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Abstract001

Large Language Models (LLMs) have signif-002
icantly advanced tool-augmented agents, en-003
abling autonomous reasoning via API inter-004
actions. However, executing multi-step tasks005
within massive tool libraries remains chal-006
lenging due to two critical bottlenecks: (1)007
the absence of rigorous, plan-level evalua-008
tion frameworks and (2) the computational de-009
mand of exploring vast decision spaces, stem-010
ming from large toolsets and long-horizon plan-011
ning. To bridge these gaps, we first intro-012
duce SLATE (Synthetic Large-scale API Toolkit013
for E-commerce), a large-scale context-aware014
benchmark designed for the automated assess-015
ment of tool-integrated agents. Unlike static016
metrics, SLATE accommodates diverse yet func-017
tionally valid execution trajectories, revealing018
that current agents struggle with self-correction019
and search efficiency. Motivated by these find-020
ings, we next propose Entropy-Guided Branch-021
ing (EGB), an uncertainty-aware search al-022
gorithm that dynamically expands decision023
branches where predictive entropy is high.024
EGB optimizes the exploration-exploitation025
trade-off, significantly enhancing both task suc-026
cess rates and computational efficiency. Ex-027
tensive experiments on SLATE demonstrate that028
our dual contribution provides a robust founda-029
tion for developing reliable and scalable LLM030
agents in tool-rich environments.031

1 Introduction032

The rapid progress of Large Language Mod-033

els (LLMs) has substantially enhanced the rea-034

soning and decision-making capabilities of AI035

agents (Wang et al., 2024; Guo et al., 2024; Xi036

et al., 2025), enabling them to autonomously037

interact with external tools and APIs to solve038

real-world tasks (Yao et al., 2023b; Shinn et al.,039

2023). These tool-augmented LLM agents demon-040

strate significant potential for automating complex041

workflows across diverse domains, including e-042

commerce (Yao et al., 2022; Yang et al., 2024),043

software development (Hong et al., 2023), scien- 044

tific discovery (Boiko et al., 2023), and embodied 045

AI (Ahn et al., 2024). 046

Despite this potential, the transition toward 047

context-grounded, long-horizon tool-use planning 048

reveals a significant performance gap. In these 049

sophisticated scenarios, agents are required to navi- 050

gate massive tool libraries and execute multi-step 051

plans that involve intricate dependencies (Qin et al., 052

2023). We argue that the development of robust 053

tool-use agents is primarily bottlenecked by two 054

intertwined challenges. The first is the absence of 055

rigorous, plan-level evaluation frameworks capa- 056

ble of assessing agents in high-complexity, non- 057

deterministic settings (Qu et al., 2025). The second 058

challenge stems from the limitations of existing 059

agentic methods in navigating the vast decision 060

spaces inherent to these tasks, which often results 061

in computational inefficiency and reduced auton- 062

omy (Huang et al., 2023; Xu et al., 2025). 063

The first challenge lies in evaluation. Current 064

benchmarks are inadequate, primarily in two re- 065

spects. Many employ limited toolsets that do not 066

reflect the scale or diversity of real-world applica- 067

tions (Yao et al., 2022, 2024; Shridhar et al., 2020). 068

Conversely, benchmarks that do incorporate large 069

tool libraries often assess only single-step tool invo- 070

cation, neglecting the sequential dependencies cru- 071

cial for multi-step task execution (Tang et al., 2023; 072

Patil et al., 2024; Li et al., 2023). Furthermore, 073

attempts at plan-level evaluation frequently depend 074

on subjective LLM-as-a-judge assessments (Qin 075

et al., 2023; Huang et al., 2024), which cannot reli- 076

ably measure an agent’s true end-to-end task com- 077

pletion capabilities. This is especially problematic 078

as such methods may penalize valid, alternative 079

solution paths (for instance, those with redundant 080

but harmless tool calls or different but effective ex- 081

ecution orders), thereby failing to capture a holistic 082

view of agent proficiency. 083

Complementary to the evaluation gap, the sec- 084
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ond challenge pertains to the intrinsic limitations of085

current agentic algorithms in navigating expansive086

decision spaces. While foundational methods like087

ReAct (Yao et al., 2023b) and self-reflection (Shinn088

et al., 2023; Madaan et al., 2023) integrate reason-089

ing with environmental feedback, they often strug-090

gle to systematically explore the solution space of091

long-horizon tasks. To address this, an alternative092

line of research treats the reasoning process as ex-093

plicit planning by employing search algorithms to094

navigate decision trees (Koh et al., 2024; Ye et al.,095

2025). Prominent among these are methods based096

on Monte Carlo Tree Search (MCTS), which aim097

to balance exploration and exploitation in decision-098

making (Zhou et al., 2023; Murthy et al., 2023;099

Herr et al., 2025). However, the efficacy of these100

search-based approaches is frequently hindered by101

prohibitive computational costs, especially in sce-102

narios involving large toolsets and long planning103

horizons. Consequently, despite ongoing efforts to104

optimize this trade-off, current methods lack the105

efficiency and reliability required for practical de-106

ployment in complex environments.107

We address these intertwined deficiencies by in-108

troducing a rigorous evaluation framework and109

a principled search strategy for tool-augmented110

agents. We first present SLATE (Synthetic Large-111

scale API Toolkit for E-commerce), a large-scale,112

context-aware benchmark for objective plan-level113

evaluation. Each SLATE instance consists of a114

query, an executable plan, and an associated toolset,115

supported by context-grounded simulation outputs116

for valid invocations and explicit default outputs117

for invalid ones, enabling automated end-to-end118

evaluation at scale while accommodating trajectory119

diversity. Leveraging SLATE, we conduct a sys-120

tematic study of representative agent architectures,121

revealing three key findings: (1) agents struggle122

to self-correct under binary execution feedback in123

large action spaces; (2) execution history improves124

tool and argument selection but has limited influ-125

ence on the decision of whether to invoke a tool; (3)126

existing search-based methods, particularly MCTS-127

based approaches, exhibit an unfavorable utility-128

to-computation trade-off in long-horizon settings.129

Motivated by these insights, we propose Entropy-130

Guided Branching (EGB), an uncertainty-aware131

search algorithm that selectively allocates compu-132

tation by branching only when predictive entropy133

over tool choices is high, while following a greedy134

path under confidence. This adaptive strategy im-135

proves the exploration–exploitation balance, reduc-136

ing unnecessary search overhead and increasing 137

end-to-end task success. Together, SLATE, our em- 138

pirical diagnosis, and EGB establish a more rigor- 139

ous foundation for reliable LLM agents operating 140

in large action spaces and long-horizon tasks. 141

2 Related Work 142

2.1 Benchmarks and Evaluation Frameworks 143

for Tool Use in LLMs 144

Existing benchmarks for tool-augmented language 145

models primarily fall into two categories. The 146

first includes small-scale environments such as τ - 147

BENCH (Yao et al., 2024) and ALFWORLD (Shrid- 148

har et al., 2020), where the tool or action space 149

is limited to a few dozen predefined options. 150

While these settings support controlled evalua- 151

tions of decision-making and action selection, they 152

lack the scale and complexity required to assess 153

general-purpose agents operating over realistic 154

tool libraries. The second category comprises 155

benchmarks designed for large-scale tool selection 156

(Huang et al., 2023; Tang et al., 2023; Patil et al., 157

2024; Li et al., 2023; Huang et al., 2024; Qin et al., 158

2023). These benchmarks typically rely either on 159

step-level metrics (e.g., tool awareness, retrieval 160

accuracy) or on proxy signals for plan-level evalu- 161

ation, most commonly subjective judgments from 162

LLM judges. However, they do not adequately 163

account for end-to-end execution correctness on 164

long-horizon plans, which is essential. 165

2.2 Reasoning and Search in Tool-Augmented 166

Agents 167

Research on LLM agents has transitioned from elic- 168

iting internal reasoning to navigating complex inter- 169

actions with external tools. Early techniques such 170

as Chain-of-Thought (CoT) (Wei et al., 2022) and 171

Self-Consistency (SC) (Wang et al., 2022) estab- 172

lished foundational reasoning capabilities. These 173

were later extended via structured search methods 174

such as Tree-of-Thought (ToT) (Yao et al., 2023a) 175

and Reasoning via Planning (RAP) (Hao et al., 176

2023) to explore diverse cognitive paths. 177

A distinct line of research grounds agent deci- 178

sions in external environments. The ReAct frame- 179

work (Yao et al., 2023b) pioneered the interleav- 180

ing of reasoning with tool execution, a paradigm 181

later refined by mechanisms for self-refinement 182

(Madaan et al., 2023) and reflective feedback 183

(Shinn et al., 2023) that enable agents to learn from 184

historical errors and environmental observations. 185

As tool libraries scale, tool selection is increas- 186
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Figure 1: Illustration of the SLATE dataset structure.

ingly framed as a formal search problem. Meth-187

ods such as LATS (Zhou et al., 2023) and REX188

(Murthy et al., 2023) adapt classical algorithms like189

Monte Carlo Tree Search (MCTS) to guide agents190

through multi-step decision spaces. However, the191

prohibitive computational cost of near-exhaustive192

exploration in long-horizon tasks remains a critical193

bottleneck. This tension between search complete-194

ness and efficiency motivates our development of195

Entropy-Guided Branching (EGB), an adaptive and196

uncertainty-aware search strategy.197

Table 1: SLATE Dataset Statistics

Total Tools 1000 Relevant Tools in Plans 253
Avg. Arguments/Tool 3.05 Avg. Calls/Tool 6.30

3 SLATE Dataset Construction198

To address the limitations of existing benchmarks,199

we introduce SLATE by grounding its construction200

in comprehensive planning-trajectory factual con-201

texts. This section details the development of the202

SLATE dataset, which is specifically engineered to203

reflect the complexities of real-world e-commerce204

scenarios. These environments naturally require205

long-horizon reasoning across intricate dependen-206

cies, such as comparative shopping or inventory-207

aware checkout processes (Yao et al., 2022; Shrid-208

har et al., 2020). Furthermore, tasks in this domain209

typically operate over expansive API libraries that210

span diverse functionalities ranging from product211

retrieval to logistics management, which provides212

a realistic testbed for agent scalability in large de-213

cision spaces (Qin et al., 2023; Qu et al., 2025).214

The resulting dataset comprises user queries215

paired with multi-step solution plans, precise216

tool annotations, and simulated execution results217

for each intermediate step. By providing these218

grounded execution traces, SLATE facilitates a rig-219

orous assessment of tool-augmented LLM agents,220

supporting both step-wise verification and end-to-221

end plan-level evaluation at scale. Our construction222

pipeline consists of the following stages: query col-223

lection, plan generation, tool annotation and nor-224

malization, plan refinement, tool simulation, and 225

manual post-processing. This systematic workflow 226

ensures that each trajectory is both logically sound 227

and executionally valid. Detailed prompt designs 228

for each stage are provided in App. D. 229

3.1 Definition 230

Let D = (Q,P, T ,S) denote the SLATE dataset, 231

where Q = {q1, q2, . . . , qn} is a set of n com- 232

plex user queries, P = {p1, p2, . . . , pn} is the 233

corresponding set of structured, hierarchical 234

plans (Huang et al., 2024), T = {t1, t2, . . . , tm} 235

is a library of m tools, and S is a context- 236

aware tool simulator. Each query qi ∈ Q is 237

a natural language instruction representing 238

a complex task. Its associated plan pi ∈ P 239

is represented as a sequence of triplets pi = 240

[(hs1, ss1,1, tool1,1), . . . , (hsk, ssk,l, toolk,l)], 241

where hsi denotes a high-level step (e.g., “i”), 242

written in natural language and describing an 243

intermediate subgoal, while ssi,j denotes a finer- 244

grained substep (e.g., “i,j”) that may invoke a tool 245

calling tooli,j ∈ T or indicate “No Tool Required.” 246

Each tool t ∈ T is defined in function-call format 247

as t(arg1, arg2, . . . ), with arguments specified at 248

runtime. Since directly implementing all tools 249

within a large-scale interactive environment is of- 250

ten infeasible, SLATE incorporates a simulator S to 251

approximate the behavior of tool executions. The 252

simulator is designed to generate coherent outputs 253

for each tool call conditioned on the input query 254

and the plan context, thereby enabling consistent 255

and interpretable execution traces. This simulation 256

mechanism plays a crucial role in supporting 257

plan-level evaluation: unlike prior benchmarks 258

that rely on LLM-as-a-judge assessments or 259

isolated step-wise accuracy, our simulator allows 260

objective, automated measurement of end-to-end 261

plan success. Fig. 1 illustrates the dataset structure, 262

and Table 1 gives summary statistics. 263

3.2 Query Collection 264

To ensure that the SLATE dataset captures realis- 265

tic tool-use demands, we focus on domains that 266

inherently require large-scale tool invocation. We 267

select the e-commerce domain as our target setting 268

due to its diverse and interdependent task structure 269

involving frequent interactions between buyers and 270

sellers. This domain naturally necessitates the coor- 271

dination of numerous APIs and tool calls, making 272

it an ideal testbed for evaluating tool-augmented 273

language agents. 274

To balance diversity and topical coherence, we 275
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design the query set to cover a broad spectrum of276

task types while maintaining internal consistency277

across scenarios. Specifically, we collaborate with278

domain experts to define 12 representative task cat-279

egories: Product Management, Inventory Manage-280

ment, Order Processing, Shipping & Fulfillment,281

Pricing & Promotions, Subscription Management,282

Customer Service, Returns & Refunds, Analytics &283

Reporting, Catalog Management, Review Manage-284

ment, and Miscellaneous. For each instance, we285

randomly select a category and employ Claude 3.7286

to generate and progressively complicate the query,287

ensuring both linguistic richness and operational288

complexity. The prompt template used for gener-289

ation is provided in Appendix D, with illustrative290

examples shown in Appendix A. Fig. 2 shows the291

distribution of tools over the categories.292

SLATE
Tool Library

26.7%

10.5%

9.5%
9.0%

8.9%

6.2%

5.6%

5.3%

2.2%
2.3%
3.3%
3.4%
3.5%
3.6%

Categories

Other — 26.7%
Product Information Management — 10.5%
Shipping & Delivery Management — 9.5%
Promotion & Discount Administration — 9.0%
Sales Analytics & Reporting — 8.9%
Price Management & Analysis — 6.2%
Inventory Tracking & Forecasting — 5.6%
Customer Communication Generation — 5.3%
Order Processing & Verification — 3.6%
Product Comparison & Analysis — 3.5%
Collection & Batch Operations — 3.4%
Returns & Refund Processing — 3.3%
Cost Calculation & Budgeting — 2.3%
Customer Review Management — 2.2%

Figure 2: SLATE Tool Library category distribution.

3.3 Hierarchical Execution Plans with Tool293

Invocations294

Given a complex natural language query q ∈ Q,295

we construct a hierarchical execution plan p ∈ P in296

conjunction with a coherent toolkit T , where each297

substep of the plan is grounded through suitable298

tool interactions. Our design follows a top-down299

reasoning paradigm inspired by human problem-300

solving: the query is recursively decomposed into301

high-level goals, each of which is further refined302

into executable substeps. This decomposition en-303

ables interpretable multi-stage resolution and sys-304

tematic tool grounding aligned with task semantics.305

The construction pipeline consists of two key306

components: (1) Hierarchical Plan Generation,307

where each query is formulated as an ordered308

sequence of high-level goals and corresponding309

substeps; and (2) Tool Definition and Grounding,310

where tools are identified, created, or reused to sup-311

port the execution of substeps in a coherent and312

reusable manner.313

Hierarchical Plan Generation. Given a query314

q, we use Claude 3.7 to generate a multi-step315

plan [(hs1, ss1,1), (hs1, ss1,2), . . . , (hsk, ssk,l)],316

where hsi denotes a high-level objective, and ssi,j317

represents a substep that may or may not invoke a 318

tool. Some substeps are purely summarization or 319

decision steps without explicit tool usage. Notably, 320

plan generation is independent of any toolset to 321

ensure that the resulting structure is free from 322

any tool-specific bias, solely reflects the natural 323

decomposition of the query. 324

Tool Definition and Grounding. For each sub- 325

step requiring tool support, we define a tool in a 326

normalized schema specifying its name, input ar- 327

guments, functionality, and output format. Several 328

principles guide the tool creation process. First, 329

tool definitions must be specific and not trivially 330

match substep descriptions; overly generic tools or 331

name overlaps with substep text diminish the chal- 332

lenge of tool selection. Second, execution plans 333

often exhibit strong sequential dependencies: the 334

inputs to tools in later steps may rely on the out- 335

puts of earlier executions. We explicitly encode 336

such dependencies by ensuring tool arguments are 337

derivable from prior outputs or the original query 338

context. Third, to promote tool reusability and 339

avoid redundancy across queries, we introduce a 340

tool deduplication strategy. Specifically, we embed 341

all generated tool names and descriptions using the 342

ModernBERT (Warner et al., 2025), and for each 343

new query, we embed the query itself and retrieve 344

the top-50 most semantically related tools from the 345

existing library. The LLM is then encouraged to 346

reuse existing tools where appropriate; otherwise, 347

it generates new tools when novel functionality is 348

required. After initial generation, we apply a tool 349

normalization step to ensure consistency across 350

similar tools. Tools are first grouped into func- 351

tional categories, and within each category, the 352

LLM merges tools with semantically equivalent 353

functionality, reconciling input/output arguments 354

to ensure compatibility. The execution plans are 355

then updated to reflect any merged tool definitions, 356

resulting in a coherent and unified plan-tool struc- 357

ture across the dataset. 358

3.4 Tool Simulator 359

Implementing every tool in a massive library is 360

often infeasible. However, tool execution feedback 361

is essential for end-to-end evaluation and providing 362

a closed-loop signal for agentic planning. Since 363

end-users are primarily concerned with final task 364

resolution rather than the specific trajectory of tool 365

calls, we prioritize an evaluation metric centered 366

on execution success. To facilitate this at scale, we 367

develop a Tool Execution Simulator. 368
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The simulator’s core function is to provide con-369

textually appropriate outputs while differentiating370

between correct and incorrect invocations. If a tool371

call aligns with the ground-truth resolution, the sim-372

ulator returns a context-coherent result; otherwise,373

it provides an uninformative response to signal a374

failed step. Our simulator, along with all other375

SLATE components, is generated using Claude 3.7376

and consists of two primary modules:377

(1) Context-Aware Simulation Database. This378

module serves as a repository of ground-truth exe-379

cution traces. During dataset generation, each exe-380

cution plan is annotated with the correct sequence381

of tool calls and their argument dependencies (e.g.,382

ToolA(arg1=OUTPUT_FROM_STEP_1)). Claude 3.7383

generates a coherent trace of simulated outputs384

for each plan, ensuring consistency by condition-385

ing on the query, the full execution plan, and his-386

torical input-output pairs. These outcomes are387

stored in a lookup table structured as (tool_name,388

arguments) → outcome. For each tool, we also389

define a default, context-agnostic response for mis-390

matched invocations.391

(2) Semantic Equivalence Matching. To han-392

dle diverse runtime inputs, the simulator employs393

a semantic equivalence module to determine if an394

agent’s tool call matches a ground-truth entry. This395

approach moves beyond simple string comparison,396

accounting for variations in format (e.g., “YYYY-397

MM-DD” vs. “MM/DD/YYYY”) and semantic398

phrasing. If a match is successful, the simulator re-399

trieves the corresponding context-aware outcome;400

otherwise, it returns the default failure signal. This401

architecture enables dynamic, realistic simulation402

for robust end-to-end evaluation.403

We remark that SLATE and its simulation frame-404

work may be of independent interest to the com-405

munity for research on long-horizon planning and406

the development of more resilient tool-augmented407

agents.408

4 Preliminaries: Plan-Guided Tool Use409

This section formally defines the task of Plan-410

Guided Tool Utilization and reviews the core rea-411

soning and agentic paradigms.412

4.1 Problem Formulation413

We formulate the plan-guided tool utilization task414

as a Markov Decision Process (MDP) (Bellman415

and Dreyfus, 2015). Given a case query q ∈ Q,416

its corresponding plan p, and a tool library T , an417

algorithm A must sequentially process each sub-418

step ssi,j defined in p. At each substep ssi,j , 419

the algorithm’s policy π selects an action ai,j , 420

which consists of choosing a tool ti,j ∈ T ∪ 421

{NO_OP} and generating its corresponding ar- 422

guments. The policy, π(ai,j |Hi,j), conditions 423

on the execution history Hi,j , defined as the se- 424

quence of outcomes from all preceding substeps: 425

Hi,j = ⟨(hsr, ssr,s, ar,s, or,s)⟩(r,s)≺(i,j), where 426

(r, s) ≺ (i, j) denotes all index pairs preceding 427

substep (i, j) in the plan’s execution order. Each 428

observation or,s is the result returned by a tool sim- 429

ulator S upon executing action ar,s. Note that pure 430

reasoning-based approaches commit to a sequence 431

of actions without leveraging intermediate observa- 432

tions from the simulator. 433

4.2 Reasoning and Acting Strategies 434

Under the MDP framework defined above, agent 435

strategies A can be broadly categorized into two 436

paradigms. Reasoning-based approaches synthe- 437

size a complete action sequence {ai,j} from a sin- 438

gle, self-contained prompt, committing to a fixed 439

execution plan without incorporating intermediate 440

observations from the simulator. In contrast, acting- 441

based approaches tightly interleave reasoning with 442

environmental interaction, enabling the agent to 443

continuously incorporate execution feedback and 444

adapt subsequent decisions on the fly. 445

Reasoning-based approaches decouple search- 446

ing from execution, generating action sequences 447

{ai,j} based on a self-contained, deliberative pro- 448

cess without leveraging environmental feedback 449

{oi,j}. 450

In contrast, acting-based approaches treat task 451

resolution as an interactive process, where the 452

agent’s policy π(ai,j |Hi,j) is continuously in- 453

formed by environmental feedback {oi,j}. The 454

foundational method, ReAct (Yao et al., 2023b), 455

establishes an iterative cycle of Thought-Action- 456

Observation, using feedback from the simulator 457

S to inform the next step. Reflexion (Shinn et al., 458

2023) enhances this with a self-correction mech- 459

anism, where case-level failures trigger a reflec- 460

tive process to generate guiding principles for 461

subsequent attempts. More sophisticated strate- 462

gies employ lookahead search over the state-action 463

space. For instance, MCTS-based methods like 464

LATS (Zhou et al., 2023) build a search tree by us- 465

ing the simulator S for environment-aware rollouts, 466

allowing the agent to evaluate the long-term conse- 467

quences of its actions before making a decision. 468

5



ReAct

Action Node

Failure

Reflexion

Action Node

Failure

Reflect

Start

Success

MCTS-based
Iteration 2Iteration 1

Failure

Failure Success
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Iteration 1

Iteration 2

Failure

Iteration 3

Success

Figure 3: Comparison of different paradigms.

5 EGB for Long-Horizon Planning469

We propose Entropy-Guided Branching (EGB) (il-470

lustrated in Fig. 3), an uncertainty-aware acting471

strategy designed to navigate expansive tool spaces472

through iterative trajectory refinement in black-box473

settings. Unlike pure reasoning-based approaches,474

EGB operates within a MDP framework, where475

the agent’s policy π(ai,j |Hi,j) is continuously in-476

formed by environmental feedback oi,j from a tool477

simulator S.478

5.1 Initial Exploration and Uncertainty479

Quantification480

In the first iteration, EGB performs a sequential exe-481

cution of the plan p inspired by the ReAct paradigm482

while evaluating the uncertainty of every substep.483

For each substep ssi,j ∈ p, we assume a black-box484

setting where internal model logits are inaccessi-485

ble. To quantify decision uncertainty, we generate486

m candidate actions {a(1)i,j , a
(2)
i,j , . . . , a

(m)
i,j } through487

independent samplings from the policy:488

a
(1...m)
i,j ∼ π(ai,j |Hi,j) (1)489

The agent executes the final action ai,j deter-490

mined by a majority vote among these m candi-491

dates and receives the observation oi,j = S(ai,j).492

Simultaneously, we calculate the predictive entropy493

Ei,j based on the distribution of the m samples to494

serve as a proxy for uncertainty. Importantly, this495

estimation method relies solely on output diversity496

and does not require access to internal model logits497

or hidden states. While EGB can utilize internal498

signals if available, as demonstrated in our experi-499

ments, this sampling-based approach ensures that500

our strategy remains fully compatible with black-501

box proprietary models. The initial execution con-502

tinues until the agent either reaches a terminal state503

or the plan fails to achieve the goal.504

5.2 Ranked Branching and Iterative Search505

If the initial trajectory results in failure, EGB lever-506

ages the recorded entropy signals to optimize the507

exploration-exploitation trade-off. We rank all sub- 508

steps ssi,j of the failed trace in descending order of 509

their entropy values {Ei,j}. This ranking identifies 510

decision points where the model was least confi- 511

dent (highest entropy), suggesting that the optimal 512

tool might be a plausible alternative rather than the 513

top-voted choice. In subsequent iterations, EGB 514

initiates branching from the step with the highest 515

remaining uncertainty. Specifically, it selects a 516

previously unexecuted candidate action from the 517

original sampling set {a(1...m)
i,j } to spawn a new tra- 518

jectory. The agent then resumes execution from 519

this new state by following the plan-conditioned 520

history until a successful terminal state is identified 521

or the branching budget is exhausted. 522

In essence, unlike MCTS-based methods that 523

construct full search trees, EGB performs sequen- 524

tial replays with selective branching triggered at 525

high-uncertainty decision points along failed trajec- 526

tories. This design offers key advantages in tool- 527

rich environments: while MCTS branches based on 528

exploration-exploitation scores that become noisy 529

in long-horizon tasks, EGB uses entropy as a lo- 530

calized diagnostic signal. Moreover, MCTS typ- 531

ically branches during rollouts before observing 532

outcomes, whereas EGB explicitly leverages failed 533

trajectory information to pinpoint and rectify the 534

specific decisions responsible for failure, avoid- 535

ing prohibitive exhaustive searches in large action 536

spaces. 537

6 Experiments 538

We setup experiments on the SLATE synthetic 539

dataset to evaluate EGB against representative base- 540

lines, and conduct studies on the impact of hyper- 541

parameter and computational costs. 542

Table 2: Evaluation of search methods on the SLATE
synthetic dataset with Claude-Sonnet-4.

Method

Plan-level Step-wise

Execution
Success

Rate

Tool
Match
Rate

Action
Identification

Accuracy

Baseline-LLM \ 65.2 ± 0.8 \
ReAct 29.3 ± 1.2 66.4 ± 0.4 85.7 ± 0.1

Reflexion 44.7 ± 2.3 61.5 ± 1.6 83.4 ± 0.5
LATS 36.5 ± 2.5 63.4 ± 1.3 87.3 ± 0.5

EGB-Sampling (Ours) 54.0 ± 2.0 68.5 ± 1.5 87.9 ± 0.2

6.1 Experimental Settings 543

Baselines: We evaluate EGB against both 544

reasoning-based and acting-based methods. For 545

the former, we consider Baseline-LLM, which se- 546

lects tools without access to execution history or 547
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Table 3: Evaluation of search methods on the SLATE
synthetic dataset with Qwen2.5-7B-Instruct.

Method

Plan-level Step-wise

Execution
Success

Rate

Tool
Match
Rate

Action
Identification

Accuracy

Baseline-LLM \ 23.2 ± 0.7 \
ReAct 29.3 ± 1.2 30.0 ± 0.5 78.2 ± 0.4

Reflexion 44.2 ± 2.1 25.2 ± 0.7 82.9 ± 2.9

EGB-Sampling (Ours) 51.3 ± 6.0 33.6 ± 2.4 83.0 ± 0.6
EGB-Logits (Ours) 67.8 ± 4.5 36.4 ± 0.8 85.1 ± 0.4

trajectory-level reasoning and is therefore excluded548

from plan-level evaluation. For acting-based meth-549

ods, we compare against: ReAct, which interleaves550

reasoning traces with tool execution in a sequen-551

tial manner; Reflexion, which incorporates self-552

reflection by analyzing execution feedback to re-553

fine subsequent actions; and LATS, which builds554

an entire search tree with entironment-aware roll-555

outs.556

Model: We conduct primary experiments on557

Claude-4-Sonnet, a proprietary black-box model558

with inaccessible logits, to demonstrate that EGB559

is applicable in real-world deployment settings. To560

validate generalizability, we additionally evaluate561

on Qwen2.5-7B-Instruct, an open-source model562

with accessible logits. We selected Qwen2.5-563

7B based on preliminary experiments showing it564

achieves the best performance on both instruction-565

following capability and entropy-uncertainty corre-566

lation among models of comparable size. We use567

AWS bedrock accessing the Claude model and 5568

NVIDIA L4 GPUs for Qwen model experiments.569

Evaluation Metrics: We assess performance570

from two complementary perspectives: plan-level571

and step-wise evaluation.572

• Step-wise evaluation analyzes decision-making573

at each individual step through two metrics: Ac-574

tion Identification Accuracy measures the propor-575

tion of steps where the agent correctly determines576

whether a tool call is needed; Tool Match Rate577

evaluates, among steps requiring tools, the align-578

ment rate between the agent’s tool selection and579

the reference tool in the plan.580

• Plan-level evaluation assesses the correctness of581

the final execution result. We report Execution582

Success Rate, defined as the proportion of cases583

where the final execution results exactly match584

the annotated reference resolutions in the plan,585

regardless of intermediate missteps that do not586

affect the outcome.587

Configurable Hyperparameters: EGB intro- 588

duces two critical hyperparameters: m, the number 589

of samplings used to estimate the predictive entropy 590

of tool selection at each step, and b, the branching 591

budget that limits the number of iterations for re- 592

planning and exploration. Unless otherwise spec- 593

ified, we set m = 10 and b = 5 in experiments. 594

For all experiments, we set LLM inference hyper- 595

parameters temperature = 1. These settings ensure 596

consistent and comparable results across all base- 597

line methods and model configurations. 598

6.2 Experimental Results 599

Results on a Proprietary Model: We first conduct 600

comprehensive experiments on Claude-4-Sonnet 601

to evaluate EGB against baseline methods, with 602

results presented in Table 2. At the plan level, EGB 603

achieves substantial improvements in execution 604

success rate, outperforming ReAct by 24.7% and 605

Reflexion by 9.3%. Notably, EGB also surpasses 606

LATS by 17.5% despite LATS being constrained 607

to 25 global search node visits per case—an empir- 608

ical limit chosen to match EGB’s average computa- 609

tional budget. This significant plan-level advantage, 610

coupled with only marginal improvements in step- 611

wise metrics (2.1%-5.1% on Tool Match Rate), re- 612

veals a critical limitation of baseline methods: with- 613

out access to intermediate step-level feedback from 614

the simulator, they struggle to identify error-prone 615

decisions under constrained computation. Unlike 616

EGB, which leverages internal policy uncertainty 617

(entropy) to pinpoint likely failure points, baseline 618

methods rely solely on end-of-trajectory feedback. 619

In long-horizon tasks, this leaves them unable to 620

effectively localize which steps in the Markov de- 621

cision process are responsible for failure. This ef- 622

fect is particularly evident for Reflexion and LATS, 623

which exhibit decreased Tool Match Rates com- 624

pared to Baseline-LLM and ReAct, suggesting they 625

modify previously correct tool selections into in- 626

correct ones during their search process. Their 627

plan-level improvements thus stem primarily from 628

exploring more execution paths rather than intelli- 629

gently targeting problematic decisions, resulting in 630

occasional successes by chance rather than system- 631

atic error correction. 632

Results on an Open-source Model: To further 633

validate our approach, we conduct experiments on 634

Qwen-7B-Instruct, a white-box model that enables 635

direct computation of entropy from output logits 636

rather than sampling-based estimation. As shown 637

in Table 3, the findings mirror those observed with 638
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Table 4: Comparison of computational cost per case across different search methods on SLATE synthetic dataset.

Claude-Sonnet-4 Qwen2.5-7B-Instruct

Method Running Time
(seconds)

Running Time ∗

(seconds) Input Tokens Output Tokens LLM Invokes

Baseline-LLM 77 138 1.83× 105 3.8× 103 32.0
ReAct 195 150 1.95× 105 4.0× 103 32.0
Reflexion 766 707 8.90× 105 2.41× 104 122.2
LATS 620 \ \ \ \
EGB-Logits (Ours) \ 254 (1.61 + 4.86)× 105 † 6.4× 103 44.6 + 149.6 †

EGB-Sampling (Ours) 718 1,029 2.19× 106 3.17× 104 176.4

† For EGB-Logits, input token usage consists of 1.61× 105 from generation queries and 4.86× 105 from logits-only forward
passes (no output tokens). LLM invokes includes 44.6 generation calls and 149.6 lightweight forward passes. ∗ Parallelization
across all methods are disabled for Qwen experiments.

Claude-Sonnet-4: EGB substantially outperforms639

baseline methods at the plan level while achieving640

marginally better step-wise performance. We omit641

LATS from this evaluation due to the prohibitive642

computational cost of hosting open-source mod-643

els for extensive tree search. Notably, EGB-Logits644

achieves 67.8% execution success rate, surpassing645

EGB-Sampling by 16.5%. This observation rein-646

forces our core assumption that entropy serves as a647

reliable indicator of error-prone decisions. Besides,648

accurate entropy computation from logits proves649

more effective than sampling-based estimation.650

Computation Cost: Table 4 presents the compu-651

tational cost comparison. For Qwen experiments,652

we disable parallelization across all methods to653

ensure fair comparison on a single GPU, result-654

ing in EGB-Sampling being slower than Reflexion655

(1,029s vs. 707s). However, the m independent656

samples in EGB-Sampling can be trivially paral-657

lelized—as demonstrated in Claude experiments658

with 2 concurrent workers, where EGB-Sampling659

achieves 718 seconds (9.4% faster than Reflex-660

ion). EGB-Logits demonstrates the decent effi-661

ciency, requiring only 254 seconds (2.8× faster662

than Reflexion) by leveraging lightweight for-663

ward passes without autoregressive generation. No-664

tably, EGB-Logits reduces output tokens by 73%665

compared to Reflexion (6.4 × 103 vs. 2.41 ×666

104). These results confirm that entropy-guided667

branching achieves strong performance without668

prohibitive computational overhead.669

Impact of Hyperparameters: We systemati-670

cally investigate EGB’s two critical hyperparam-671

eters, as illustrated in Figure 4. The number of672

samplings m controls entropy estimation quality:673

performance increases from 29% at m = 1 to 60%674

at m = 20. Similarly, the branching budget b gov-675

erns the extent of error correction: success rate676

improves from 32% at b = 1 to 60% at b = 10.677
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Figure 4: Evaluation of EGB search with Claude-3.5-
Sonnet on the SLATE synthetic dataset with varied con-
figurations: (1) number of samplings, m, to calculate
entropy, and (b) budget, b, as the maximum numbers of
iterations to try a different branch.

Both parameters exhibit diminishing returns be- 678

yond certain thresholds; thus, we adopt m = 10 679

and b = 5 as our default configuration to balance 680

performance gains against computational cost. No- 681

tably, when m = 1, EGB degenerates to the Re- 682

Act method without leveraging uncertainty signals. 683

When b = 1, although no error-correction branches 684

are triggered, self-consistency estimation still pro- 685

vides measurable benefits. The key takeaway is 686

that performance improves with both more accu- 687

rate entropy estimation and increased branching 688

opportunities for error correction. 689

7 Conclusion 690

In this work, we introduced SLATE, a large scale 691

benchmark for assessing tool augmented agents in 692

long horizon e-commerce tasks. Our evaluation re- 693

vealed that current methods struggle with efficiency 694

and self-correction in vast action spaces. To ad- 695

dress this, we proposed Entropy Guided Branching, 696

an uncertainty aware search algorithm that dynami- 697

cally allocates exploration effort where predictive 698

entropy is high. Experimental results demonstrate 699

that EGB significantly improves task success rates 700

and computational efficiency. Together, SLATE 701

and EGB provide a robust foundation for building 702

reliable LLM agents for complex environments. 703
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8 Limitations704

Despite the robust performance of EGB and the705

comprehensive nature of SLATE, several limita-706

tions warrant further investigation. First, while707

SLATE incorporates intricate sequential dependen-708

cies and context-aware responses, it remains a syn-709

thetic benchmark; real-world e-commerce APIs710

often involve non-deterministic environment states,711

transient network failures, and complex side effects712

that our simulator may only partially approximate.713

Second, although EGB-Sampling is fully compati-714

ble with black-box models, its reliance on multiple715

independent samplings (m = 10 or 20) to estimate716

entropy introduces higher inference latency and717

API costs compared to single-pass greedy methods,718

potentially limiting its application in real-time or719

resource-constrained scenarios. Third, this study720

focuses exclusively on the e-commerce domain;721

further research is needed to validate the generaliz-722

ability of entropy-guided search in other tool-rich723

environments, such as software engineering or sci-724

entific research. Finally, since both the benchmark725

and simulator were generated via a closed-source726

LLM pipeline, the evaluation framework may in-727

herit latent biases or systematic reasoning patterns728

inherent to the underlying model, which could af-729

fect the diversity of the generated edge cases.730

9 Ethical Considerations731

This work focuses on improving the evaluation and732

planning efficiency of tool-augmented LLM agents733

through a synthetic benchmark and an uncertainty-734

aware search strategy. The proposed dataset does735

not contain real user data, personal information,736

or proprietary APIs, thereby minimizing privacy737

and data misuse risks. However, more efficient738

planning and execution may lower the barrier to de-739

ploying highly autonomous agents, which could be740

misused if applied without appropriate safeguards.741

In particular, aggressive exploration strategies may742

be undesirable in safety-critical or high-stakes en-743

vironments. We emphasize that our methods are744

intended for controlled research settings and should745

be combined with external safety mechanisms, ac-746

cess controls, and human oversight in real-world747

deployment. Additionally, as the benchmark is syn-748

thetically generated, it may inherit biases from the749

underlying language model, and results should be750

interpreted with appropriate caution.751
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Appendices 914

A Examples 915

This section presents a representative example from the SLATE dataset, illustrating the transformation 916

from a user query to a hierarchical execution plan, associated tool calls, and deterministic simulation 917

outputs. The example demonstrates the plan structure and execution semantics used for step-wise and 918

plan-level evaluation. 919

Case
I want to create a limited-time summer promotion for my “ThermoFlex Water Bottle” (SKU:
TF-WB-2023) that offers 15% off when customers buy 2 or more units. The promotion should run
from June 1, 2024 to August 31, 2024, with a minimum purchase requirement of $35.00. How do I
set this up and create a promo code “SUMMERTF24” that customers can use at checkout?

Plan
• step: 1. Verify product information

– step: 1.1 Retrieve product details
– action: get_product_details (sku=“TF-WB-2023”)

• step: 2. Create the promotion

– step: 2.1 Set up promotion parameters
– action: create_promotion ( product_id=OUTPUT_FROM_STEP_1.1.product_id, dis-

count_percentage=15, min_quantity=2, min_purchase=35.00, start_date=“2024-06-01”,
end_date=“2024-08-31” )

• step: 3. Configure promo code

– step: 3.1 Create promo code
– action: create_promo_code ( promotion_id=OUTPUT_FROM_STEP_2.1.promotion_id,

code=“SUMMERTF24” )

• step: “4. Verify and activate the promotion”

– step: “4.1 Validate promotion setup”
– action: validate_promotion ( promotion_id=OUTPUT_FROM_STEP_2.1.promotion_id )
– step: “4.2 Activate the promotion”
– action: activate_promotion ( promotion_id=OUTPUT_FROM_STEP_2.1.promotion_id,

promo_code_id=OUTPUT_FROM_STEP_3.1.promo_code_id )

Figure 5: Example of plan generation and tool execution.
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Simulate Outputs with context
• get_product_details (sku=“TF-WB-2023”)
⇒ Output: product_id=“P-TF-WB-2023-001”

• create_promotion ( product_id=“P-TF-WB-2023-001”, discount_percentage=15,
min_quantity=2, min_purchase=35.00, start_date=“2024-06-01”, end_date=“2024-08-31” )
⇒ Output: promotion_id=“PROMO-TF-2024-S001”

• create_promo_code ( promotion_id=“PROMO-TF-2024-S001”, code=“SUMMERTF24” )
⇒ Output: promo_code_id=“PC-SUMMERTF24-001”

• validate_promotion (promotion_id=“PROMO-TF-2024-S001”)

• activate_promotion ( promotion_id=“PROMO-TF-2024-S001”,
promo_code_id=“PC-SUMMERTF24-001” )
⇒ Output: success=“true”

Deterministic Simulation Dictionary
1. get_product_details (Args: sku)

TF-WB-2023 ⇒ P-TF-WB-2023-001
Other value ⇒ different default value

2. create_promotion (Args: product_id, discount_percentage, min_quantity, min_purchase,
start_date, end_date)

P-TF-WB-2023-001, 15, 2, 35, 2024-06-01, 2024-08-31 ⇒ PROMO-TF-2024-S001
Other value ⇒ different default value

3. create_promo_code (Args: promotion_id, code)
PROMO-TF-2024-S001, SUMMERTF24 ⇒ PC-SUMMERTF24-001
Other value ⇒ different default value

Figure 6: Deterministic simulation dictionary for tool calls.
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B Supplementary Experiments 920

Table 5: Evaluation of search methods with vs. without memory on the SLATE synthetic dataset with Claude-4-
Sonnet.

Method

Plan-level Step-wise Evaluation

Execution
Success

Rate

Tool
Match
Rate

Action
Identification

Accuracy

ReAct 29.3 ± 1.2 66.4 ± 0.4 85.7 ± 0.1
Reflexion 44.7 ± 2.3 61.5 ± 1.6 83.4 ± 0.5

EGB-Sampling (Ours) 54.0 ± 2.0 68.5 ± 1.5 87.9 ± 0.2

ReAct-with-Memory 86.3 ± 0.6 92.7 ± 0.3 98.7 ± 0.1
Reflexion-with-Memory 91.0 ± 1.5 92.7 ± 1.1 98.4 ± 0.3

EGB-with-memory (Ours) 92.7 ± 1.0 92.6 ± 0.5 98.7 ± 0.2

Impact of Memory. While EGB demonstrates strong performance through entropy-guided exploration, 921

we investigate whether incorporating memory from previous task executions can further enhance its 922

capabilities. To evaluate this, we create a pseudo in-distribution setting by randomly partitioning the 923

datasetD into a validation setDval (50 samples) and a test setDtest (50 samples), where both sets are drawn 924

from the same task distribution but contain no shared tasks. We accumulate execution traces from the 925

validation set as memory and evaluate on the test set. As shown in Table 5, memory substantially improves 926

performance across all methods: ReAct improves from 29.3% to 86.3% (+57.0%), Reflexion from 44.7% 927

to 91.0% (+46.3%), and EGB from 54.0% to 92.7% (+38.7%). Notably, even with memory enabled, EGB 928

maintains its advantage over baselines, outperforming ReAct-with-Memory by 6.4% and Reflexion-with- 929

Memory by 1.7%. These results demonstrate that while memory provides a powerful mechanism for 930

leveraging past experiences in similar tasks, EGB continues to offer systematic improvements regardless of 931

whether memory is available, confirming its effectiveness as a complementary approach to memory-based 932

methods. 933
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C EGB Algorithms934

Algorithm 1 Entropy-Guided Branching (EGB)

Require: Query q, Plan p = {ss1,1, . . . , ssn,mn}, Tool library T , Simulator S, Global branch limit
B = 50, Per-step branch limit Bs = 5

1: // Phase 1: Initial Execution with Entropy Recording
2: H ← ⟨⟩ {Execution history}
3: E ← ⟨⟩ {Entropy tree}
4: for each substep ssi,j ∈ p do
5: Ci,j ← GETCANDIDATES(q, ssi,j , H, T ) {Retrieve candidate tools via embedding search}
6: (a∗i,j , Ei,j ,Di,j)← COMPUTEENTROPY(q, ssi,j , H, Ci,j) {Alg. 2 or 3}
7: oi,j ← S(a∗i,j) {Execute selected action}
8: H ← H ∪ ⟨(ssi,j , a∗i,j , oi,j)⟩
9: E ← E ∪ ⟨(i, j, Ei,j ,Di,j)⟩ {Store entropy and distribution}

10: end for
11: if TASKSUCCESS(H) then
12: return H
13: end if
14: // Phase 2: Entropy-Guided Branching
15: Esorted ← SORTBYENTROPY(E , descending)
16: b← 0 {Global branch counter}
17: for each (i, j, Ei,j ,Di,j) ∈ Esorted do
18: Talt ← {t : (t, pt) ∈ Di,j , t ̸= t∗i,j} {Alternative tools from distribution}
19: Sort Talt by probability in descending order
20: bs ← 0 {Per-step branch counter}
21: for each t′ ∈ Talt do
22: if b ≥ B or bs ≥ Bs then
23: break {Budget exhausted}
24: end if
25: a′i,j ← GETORGENERATECALL(t′, q, ssi,j , H<(i,j),Di,j) {Use cached call or generate

params†}
26: H ′ ← H<(i,j) ∪ ⟨(ssi,j , a′i,j ,S(a′i,j))⟩ {Branch from step (i, j)}
27: for each subsequent substep ssr,s where (r, s) ≻ (i, j) do
28: ar,s ← SELECTTOOL(q, ssr,s, H

′, T ) {Single-pass selection}
29: H ′ ← H ′ ∪ ⟨(ssr,s, ar,s,S(ar,s))⟩
30: end for
31: if TASKSUCCESS(H ′) then
32: return H ′

33: end if
34: b← b+ 1; bs ← bs + 1
35: end for
36: end for
37: return H {Return first-pass result}
† For Alg. 2, uses pre-sampled calls stored in Di,j . For Alg. 3, generates parameters on-demand via LLM.
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Algorithm 2 Entropy Computation via Sampling (EGB-Sampling)

Require: Query q, Substep ssi,j , History Hi,j , Candidates Ci,j , Sample count m
Ensure: Selected action a∗i,j , Entropy Ei,j , Action distribution Di,j

1: votes← {} {Vote counts per tool}
2: calls← {} {Sampled tool calls per tool}
3: for k = 1 to m do
4: a

(k)
i,j ∼ π(ai,j | Hi,j , Ci,j) {Sample complete action (tool + params) from LLM}

5: t(k) ← EXTRACTTOOLNAME(a
(k)
i,j )

6: votes[t(k)]← votes[t(k)] + 1

7: calls[t(k)]← calls[t(k)] ∪ {a(k)i,j } {Store sampled call for potential branching}
8: end for
9: // Compute entropy from vote distribution

10: for each tool t ∈ votes do
11: pt ← votes[t]/m
12: end for
13: Ei,j ← −

∑
t pt log pt

14: // Select majority tool (use pre-sampled call)
15: t∗ ← argmaxt votes[t]
16: a∗i,j ← SELECTONE(calls[t∗]) {Use one of the sampled calls}
17: Di,j ← {(t, pt, calls[t]) : t ∈ votes} {Store distribution with pre-sampled calls}
18: return (a∗i,j , Ei,j ,Di,j)

D Prompt Templates 935
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Algorithm 3 Entropy Computation via Logits (EGB-Logits): Qwen2.5 Adaptation

Require: Query q, Substep ssi,j , History Hi,j , Candidates Ci,j = {c0, . . . , cK−1} with K ≤ 100,
Threshold τ = 0.01

1: prompt← BUILDPROMPT(q, ssi,j , Hi,j , Ci,j) {Ask LLM to output tool index 0 to K−1}
2: x← TOKENIZE(prompt)
3: // Get first token distribution over digits 0-9
4: l(1) ← FORWARDPASS(x)[−1] {Logits at last position}
5: p(1) ← SOFTMAX(l

(1)
[‘0’:‘9’]) {Probability over digit tokens}

6: // Compute conditional second token distribution
7: P← 0K {Probability for each candidate}
8: for d1 = 0 to 9 do
9: x′ ← CONCAT(x, TOKEN(d1))

10: l(2) ← FORWARDPASS(x′)[−1]
11: p(2) ← SOFTMAX(l

(2)
[‘0’:‘9’])

12: pend ← 1−
∑9

d2=0 p
(2)
d2

{Probability of non-digit token (sequence end)}
13: if d1 < K then
14: P[d1]← P[d1] + p

(1)
d1
· pend {Single-digit index}

15: end if
16: for d2 = 0 to 9 do
17: idx← d1 × 10 + d2
18: if 10 ≤ idx < K then
19: P[idx]← P[idx] + p

(1)
d1
· p(2)

d2
{Two-digit index}

20: end if
21: end for
22: end for
23: P← P/

∑
k P[k] {Normalize}

24: // Compute entropy over all candidates
25: Ei,j ← −

∑K−1
k=0 P[k] logP[k]

26: // Filter candidates by probability threshold for branching
27: Cfiltered

i,j ← {ck : P[k] ≥ τ}
28: // Select highest probability tool and generate parameters
29: k∗ ← argmaxk P[k]
30: a∗i,j ← GENERATEPARAMS(ck∗ , q, ssi,j , Hi,j) {Generate params only for selected tool}
31: Di,j ← {(ck,P[k]) : ck ∈ Cfiltered

i,j } {Params generated lazily during branching}
32: return (a∗i,j , Ei,j ,Di,j)
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Prompt for Generating Diverse E-Commerce Cases
Generate ONE focused e-commerce query that an {user_type} might have.
User type: {user_type} Focus area: {focus} Complexity level: {complexity}
Requirements based on COMPLEXITY LEVEL:
{complexity} COMPLEXITY GUIDELINES: {self._get_complexity_guidelines(complexity)}
For ALL queries, ensure:

1. Include SPECIFIC DETAILS that can be used as direct arguments in tools:

• Product names and identifiers (e.g., “Sunset Yoga Mat (SKU: YM-2023-BL)”)
• Order numbers (e.g., “Order #AB-12345678”)
• FULL DATES WITH YEARS (e.g., “January 15, 2023” not just “January 15”)
• Prices with currency (e.g., “$49.99”)
• Specific quantities (e.g., “3 units”)

2. Include MULTIPLE DATA POINTS for tools to extract as parameters

3. For COMPLEX and ADVANCED queries, include:

• Multiple constraints or conditions
• Timing requirements or deadlines
• Preferences with priorities
• Historical context or previous actions
• Special exceptions or unusual circumstances

Examples of queries at different complexity levels:

SIMPLE: “I need to track my order #RT-78256391 for the Samsung Galaxy Buds that I ordered on
May 3, 2023. When will it be delivered?”
MODERATE: “I need to return two items from my Order #112-9384756 placed on March 12, 2023:
the Samsung Galaxy S22 with a cracked screen and the protective case. I want to keep the screen
protector and charging cable. Can I get a return label for just those two items?”
COMPLEX: “I need to modify my bulk order #BLK-2023-4872 placed on February 28, 2023 for my
company. We ordered 50 Lenovo ThinkPad T14 laptops with i7 processors at $1,299 each, but now I
need to change 15 of them to the i9 model which costs $1,599 each. We’ve already paid the deposit
of $25,000 and delivery is scheduled for June 15, 2023. I need to know if this change will affect our
delivery date and what additional payment is required.”
ADVANCED: “I’m managing our company’s quarterly office supply order (PO #BZ-45721) placed
on April 2, 2023 with scheduled delivery on April 20, 2023 across three locations. For the Chicago
office (Location ID: CHI-005), we need to cancel the 12 ergonomic chairs ($259 each) due to their
recent merger, but expedite the 15 monitor stands ($89 each) to arrive by April 15. For the Boston
office (Location ID: BOS-002), we need to add 8 wireless keyboards ($65 each) and 8 wireless mice
($45 each) for new hires. The New York office (Location ID: NYC-001) shipment is fine as is, but we
need to change the delivery window to after 2:00 PM. We’re eligible for the 12% corporate discount
and already applied the SPRING2023 promo code for 5% off. How will these changes affect our total,
and can all these modifications be accommodated before processing begins on April 10?”
Return only the query text with no additional explanation.

Figure 7: Prompt to generate diverse e-commerce cases from different user perspectives. Example Variable
Values: user_type alternates between “buyer” and “seller” based on query ID; focus is randomly selected from
buyer focus areas (“product search with multiple conflicting requirements”, “order tracking for multiple items with
shipping complications”, “complex product return with partial refund request”, etc.) or seller focus areas (“updating
complex product variations and attributes”, “inventory management across multiple warehouses”, “implementing
tiered pricing strategy with conditions”, etc.); complexity is one of “SIMPLE”, “MODERATE”, “COMPLEX”, or
“ADVANCED” with weighted distribution of 0%, 10%, 80%, 10% respectively.17



Prompt for Creating Specialized Tool Plans to Resolve E-Commerce Queries (Part 1)
Create a plan with specialized tools to resolve this e-commerce query:
User Query ({user_type}, {complexity} complexity): “{query}”
{existing_tools_text}
Please provide:
1. A HIERARCHICAL PLAN with: {plan_requirements}
2. For each SUBSTEP, indicate:

• If it’s a high-level step: “tool”: “null” - NO EXCEPTIONS!

• If no tool is needed: “tool”: “No tool required”

• If a tool is needed: “tool”: “tool_name(param1=’value1’, param2=’value2’)”

3. CRITICAL: FIRST TOOL CALL arguments must come DIRECTLY from the query

• Example: If query mentions “Order #AB-12345”, first tool should use order_id=’AB-12345’

• Extract actual values from the query text, don’t invent new values

4. CRITICAL: SUBSTEP DESCRIPTIONS MUST BE DISTINCT FROM TOOL NAMES

• Make each substep description MEANINGFUL and CONTEXT-RICH

• Do not create tool names that are Identical or Very Similar to substep descriptions.

• BAD: “1.1 Get order details” when using “get_order_details” tool

• GOOD: “1.1 Retrieve customer’s purchase history for Order #AB-123” when using
“get_order_details” tool

• Describe the PURPOSE and CONTEXT of the step, not just the action

• Include relevant business context and specific goals for each step

Figure 8: Prompt for creating specialized tool plans (Part 1). Example Variable Values: user_type is either
“buyer” or “seller”; complexity is one of “SIMPLE”, “MODERATE”, “COMPLEX”, or “ADVANCED”; query is
the actual query text generated in stage 1. existing_tools_text: Dynamically generated list of top 30 most relevant
tools from global tool library. plan_requirements: SIMPLE (2-3 high-level steps, 1-2 substeps each, 3-5 total);
MODERATE (3-4 high-level steps, 1-3 substeps each, 6-8 total); COMPLEX (4-5 high-level steps, 2-3 substeps
each, 8-12 total); ADVANCED (5-7 high-level steps, 2-4 substeps each, 12-16 total).
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Prompt for Creating Specialized Tool Plans to Resolve E-Commerce Queries (Part 2)
5. TOOL SELECTION AND DESIGN:

• TRY REUSE EXISTING TOOLS whenever appropriate (from the list above)

• If none of the existing tools are suitable, design NEW SPECIALIZED TOOLS that:

– Have SPECIFIC, FOCUSED functionality (not general-purpose)
– Use SIMPLE arguments (2-3 parameters maximum)
– Return SIMPLE, FOCUSED results (1-3 fields maximum)
– Follow snake_case naming convention
– Avoid creating monolithic “do everything” tools

6. CRITICAL - AVOID TOOL REPETITION:

• DO NOT use the same tool in consecutive substeps (e.g., avoid “2.1 xxx tool_A; 2.2 xxx tool_A”)

• If you need to call the same tool multiple times, space them out with other operations

• Each substep should ideally use a DIFFERENT tool to create diversity

• Create specialized tools for different aspects rather than reusing generic ones

7. IMPORTANT - SEQUENTIAL DEPENDENCIES:

• Later steps should use results from previous steps for sequential dependencies

• Use the format OUTPUT_FROM_STEP_X.Y.field to reference previous outputs

• Example: product_id=OUTPUT_FROM_STEP_1.2.product_id

• Create a CHAIN of dependencies where each step builds on previous results

• Ensure that tool outputs from early steps provide necessary inputs for later steps

8. FINAL STEP should produce a DIRECT RESULT that resolves the query

• The last tool should return a clear outcome or answer

• For example: confirmation message, success status, or direct result

• FINAL STEPS should utilize outputs from earlier steps

9. FOR {complexity} COMPLEXITY:

• {self._get_plan_complexity_guidelines(complexity)}

Figure 9: Prompt for creating specialized tool plans (Part 2). Focus on tool selection, reuse strategy, avoiding
repetition, and establishing sequential dependencies between steps.
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Prompt for Creating Specialized Tool Plans to Resolve E-Commerce Queries (Part 3)
10. TOOL DIVERSITY REQUIREMENTS:

• Create tools that span different functional domains (retrieval, validation, processing, notification,
etc.)

• Avoid generic tools like “process_request” or “handle_query”

• Instead create specific tools like “validate_return_window”, “calculate_refund_amount”,
“send_confirmation_email”

• Each tool should have a clear, single responsibility

TOOL DESIGN PRINCIPLES:

1. FOCUSED: Each tool should do ONE thing well

2. COMPOSABLE: Tools should work together through their inputs/outputs

3. REUSABLE: Create tools that could be useful in other scenarios

4. SIMPLE: Prefer multiple simple tools over one complex tool

5. DIVERSE: Create tools spanning different functional domains

6. SEQUENTIAL: Design tools to create natural dependencies and data flow

Remember:

• REUSE existing tools whenever appropriate

• FIRST TOOL must use arguments DIRECTLY from the query

• Keep tools SPECIALIZED with SIMPLE inputs and outputs

• Ensure steps are SEQUENTIAL with clear dependencies

• AVOID repeating the same tool in consecutive steps

• FINAL STEP should provide a DIRECT RESOLUTION to the query

• Return valid JSON only

Figure 10: Prompt for creating specialized tool plans (Part 3). Format response as JSON object with “plan” array
(high-level steps with “tool”: “null”, and substeps with tool calls or “No tool required”) and “tools” array (defining
all tools with “name”, “description”, “arguments”, and “results” fields). Complexity Guidelines: SIMPLE (1-2
tool calls, linear, minimal dependencies); MODERATE (2-4 tool calls, at least one dependency and conditional
step); COMPLEX (4-7 tool calls, multiple dependencies, validation, branching paths); ADVANCED (7+ tool calls,
multi-stage workflow, complex dependencies, edge case handling, maximum tool diversity).
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Prompt for Generating Diverse E-Commerce Tools
Generate {batch_size} DIVERSE e-commerce tools with COMPLETELY UNIQUE NAMES.

TOOL NAMING REQUIREMENTS:

1. Each tool name MUST be UNIQUE and use snake_case format

2. NEVER use any of these existing names: {names_str}

3. Create DISTINCTIVE names that avoid generic patterns

4. Consider these name patterns for inspiration: {name_pattern_text}

5. Each tool name should reflect its SPECIFIC FUNCTION and DOMAIN

6. VERIFY that each name is different from all others in your response

TOOL ASSIGNMENTS - Create exactly one tool for EACH of these specific domains: {do-
mains_text}

SAMPLE TOOL STRUCTURE: {json.dumps(sample_tool, indent=2)}

TOOL REQUIREMENTS:

1. Match each tool precisely to its assigned domain above

2. Include 1-3 SIMPLE arguments with clear purposes

3. Return 1-3 FOCUSED result fields

4. Include “query_id”: “dummy” in each tool

5. Follow the exact JSON structure of the sample

Return a JSON array containing {batch_size} tools with UNIQUE names:

[
{tool1},
{tool2},
...

]

ONLY return the JSON array with no additional text.

Figure 11: Prompt for generating diverse e-commerce tools with unique names. Example Variable Values:
batch_size is configurable (typically 10 or 20, default 10). names_str is a comma-separated string of 20 ran-
dom existing tool names to avoid duplication (e.g., “get_order_details, validate_return_window, calculate_refund,
search_products, update_inventory, generate_shipping_label, process_payment, send_notification, track_shipment,
analyze_sales, manage_promotions, verify_address, calculate_tax, check_stock, create_invoice, update_customer,
generate_report, schedule_delivery, process_return, validate_coupon”). name_pattern_text consists of 4 ran-
domly selected naming patterns from: “feature_specific_domain, domain_specific_action, specialized_task_handler,
domain_analyzer, action_target_generator, domain_insight_provider, specialized_workflow_automation, tar-
get_specific_optimizer”. domains_text is a numbered list of specific domains (one per tool) from 100 predefined
diverse domains covering: Product management (catalog, variants, bundling, photography assessment, competitive
analysis, recommendations, sourcing, limited editions, warranties, etc.), Shipping & logistics (delivery, warehousing,
returns, tracking, etc.), etc. sample_tool is a randomly selected existing tool or default structure containing:
name, description, query_id, arguments (with type, properties, and argument details), and results (with type,
properties, and result field details).
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Prompt for Categorizing E-Commerce Tools into Functional Domains
Analyze these e-commerce tools and categorize them into functional domains.

TOOLS TO CATEGORIZE: {json.dumps(batch_tools, indent=2)}

PREDEFINED CATEGORIES: {json.dumps(self.categories, indent=2)}

INSTRUCTIONS:

1. For each tool, assign it to the MOST APPROPRIATE category from the predefined list

2. If a tool could fit multiple categories, choose the PRIMARY function

3. Consider the tool’s main purpose and typical use case

4. Return a JSON object mapping tool names to their categories

Return format:
{
"tool_name_1": "Category Name",
"tool_name_2": "Category Name",
...

}

ONLY return the JSON object with no additional text.

Figure 12: Prompt for categorizing e-commerce tools into functional domains. Example Variable Values:
batch_tools is a batch of 10-20 tools to categorize, each containing name, description, arguments, and
results fields (e.g., “get_order_details”, “calculate_shipping_cost”, etc.). self.categories is a predefined
list of 15 functional domain categories: “Order Management”, “Product Management”, “Inventory Management”,
“Shipping & Logistics”, “Payment Processing”, “Customer Management”, “Returns & Refunds”, “Pricing & Promo-
tions”, “Analytics & Reporting”, “Search & Discovery”, “Reviews & Ratings”, “Notifications & Communication”,
“Authentication & Security”, “Marketplace Integration”, and “Content Management”.
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Prompt for Generating Tool Simulation Outputs
Generate a realistic JSON output for this e-commerce tool call.
QUERY: “{context[’query’]}”
CURRENT STEP: “{context[’step’]}”
TOOL:

• Name: {tool_name}

• Description: {tool_def.get(’description’, ’No description available’)}

ARGUMENTS USED: {json.dumps(args, indent=2)}
PREVIOUS TOOL OUTPUTS: {json.dumps(context[’previous_outputs’], indent=2) if con-
text[’previous_outputs’] else “No previous outputs”}
REQUIRED OUTPUT PROPERTIES: {json.dumps(result_props, indent=2)}
EXAMPLE FORMAT: {json.dumps(example_output, indent=2)}
COMPLEXITY LEVEL: {complexity} {complexity_guidance}
INSTRUCTIONS:

1. Generate SPECIFIC, REALISTIC values consistent with the original query

2. Maintain CONSISTENCY with previous tool outputs

3. Include ALL required properties in the tool’s result schema

4. Values should match their expected data types

5. {“This is the FINAL TOOL in the plan. Make sure the output provides a DIRECT RESULT that
clearly resolves the user’s request (e.g., confirmation, status, or answer)” if is_final_step else
“Keep output focused and relevant to the step”}

RETURN ONLY THE JSON OUTPUT OBJECT.

Figure 13: Prompt for generating tool simulation outputs. Example Variable Values: context[’query’] is the
original e-commerce query text; context[’step’] is the current step description from the plan; tool_name is the
name of the tool being called; tool_def is the tool definition object containing description and other metadata; args
is a JSON object containing the arguments passed to the tool; context[’previous_outputs’] is a JSON object
or array containing outputs from previously executed tools (null or empty if no previous outputs); result_props
is a JSON schema object defining required output properties with types and descriptions; example_output is
a sample JSON object showing the expected output format; complexity is one of “SIMPLE”, “MODERATE”,
“COMPLEX”, or “ADVANCED”; complexity_guidance is text providing specific guidance for generating outputs
at the given complexity level; is_final_step is a boolean indicating whether this tool is the final step in the plan
(affects instruction 5).
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