,Hre

t );
if ot+1 is a tool invocation ct+1 then

Execute ct+1 and observe environment
feedback renv

t+1;
Hre

t+1 ← Hre
t ∪ {ct+1, r

env
t+1};

else
if No further user query then

return ot+1;
Observe user reply ruser

t+1

Hre
t+1 ← Hre

t ∪ {ot+1, r
user
t+1};

t← t+ 1;
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You are a tool calling agent. Based on the conversation history, available tools, and
candidate tool calls provided.
Your task is to evaluate multiple candidate tool calls generated for the user's questions and
assistant responses, analyze their correctness, and produce a single **optimal plan** along
with a **validated tool call**.

---

### Inputs
- Candidate tool calls: {candidate_plans}

**Return Format**
Return a JSON object with the following structure:

```json
{{
"optimal_plan": "<Explain The optimal plan and tool calls to execute next (You don't need
to explain why you choose this approach, but rather explain why you are executing this
tool_call.)>",
"optimal_tool_call": {{
"name": "<tool name>",
"parameters": {{}}

}}
}}
Only one tool call is allowed in the optimal_tool_call.
If no tool call is needed, set "optimal_tool_call": {{"name": "response_to_user",
"parameters": {{"content": "The response to the user"}}}}.

Prompt 1: Aggregation Prompt used in KATE on dataset BFCL-V3

970

You are a highly skilled assistant tasked with generating Python code in a **step-by-step**
manner. Your goal is to progressively generate the correct code based on the conversation
history and multiple candidate solutions. After each step, you should assess the results of
the generated code and, if needed, iterate to make improvements. You should not attempt to
generate all the code at once. Instead, generate a small portion of the code at a time, test
it, and refine it based on the feedback received. If previous code attempts were incorrect,
reassess the logic and generate the next step of code accordingly.

---

### Input Information:

- **User's Question**:
{user_question}

- **Interaction History Between Assistant and the Environment**:
{interaction_history}

- **Candidate Code Options**:
{candidate_code}

---

### Instructions:

1. **Understand the Problem**: Thoroughly review the user's question and the interaction
history to grasp the context.
2. **Break Down the Task**: Start by identifying the most critical portion of the code that
needs to be addressed first. Focus on one current step at a time.
3. **Generate a Small Portion of Code**: Produce only the part of the code needed to address
the first step of the task. Do not try to complete the entire solution in one go.
4. **Iterate Based on Feedback**: If previous steps have errors or issues, do not just fix
them all at once. Focus on understanding the specific issue and generating the next part of
the solution, keeping previous code intact as much as possible.

971
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5. **Iterative Refinement**: With each step, you should refine your approach based on what
has been known so far, gradually moving towards a complete solution.

---

### Output Format:

```python
# The code for the current step in the task.
Add your code here
```

Prompt 2: Aggregation Prompt used in KATE on dataset AppWorld

972

Before invoking any tools, clearly identify the user's *current intent* based on the
conversation history and the latest user message.

There are some suggestions for your reasoning:
1. Identify the user's current intent based on the conversation history and the latest user
message.
2. Break down this intent into clear, actionable subtasks or goals.
3. Determine which tools (if any) are needed for each subtask, and specify their expected
inputs and outputs. Your reasoning should focus on *clarity* (what the user wants),
*structure* (how to achieve it), and *efficiency* (which tool or reasoning step should come
next).

You do not have to fully adhere to the above suggestions. But you need to analyze the
relevant points in the conversation history about the intent requirements in the thinking
process.

Prompt 3: Intent prompt in Depth-based Prompt-Hint Activation

973

Before invoking new tools, review the history of tool calls and their outcomes.

There are some suggestions for your reasoning:
1. Determine whether the previous tool calls were correct, sufficient, or complete. If a tool
call failed or produced suboptimal results due to insufficient or missing parameters or
functions, reflect on what information was lacking, how it could be inferred or obtained.
2. If issues exist (e.g., wrong parameters, missing calls, failed execution), explain briefly
why they occurred.
3. Analyze future multi-step tool calls during the analysis process, rather than just
focusing on the next step.

You do not have to fully adhere to the above suggestions. But you need to analyze the
relevant points in the conversation history about the correctness and necessary of previous
tool call in the thinking process.

Prompt 4: Reflection prompt in Depth-based Prompt-Hint Activation

974

Before invoking any tools, carefully identify the *environment* and the *state* required to
answer the user's question, because these may influence both the tool selection and the
parameters for tool calls.

There are some suggestions for your reasoning:
1. Analyze the user's question to detect any implicit state dependencies (e.g., user login
status, file existence, context variables).
2. Determine what specific states must be confirmed before continuing.
3. If verification is required, decide which tools should be invoked to confirm those states.
If no state verification is needed, proceed with reasoning toward tool selection or response

975
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generation.

You do not have to fully adhere to the above suggestions. But you need to analyze the
relevant points in the conversation history about the state requirements in the thinking
process.

Prompt 5: State prompt in Depth-based Prompt-Hint Activation

976

USER:
I am your supervisor and you are a super intelligent AI Assistant whose job is to achieve my
day-to-day tasks completely autonomously.

To do this, you will need to interact with app/s (e.g., spotify, venmo, etc) using their
associated APIs on my behalf. For this you will undertake a *multi-step conversation* using a
python REPL environment. That is, you will write the python code and the environment will
execute it and show you the result, based on which, you will write python code for the next
step and so on, until you've achieved the goal. This environment will let you interact with
app/s using their associated APIs on my behalf.

Here are three key APIs that you need to know to get more information

# To get a list of apps that are available to you.
print(apis.api_docs.show_app_descriptions())

# To get the list of apis under any app listed above, e.g. supervisor
print(apis.api_docs.show_api_descriptions(app_name='supervisor'))

# To get the specification of a particular api, e.g. supervisor app's show_account_passwords
print(apis.api_docs.show_api_doc(app_name='supervisor', api_name='show_account_passwords'))

Each code execution will produce an output that you can use in subsequent calls. Using these
APIs, you can now generate code, that the environment will execute, to solve the task.

For example, consider the task:

My name is: {{ supervisor.first_name }} {{ supervisor.last_name }}. My personal email is {{
supervisor.email }} and phone number is {{ supervisor.phone_number }}.

Task:

What is the password for my Spotify account?

ASSISTANT:
# Okay. Lets first find which apps are available to get the password by looking at the app
descriptions.
print(apis.api_docs.show_app_descriptions())

USER:
[
{
"name": "api_docs",
"description": "An app to search and explore API documentation."

},
{
"name": "supervisor",
"description": "An app to access supervisor's personal information, account credentials,
addresses, payment cards, and manage the assigned task."

},
...
{
"name": "spotify",
"description": "A music streaming app to stream songs and manage song, album and playlist
libraries."

},
{
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"name": "venmo",
"description": "A social payment app to send, receive and request money to and from
others."

},
...

]

ASSISTANT:
# Looks like the supervisor app could help me with that. Lets see what apis are available
under this app.
print(apis.api_docs.show_api_descriptions(app_name='supervisor'))

USER:
[
...
"show_account_passwords : Show your supervisor's account passwords."
...

]

ASSISTANT:
# I can use `show_account_passwords` to get the passwords. Let me see its detailed
specification to understand its arguments and output structure.
print(apis.api_docs.show_api_doc(app_name='supervisor', api_name='show_account_passwords'))

USER:
{
'app_name': 'supervisor',
'api_name': 'show_account_passwords',
'path': '/account_passwords',
'method': 'GET',
'description': "Show your supervisor's app account passwords.",
'parameters': [],
'response_schemas': {
'success': [{'account_name': 'string', 'password': 'string'}],
'failure': {'message': 'string'}

}
}

ASSISTANT:
# Okay, it requires no arguments. So I can just call it directly.
print(apis.supervisor.show_account_passwords())

USER:
[
{
"account_name": "spotify",
"password": "dummy_spotify_pass"

},
{
"account_name": "file_system",
"password": "dummy_fs_pass"

},
...

]

ASSISTANT:
# So the Spotify password is an entry in the `passwords` list with the account_name=spotify.
spotify_password = [account_password["account_name"] == "spotify" for account_password in
passwords][0]["password"]
print(spotify_password)

USER:
dummy_spotify_pass
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ASSISTANT:
# When the task is completed, I need to call apis.supervisor.complete_task(). If there is an
answer, I need to pass it as an argument `answer`. I will pass the spotify_password as an
answer.
apis.supervisor.complete_task(answer=spotify_password)

USER:
Marked the active task complete.

----------------------------------------------

USER:
**Key instructions and disclaimers**:

1. The email addresses, access tokens and variables (e.g. spotify_password) in the example
above were only for demonstration. Obtain the correct information by calling relevant APIs
yourself.
2. Only generate valid code blocks, i.e., do not put them in ```...``` or add any extra
formatting. Any thoughts should be put as code comments.
3. You can use the variables from the previous code blocks in the subsequent code blocks.
4. Write small chunks of code and only one chunk of code in every step. Make sure everything
is working correctly before making any irreversible change.
5. The provided Python environment has access to its standard library. But modules and
functions that have a risk of affecting the underlying OS, file system or process are
disabled. You will get an error if do call them.
6. Any reference to a file system in the task instructions means the file system *app*,
operable via given APIs, and not the actual file system the code is running on. So do not
write code making calls to os-level modules and functions.
7. To interact with apps, only use the provided APIs, and not the corresponding Python
packages. E.g., do NOT use `spotipy` for Spotify. Remember, the environment only has the
standard library.
8. The provided API documentation has both the input arguments and the output JSON schemas.
All calls to APIs and parsing its outputs must be as per this documentation.
9. For APIs that return results in "pages", make sure to consider all pages.
10. To obtain current date or time, use Python functions like `datetime.now()` or obtain it
from the phone app. Do not rely on your existing knowledge of what the current date or time
is.
11. For all temporal requests, use proper time boundaries, e.g., if I ask for something that
happened yesterday, make sure to consider the time between 00:00:00 and 23:59:59. All
requests are concerning a single, default (no) time zone.
12. Any reference to my friends, family or any other person or relation refers to the people
in my phone's contacts list.
13. All my personal information, and information about my app account credentials, physical
addresses and owned payment cards are stored in the "supervisor" app. You can access them via
the APIs provided by the supervisor app.
14. Once you have completed the task, call `apis.supervisor.complete_task()`. If the task
asks for some information, return it as the answer argument, i.e. call
`apis.supervisor.complete_task(answer=<answer>)`. For tasks that do not require an answer,
just skip the answer argument or pass it as None.
15. The answers, when given, should be just entity or number, not full sentences, e.g.,
`answer=10` for "How many songs are in the Spotify queue?". When an answer is a number, it
should be in numbers, not in words, e.g., "10" and not "ten".
16. You can also pass `status="fail"` in the complete_task API if you are sure you cannot
solve it and want to exit.
17. You must make all decisions completely autonomously and not ask for any clarifications or
confirmations from me or anyone else.

### Instructions:

1. **Understand the Problem**: Thoroughly review the user's question and the interaction
history to grasp the context.
2. **Break Down the Task**: Start by identifying the most critical portion of the code that
needs to be addressed first. Focus on one current step at a time.
3. **Generate a Small Portion of Code**: Produce only the part of the code needed to address
the first step of the task. Do not try to complete the entire solution in one go.
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4. **Iterate Based on Feedback**: If previous steps have errors or issues, do not just fix
them all at once. Focus on understanding the specific issue and generating the next part of
the solution, keeping previous code intact as much as possible.
5. **Iterative Refinement**: With each step, you should refine your approach based on what
has been known so far, gradually moving towards a complete solution.

And you need to call apis.api_docs.show_app_descriptions(),
apis.api_docs.show_api_descriptions(app_name='<app>') and
apis.api_docs.show_api_doc(app_name='<app>', api_name='<app_name>') before utilizing <app>
and <app_name> others at first time. And you need to print the result of each API call.

You don't need to generate the entire code at once. You can generate the code step by step
and execute it.

USER:
Using these APIs, now generate code to solve the actual task:

My name is: {{ supervisor.first_name }} {{ supervisor.last_name }}. My personal email is {{
supervisor.email }} and phone number is {{ supervisor.phone_number }}.

Task:

{{ instruction }}

Prompt 6: Prompt of AppWorld
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Original Question:
How much would a flight from SF to LA even cost? It's probably cheap. That's it, let me just
do it. I need to arrange a business class flight for Robert Trenton from San Francisco to Los
Angeles on November 25th 2024. The reservation should be made using his travel card with id
card_3487 and access code 1293. Following the booking, I have to ensure an invoice is issued
to verify the charges.

Enhanced Question:
How much would a flight from SF to LA even cost? It's probably cheap. That's it, let me just
do it. I need to arrange a business class flight for Robert Trenton from San Francisco to Los
Angeles on November 25th 2024. The reservation should be made using his travel card with id
card_3487 and access code 1293. Following the booking, I have to ensure an invoice is issued
to verify the charges.

Before answering the user's question above, please first review the following related
experiences:

### Example 1
**Question:** I'm planning to fly from San Francisco to Los Angeles on October 15, 2024.
Could you assist in securing a first-class seat using my travel card with id
'travel_card_12345'? Everything you needaccess token (abc123xyz456), traveler detailsare at
the ready. Just make sure that I can afford it because I only have 6000 dollars to spend for
this flight.

**Correct Tool Calling Trajectory for Reference:**
- get_flight_cost(travel_from='SFO', travel_to='LAX', travel_date='2024-10-15',
travel_class='first')
- book_flight(access_token='abc123xyz456', card_id='travel_card_12345',
travel_date='2024-10-15', travel_from='SFO', travel_to='LAX', travel_class='first')

### Example 2
**Question:** Now, with the newly set budget and using card with id 1432 out of my available
cards, I'd like to book that business-class flight from Rivermist to Los Angeles on August
15, 2024, utilizing my access token ABCDE12345. You already know the travel cost!

**Correct Tool Calling Trajectory for Reference:**
- book_flight(access_token='ABCDE12345', card_id='1432', travel_date='2024-08-15',
travel_from='RMS', travel_to='LAX', travel_class='business')
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### Example 3
**Question:** I'm planning to jet off and stumbled upon a nifty flight from San Francisco to
Los Angeles. Lowkey, my budget isn't too tight, but just make sure overall cost for the
flight is below $10,000? You should know my travel class is 'first' and travel date is
'2024-11-15'. Oh, and I've got my card with id 'card123' and account token
'access_token_abc123' all good to go.

**Correct Tool Calling Trajectory for Reference:**
-
get_flight_cost(travel_from='SFO',travel_to='LAX',travel_date='2024-11-15',travel_class='first')
- book_flight(access_token='access_token_abc123', card_id='card123',
travel_date='2024-11-15', travel_from='SFO', travel_to='LAX', travel_class='first')

**Note**: You are not required to reference the information or examples above if they are not
directly relevant to the current user question. Analyze the problem carefully, decide whether
the retrieved information is useful, and always apply reasoning before making any tool calls.
Your actions must be based on the information given by the current user. You can not make up
data, nor can you refer to examples that will cause you to act beyond the current information.
You need to determine the difference between your question and the question in retrieval
examples.
Attention the user question at current turn is:
How much would a flight from SF to LA even cost? It's probably cheap. That's it, let me just
do it. I need to arrange a business class flight for Robert Trenton from San Francisco to Los
Angeles on November 25th 2024. The reservation should be made using his travel card with id
card_3487 and access code 1293. Following the booking, I have to ensure an invoice is issued
to verify the charges.

Prompt 7: Example of Scenario Trajectory Knowledge (ST)
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Original Question:
How much would a flight from SF to LA even cost? It's probably cheap. That's it, let me just
do it. I need to arrange a business class flight for Robert Trenton from San Francisco to Los
Angeles on November 25th 2024. The reservation should be made using his travel card with id
card_3487 and access code 1293. Following the booking, I have to ensure an invoice is issued
to verify the charges.

Enhanced Question:
How much would a flight from SF to LA even cost? It's probably cheap. That's it, let me just
do it. I need to arrange a business class flight for Robert Trenton from San Francisco to Los
Angeles on November 25th 2024. The reservation should be made using his travel card with id
card_3487 and access code 1293. Following the booking, I have to ensure an invoice is issued
to verify the charges.

Before answering the user's question above, please first review the following related
experiences:

### Example 1
**Question:** I'm planning to fly from San Francisco to Los Angeles on October 15, 2024.
Could you assist in securing a first-class seat using my travel card with id
'travel_card_12345'? Everything you needaccess token (abc123xyz456), traveler detailsare at
the ready. Just make sure that I can afford it because I only have 6000 dollars to spend for
this flight.

**Analysis & Advice:**
To solve the user's request accurately, the task involved extracting essential information
such as the travel route (San Francisco to Los Angeles), date (October 15, 2024), and class
(first) from the question. The user's budget constraint of $6000 was identified,
necessitating a check on the flight cost before booking. The correct tools were selected:
`get_flight_cost` to verify affordability and `book_flight` to confirm booking details using
the provided access token and travel card ID. This structured approach ensured that
parameters aligned with user needs. For future tasks, apply a systematic extraction of
constraints, verify budget compatibility before booking, and ensure tool parameters match the
user's context to maintain accuracy and reliability.
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### Example 2
**Question:** Now, with the newly set budget and using card with id 1432 out of my available
cards, I'd like to book that business-class flight from Rivermist to Los Angeles on August
15, 2024, utilizing my access token ABCDE12345. You already know the travel cost!

**Analysis & Advice:**
In the current turn, the problem was accurately interpreted by identifying the user's request
to book a flight using specific constraints: budget, card ID, and access token. The task
required extracting these parameters from the user's message and using them to configure the
`book_flight` tool call. The constraints were validated against the user's context from
previous turns, ensuring the travel cost and airport code were already known. This task's
success relied on precise parameter extraction and validation. For future tasks, consistently
extract parameters from user input and context, validate them against known data, and select
tools that align with task requirements. Ensure all parameters are mapped correctly and
verified for consistency with previous interactions, and use error handling to manage
potential inconsistencies.

### Example 3
**Question:** I'm planning to jet off and stumbled upon a nifty flight from San Francisco to
Los Angeles. Lowkey, my budget isn't too tight, but just make sure overall cost for the
flight is below $10,000? You should know my travel class is 'first' and travel date is
'2024-11-15'. Oh, and I've got my card with id 'card123' and account token
'access_token_abc123' all good to go.

**Analysis & Advice:**
In the current task, the agent successfully interpreted the user's request by identifying key
constraints: departure ('SFO'), destination ('LAX'), travel date ('2024-11-15'), travel class
('first'), and budget (below $10,000). The correct tools were selected: `get_flight_cost` to
check the cost against the budget, and `book_flight` to finalize the booking using provided
credentials ('card123', 'access_token_abc123'). This demonstrates effective constraint
extraction and parameter mapping. For future tasks, ensure clear identification of
constraints and credentials from user input, verify tool capabilities (e.g., cost retrieval
before booking), and confirm parameters meet user criteria before proceeding with actions.
This structured approach improves accuracy and reliability in handling similar tasks.

**Note**: You are not required to reference the information or examples above if they are not
directly relevant to the current user question. Analyze the problem carefully, decide whether
the retrieved information is useful, and always apply reasoning before making any tool calls.
Your actions must be based on the information given by the current user. You can not make up
data, nor can you refer to examples that will cause you to act beyond the current information.
You need to determine the difference between your question and the question in retrieval
examples.
Attention the user question at current turn is:
How much would a flight from SF to LA even cost? It's probably cheap. That's it, let me just
do it. I need to arrange a business class flight for Robert Trenton from San Francisco to Los
Angeles on November 25th 2024. The reservation should be made using his travel card with id
card_3487 and access code 1293. Following the booking, I have to ensure an invoice is issued
to verify the charges.

Prompt 8: Example of Experience Summary Knowledge (ES)
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Original Question:
I've just secured all doors and engaged the parking brake in my vehicle, please start the
engine with the ignition on START mode.

Enhanced Question:
I've just secured all doors and engaged the parking brake in my vehicle, please start the
engine with the ignition on START mode.

Before answering the user's question above, please first review the following related
experiences:

The user's intent is The user intends to start the vehicle's engine by engaging the ignition
in START mode after ensuring all doors are secured and the parking brake is applied.
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There are some behavior pattern for you to reference:
**Pattern of The common intent is to ensure car doors are locked and the engine is started
for a safe and prepared journey.**: [
{
"note": "Preconditions and safety: ensure the user is authorized to control the vehicle,
the vehicle is in Park/Neutral, and surroundings are safe."

},
{
"call": "displayCarStatus",
"args": {
"option": "doors"

},
"save_as": "doors_status"

},
{
"condition": "<unlock_requested> == True",
"then": [
{
"call": "lockDoors",
"args": {
"unlock": true,
"door": [
"driver",
"passenger",
"rear_left",
"rear_right"

]
},
"save_as": "unlock_result"

},
{
"condition": "unlock_result.lockStatus == 'unlocked'",
"then": [
{
"note": "Doors successfully unlocked as requested."

}
],
"else": [
{
"action": "fail",
"reason": "Failed to unlock all requested doors."

}
]

}
],
"else": [
{
"condition": "doors_status.status.doorStatus contains any 'unlocked'",
"then": [
{
"call": "lockDoors",
"args": {
"unlock": false,
"door": [
"driver",
"passenger",
"rear_left",
"rear_right"

]
},
"save_as": "lock_result"

},
{
"condition": "lock_result.lockStatus == 'locked' and
lock_result.remainingUnlockedDoors == 0",
"then": [
{
"note": "All doors locked successfully."
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}
],
"else": [
{
"call": "displayCarStatus",
"args": {
"option": "doors"

},
"save_as": "doors_status_after"

},
{
"condition": "doors_status_after.status.doorStatus contains any 'unlocked'",
"then": [
{
"action": "fail",
"reason": "Unable to lock all doors after retry."

}
]

}
]

}
],
"else": [
{
"note": "All doors were already locked."

}
]

}
]

},
{
"condition": "<ensure_parking_brake_engaged> == True",
"then": [
{
"call": "activateParkingBrake",
"args": {
"mode": "engage"

},
"save_as": "parking_brake_status"

}
]

},
{
"call": "pressBrakePedal",
"args": {
"pedalPosition": 1.0

},
"save_as": "brake_press"

},
{
"condition": "brake_press.brakePedalStatus == 'pressed'",
"then": [
{
"call": "startEngine",
"args": {
"ignitionMode": "START"

},
"save_as": "engine_start"

}
],
"else": [
{
"action": "fail",
"reason": "Brake pedal not pressed; cannot start engine."

}
]

},
{
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"condition": "engine_start.engineState == 'running'",
"then": [
{
"note": "Engine started successfully."

},
{
"call": "displayCarStatus",
"args": {
"option": "engine"

},
"save_as": "engine_status"

},
{
"call": "displayCarStatus",
"args": {
"option": "fuel"

},
"save_as": "fuel_status"

},
{
"call": "displayCarStatus",
"args": {
"option": "battery"

},
"save_as": "battery_status"

},
{
"condition": "<need_climate_status> == True",
"then": [
{
"call": "displayCarStatus",
"args": {
"option": "climate"

},
"save_as": "climate_status"

}
]

},
{
"condition": "<need_headlights> == True",
"then": [
{
"call": "setHeadlights",
"args": {
"mode": "<headlight_mode_on_or_auto>"

},
"save_as": "headlights_status"

}
]

},
{
"condition": "<check_tire_pressure> == True",
"then": [
{
"call": "check_tire_pressure",
"args": {},
"save_as": "tire_status"

},
{
"condition": "tire_status.tirePressure.healthy_tire_pressure == False",
"then": [
{
"call": "find_nearest_tire_shop",
"args": {},
"save_as": "tire_shop"

}
]

}
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]
},
{
"condition": "<ready_to_drive> == True",
"then": [
{
"call": "activateParkingBrake",
"args": {
"mode": "release"

},
"save_as": "parking_brake_release"

},
{
"call": "releaseBrakePedal",
"args": {},
"save_as": "brake_release"

}
],
"else": [
{
"note": "Remain stationary: keep parking brake engaged and foot brake as needed."

}
]

}
],
"else": [
{
"note": "Engine failed to start; proceed with diagnostics."

},
{
"call": "displayCarStatus",
"args": {
"option": "fuel"

},
"save_as": "fuel_status_on_fail"

},
{
"call": "displayCarStatus",
"args": {
"option": "battery"

},
"save_as": "battery_status_on_fail"

},
{
"condition": "fuel_status_on_fail.status.fuelLevel <= <fuel_min_threshold_gal>",
"then": [
{
"call": "fillFuelTank",
"args": {
"fuelAmount": "<fuel_amount_gal>"

},
"save_as": "refuel_result"

}
]

},
{
"action": "fail",
"reason": "Engine did not start; check battery voltage and fuel level, then retry."

}
]

},
{
"note": "Optional: If user explicitly requests door unlocking (e.g., for access), run the
unlock branch above before any start steps. If low-light is expected or requested, set
headlights to 'auto' or 'on'. Always confirm critical states (doors, engine, fuel,
battery) after actions."

}
]
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**Note**: You are not required to reference the information or examples above if they are not
directly relevant to the current user question. Analyze the problem carefully, decide whether
the retrieved information is useful, and always apply reasoning before making any tool calls.
Your actions must be based on the information given by the current user. You can not make up
data, nor can you refer to examples that will cause you to act beyond the current information.
You need to determine the difference between your question and the question in retrieval
examples.
Attention the user question at current turn is:
I've just secured all doors and engaged the parking brake in my vehicle, please start the
engine with the ignition on START mode.

Prompt 9: Example of Script-Style Intent Clustering Knowledge (SIC)
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Original Question:
I've just secured all doors and engaged the parking brake in my vehicle, please start the
engine with the ignition on START mode.

Enhanced Question:
I've just secured all doors and engaged the parking brake in my vehicle, please start the
engine with the ignition on START mode.

Before answering the user's question above, please first review the following related
experiences:

The user's intent is The user has secured the vehicle's doors and engaged the parking brake,
and is requesting to start the engine by turning the ignition to the START mode.
There are some behavior pattern for you to reference:
**Pattern Summary of The common intent is to ensure car doors are locked and the engine is
started for a safe and prepared journey.**: Across the provided tool call paths, the
mainstream pattern is to secure the vehicle by locking all doors, then start the engine by
fully pressing the brake pedal and invoking START. Variations include checking door status
before locking, engaging the parking brake for safety, turning on headlights when requested,
and performing post-start checks like climate or tire pressure. Common pitfalls observed:
skipping a pre-check of door status before locking; not verifying the outcome of door
lock/unlock; not confirming the engine actually started; neglecting fuel/battery checks if
start fails; forgetting to release the brake pedal and/or parking brake before driving;
failing to handle low tire pressure; and not confirming or setting headlights appropriately
for conditions. To make the workflow robust, it should include: door status verification and
confirmation after lock/unlock; parking brake engagement logic (engage when stationary or on
slopes, release when ready to drive); brake pedal press verification; engine start
verification and diagnostics on failure (fuel/battery checks, possible refuel); optional
safety checks (tire pressure); optional lighting/climate steps; and clean-up steps like
releasing the brake and parking brake before departure.
**Note**: You are not required to reference the information or examples above if they are not
directly relevant to the current user question. Analyze the problem carefully, decide whether
the retrieved information is useful, and always apply reasoning before making any tool calls.
Your actions must be based on the information given by the current user. You can not make up
data, nor can you refer to examples that will cause you to act beyond the current information.
You need to determine the difference between your question and the question in retrieval
examples.
Attention the user question at current turn is:
I've just secured all doors and engaged the parking brake in my vehicle, please start the
engine with the ignition on START mode.

Prompt 10: Example of Script-Style Intent Clustering Knowledge (TIC)
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