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Abstract001

Large language models are increasingly ap-002
plied to various development scenarios. How-003
ever, in on-chain transaction scenarios, even004
a minor error can cause irreversible loss for005
users. Existing evaluations often overlook exe-006
cution accuracy and safety. We introduce EVM-007
QuestBench, an execution-grounded bench-008
mark for natural-language transaction-script009
generation on EVM-compatible chains. The010
benchmark employs dynamic evaluation: in-011
structions are sampled from template pools, nu-012
meric parameters are drawn from predefined in-013
tervals, and validators verify outcomes against014
these instantiated values. EVM-QuestBench015
contains 107 tasks (62 atomic, 45 compos-016
ite). Its modular architecture enables rapid017
task development. The runner executes scripts018
on a forked EVM chain with snapshot iso-019
lation; composite tasks apply step-efficiency020
decay. We evaluate 20 models and find021
large performance gaps, with split scores re-022
vealing persistent asymmetry between single-023
action precision and multi-step workflow com-024
pletion. Code: https://anonymous.4open.025
science/r/bsc_quest_bench-A9CF/.026

1 Introduction027

Large language models (LLMs) are increasingly028

being used to control software and tools (OpenAI,029

2023; Anil et al., 2023). Leveraging LLMs for code030

generation and blockchain transactions is becoming031

commonplace, but this introduces significant finan-032

cial risks. Even a small error, such as an incorrect033

address, unit, or deadline, can result in irreversible034

losses.035

Benchmarks for code understanding and genera-036

tion need to cover a broad range of programming037

tasks and reasoning capabilities (Chen et al., 2021;038

Lu et al., 2021). Many evaluations still rely on lex-039

ical overlap metrics such as BLEU or CodeBLEU040

(Papineni et al., 2002; Ren et al., 2020). These met-041

rics can reward outputs that appear similar to refer-042

ences but fail to run or fail to meet functional con- 043

straints. Benchmarks such as SWE-bench (Jimenez 044

et al., 2024) focus on real-world software engi- 045

neering tasks like bug fixing in Python reposito- 046

ries. Due to the difference in test domains, such 047

benchmarks cannot directly reflect a model’s abil- 048

ity to execute transactions in Web2/Web3 environ- 049

ments. Blockchain-specific benchmarks such as 050

Solana Bench (Solana Foundation, 2025) explore 051

the boundaries of LLM capabilities in Web3 but 052

struggle to provide feedback on the accuracy of 053

natural language understanding and the safety of 054

transaction execution. 055

Transaction script generation presents a distinct 056

set of failure modes. LLMs must first interpret 057

diverse natural language instructions. The gener- 058

ated code must correctly construct calldata, account 059

for chain-specific units and token decimals, adhere 060

to protocol constraints, and manage dependencies 061

across multiple transaction steps. Even minor devi- 062

ations can lead to transaction reverts, partial execu- 063

tion, or incorrect state transitions. These character- 064

istics make blockchain automation an ideal domain 065

for execution-based evaluation. 066

We study natural language transaction script gen- 067

eration on EVM-compatible chains. The target 068

output is a client-side TypeScript module that com- 069

poses calls to deployed contracts. The module re- 070

turns unsigned transaction payloads. A standard- 071

ized runner signs and executes the requests on a 072

forked chain. Validators check receipts and post- 073

state constraints. This design measures end-to-end 074

correctness under execution. 075

We introduce EVM-QuestBench, an execution- 076

grounded benchmark with two splits. Atomic tasks 077

test single-action precision. Composite tasks 078

test multi-step workflows that require planning, 079

prerequisite handling, and parameter propagation. 080

Composite scoring incorporates a step efficiency 081

factor that penalizes unnecessary steps. EVM- 082

QuestBench contains 107 tasks with a maximum 083
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total score of 10,700. This design significantly sim-084

plifies benchmark development and maintenance.085

Creating an atomic task only requires defining the086

problem and developing a validator. Creating a new087

composite task only requires updating a JSON file.088

We evaluate 20 models under a unified proto-089

col. Results show substantial variance. Split scores090

reveal a persistent capability asymmetry between091

single-action precision and workflow completion.092

Several models achieve strong Composite perfor-093

mance with weaker Atomic scores. Several models094

fail on Composite workflows despite non-trivial095

Atomic performance. These patterns motivate split096

reporting for diagnosis.097

Our contributions are as follows:098

• We release EVM-QuestBench, a benchmark099

for natural language to transaction script100

generation on EVM-compatible chains, with101

Atomic and Composite splits.102

• We introduce an atomic/composite benchmark103

paradigm that significantly reduces develop-104

ment costs, especially when using LLMs to105

assist development.106

• We provide an execution protocol with snap-107

shot isolation, a fixed runner interface, and108

validator-based scoring over receipts and post-109

state constraints.110

• We report results on 20 models with split-level111

analysis that separates single-action precision112

from multi-step workflow completion.113

2 Related Work114

Execution-based evaluation for code genera-115

tion. A major limitation of reference-based code116

evaluation is that surface overlap can reward out-117

puts that resemble references but fail function-118

ally. Execution-based benchmarks address this by119

running generated programs against tests, includ-120

ing HumanEval and MBPP for function synthesis121

(Chen et al., 2021; Austin et al., 2021), and ex-122

tensions to library usage and multilingual settings123

(Wang et al., 2023; Khan et al., 2024; Yan et al.,124

2024). However, most prior benchmarks focus on125

stateless, sandboxed functions and do not model126

shared external state or irreversible actions.127

Real-world software engineering and multi-step128

interaction. SWE-bench evaluates issue resolu-129

tion by applying patches to real repositories and val-130

idating with test suites (Jimenez et al., 2024), em- 131

phasizing repository-scale context and cross-file ed- 132

its. Separately, agent-style benchmarks study multi- 133

step tool use and action sequencing in interactive 134

environments (Qin et al., 2023; Liu et al., 2023a). 135

These lines are complementary, but they typically 136

do not target blockchain-specific constraints such 137

as transaction construction, revert conditions, strict 138

unit handling, or protocol-imposed prerequisites. 139

Blockchain-specific evaluation and our position- 140

ing. Blockchain interaction introduces shared 141

mutable state, protocol prerequisites, and revert 142

risk that are absent in standard code tasks. Prior 143

blockchain benchmarks (e.g., Solana-focused trans- 144

action evaluations) (Solana Foundation, 2025) do 145

not explicitly disentangle single-transaction pre- 146

cision from multi-transaction workflow comple- 147

tion under a unified execution and validation inter- 148

face. EVM-QuestBench fills this gap by evaluating 149

natural-language-to-transaction-script generation 150

on EVM-compatible chains with atomic/composite 151

splits. Tasks are specified declaratively as JSON 152

with reusable validator components, enabling new 153

tasks to be added with minimal engineering effort 154

while preserving comparable execution-grounded 155

evaluation. 156

3 Benchmark Tasks 157

3.1 Benchmark Overview 158

EVM-QuestBench evaluates whether a model can 159

convert a natural language goal into an executable 160

outcome on EVM-compatible chains. Each task 161

specifies a target end state. For evaluation, the 162

runner samples a template from a pre-built pool and 163

instantiates numeric parameters within predefined 164

ranges. The model outputs a TypeScript module 165

that constructs transaction request objects. The 166

runner executes the plan on a forked chain, and 167

validators score post-execution constraints. 168

Figure 1 illustrates the layered architecture. The 169

design is modular: adding a new atomic task re- 170

quires only a JSON specification and a validator; 171

adding a composite task requires only a JSON file. 172

At evaluation time, the system flows through dy- 173

namic instantiation (template and parameter sam- 174

pling), LLM interaction (code generation), code 175

execution (sandboxed TypeScript runtime), trans- 176

action execution (signing and broadcasting on the 177

fork), and validation (weighted scoring against dy- 178

namically sampled parameters). 179
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Figure 1: EVM-QuestBench evaluation architecture. Tasks are defined as JSON specs, dynamically instantiated into
concrete instances, executed through a fixed TypeScript interface, and scored by validator-driven post-state checks.
Composite tasks additionally apply step-efficiency decay.

The benchmark targets transaction script gener-180

ation rather than contract synthesis. Failures com-181

monly arise from incorrect calldata construction,182

unit conversion, or missing protocol prerequisites.183

3.2 Task Specification and Data Format184

Each task is stored as a JSON specification con-185

taining an identifier, metadata, natural language186

templates, parameter definitions, and a validation187

configuration. Atomic and composite tasks share a188

common surface structure (templates, parameters,189

and validation). Composite tasks additionally in-190

clude an explicit workflow structure and a scoring191

strategy, enabling evaluation of multi transaction192

dependencies.193

Atomic task schema. An atomic task defines194

a single on chain action and its expected effects.195

The specification includes: (i) natural language196

templates that render user instructions, (ii) typed197

parameters with default ranges, and (iii) a valida-198

tor class with task specific arguments (e.g., token199

address, recipient address, amount, decimals). At200

evaluation time, the runner instantiates the validator201

and computes a weighted score from post execution202

checks.203

Composite task schema. A composite task de- 204

fines a multi transaction workflow and an end state 205

condition. Each composite specification includes 206

a composite_structure field that names a work- 207

flow pattern, sets optimal_steps, and enumerates 208

step level atomic operations. Composite validation 209

checks whether the final on chain condition holds, 210

then applies a step efficiency decay described in 211

Section 4. This design prioritizes end to end com- 212

pletion over intermediate surface matching. 213

Running example. A typical instance provides 214

an instruction such as “Swap 0.1 ETH to USDT” 215

together with an execution context (RPC endpoint, 216

agent address, and a contract address map). The 217

model returns a module whose executeSkill 218

function emits a transaction request that calls the 219

router with a concrete to address and data calldata. 220

The validator then checks transaction success and 221

verifies the expected balance change within the task 222

tolerance (Section 3). 223

3.3 Benchmark Composition 224

EVM-QuestBench contains 107 tasks (62 atomic, 225

45 composite) with a maximum total score of 226

10,700. Figure 2 shows split sizes and compos- 227
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Figure 2: Task split and composite workflow complexity
in EVM-QuestBench. (a) Atomic and composite task
counts. (b) Distribution of optimal steps for composite
tasks.

ite workflow complexity.228

Atomic tasks require one on-chain action.229

The task bank is organized into three categories:230

basic_transactions (40), defi_operations231

(19), and advanced_features (3). Basic trans-232

actions cover wallet and token operations (queries,233

native transfers, ERC20 transfers, approvals). DeFi234

operations cover swaps, liquidity, and staking. Ad-235

vanced features cover edge cases (fallback han-236

dling, delegatecall, flashloans). Atomic tasks237

stress parameter correctness, unit handling, and238

precise state change targets.239

Composite tasks require multi-transaction240

workflows with prerequisite approvals, protocol-241

imposed intermediate steps, and consistent parame-242

ter propagation. Examples include approve→swap,243

approve→add liquidity, and add liquidity→stake.244

Workflows range from 2 to 6 optimal steps (mean245

3.27, median 3), concentrated at 3 steps (53.3%).246

This split separates single-action precision from247

multi-step workflow completion.248

3.4 Difficulty and Coverage249

Each task is annotated with a difficulty label from250

{easy, medium, hard}. Atomic tasks are dominated251

by medium (56.5%), while composite tasks skew252

harder (hard: 24.4%), reflecting additional con-253

straints from prerequisite handling and step order-254

ing. Atomic tasks span subcategories including255

ERC20 operations, native transfers, NFT opera-256

tions, swaps, staking, and queries. Composite tasks257

diversify by workflow motifs: batch operations,258

swap-centric workflows, liquidity workflows, stak-259

ing workflows, and query-and-verify patterns.260

3.5 Instruction Templates and261

Parameterization262

Each task provides multiple natural language tem-263

plates that render a user goal as an instruction, to-264

gether with a parameter schema that binds slots in265

the template (e.g., token symbols, contract keys, re- 266

cipient addresses, and amounts). These templates 267

are generated by an LLM during benchmark de- 268

velopment to ensure diverse and realistic phrasing. 269

Atomic tasks include 3–5 templates (mean 3.97, 270

median 4), while composite tasks include 2–4 tem- 271

plates (mean 2.82, median 3). 272

At evaluation time, the runner randomly selects 273

one template from the candidate pool and samples 274

numeric parameter values uniformly within pre- 275

defined ranges specified in the task configuration. 276

For both atomic and composite tasks, all numeric 277

values (e.g., transfer amounts, token quantities, per- 278

centages) are dynamically generated within config- 279

ured intervals rather than fixed. The runner injects 280

these sampled values into the selected template and 281

passes the resolved parameters to validators. 282

Benefits of dynamic parameterization. Dy- 283

namic numeric sampling provides several evalu- 284

ation advantages over fixed test cases. First, it pre- 285

vents trivial memorization: models cannot succeed 286

by caching specific amount patterns from training 287

data. Second, it tests numeric reasoning robustness: 288

models must correctly parse arbitrary values from 289

natural language (e.g., “transfer 0.37 tokens” vs. 290

“transfer 100 tokens”) and propagate them through 291

unit conversions and calldata encoding. Third, it 292

exposes edge-case failures: boundary values and 293

unusual magnitudes reveal precision errors, over- 294

flow handling issues, and decimal truncation bugs 295

that fixed test cases might miss. Fourth, it enables 296

statistical significance: multiple runs with differ- 297

ent parameter samples yield confidence intervals 298

rather than single-point estimates. This setup en- 299

sures that models must generalize across different 300

numeric inputs rather than pattern-match against 301

known examples. Correctness depends on consis- 302

tent use of task-provided context, including the 303

contract address map, token decimals, and protocol 304

constraints. 305

3.6 Validators and Post Execution Constraints 306

EVM-QuestBench uses validator-based scoring 307

rather than reference code matching. This design 308

enables evaluation of functional correctness under 309

dynamic parameterization: validators receive the 310

same randomly sampled parameters that were in- 311

jected into the natural language instruction, and ver- 312

ify that the model’s output produces the expected 313

on-chain effects for those specific values. 314
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Validator architecture. Each atomic315

task type has a dedicated validator316

class (e.g., ERC20TransferValidator,317

SwapExactETHForTokensValidator). At in-318

stantiation, validators receive the dynamically319

sampled parameters from the runner, including320

target addresses, token amounts, and deci-321

mal configurations. Composite tasks use a322

CompositeValidator that loads and delegates to323

the appropriate atomic validator based on the key324

operation in the workflow.325

Validation against dynamic parameters. The326

validator converts human-readable parameters to327

chain-native units (e.g., 0.1 tokens → 0.1 × 1018328

wei for an 18-decimal token) and compares against329

actual on-chain state changes. For a transfer task,330

the validator checks: (i) the sender’s balance de-331

creased by the expected amount, and (ii) the re-332

ceiver’s balance increased by the same amount.333

This approach ensures that correctness is measured334

against the specific numeric values presented in the335

instruction, not against a fixed reference output.336

Weighted scoring components. Validators im-337

plement protocol and task-specific checks over re-338

ceipts and post-state. A typical atomic validator339

(e.g., ERC20 transfer) computes a weighted score340

from four check categories: transaction success (30341

points), contract address correctness (20 points),342

function signature correctness (20 points), and state343

change verification (30 points). Each check is bi-344

nary pass/fail with its assigned weight. The final345

score is the sum of passed check weights.346

Tolerance handling. Many tasks allow small tol-347

erances to account for AMM slippage or round-348

ing effects. Transfer validators typically allow a349

1 to 2% relative tolerance on amounts. Swap and350

liquidity operations use a slippage-style tolerance351

(commonly 5%). Approval tasks require an exact352

allowance match. These tolerances are applied dur-353

ing the state change verification step, ensuring that354

minor deviations from expected values (due to pro-355

tocol mechanics) do not penalize otherwise correct356

solutions.357

Composite validation. Composite validators358

compute a base success score from the final end-359

state condition, then apply step efficiency decay360

as described in Section 4. The validator loads the361

composite task definition, identifies the key opera-362

tion, and reuses the corresponding atomic validator363

to score the final transaction. This modular design364

eliminates code duplication and ensures scoring 365

consistency between atomic and composite evalua- 366

tions of the same operation type. 367

3.7 Score Reporting 368

We report three aggregate scores per model: 369

Atomic score (sum over 62 tasks), Composite score 370

(sum over 45 tasks), and Total score (sum over 107 371

tasks). We also report per task averages by normal- 372

izing each split sum by its task count. For summary 373

statistics, we use a pass threshold of 60 points per 374

task. 375

4 Evaluation Setup 376

We treat correctness as an end-to-end property: a 377

submission must construct valid transaction request 378

objects, execute successfully in a forked environ- 379

ment, and satisfy post-state constraints checked by 380

validators. 381

4.1 Task Formalization 382

Atomic tasks. Let A = {a1, a2, . . . , an} denote 383

the set of atomic tasks. Each atomic task ai is 384

defined as a tuple: 385

ai = (Ti, Pi, Vi, S
max
i ) 386

where Ti is the set of natural language templates 387

(one is randomly selected at test time), Pi is the 388

parameter space (numeric values are sampled uni- 389

formly within predefined intervals), Vi is the valida- 390

tor that checks post-execution state changes, and 391

Smax
i = 100 is the maximum score. 392

Composite tasks. A composite task C is con- 393

structed from an ordered sequence of atomic oper- 394

ations: 395

C =
(
ai1 → ai2 → · · · → aim , K

opt, VC

)
396

where aij ∈ A is the atomic operation at step j, 397

Kopt is the optimal number of steps specified by 398

the task definition, and VC is the composite valida- 399

tor that checks the final state condition. The arrow 400

notation → indicates execution order and potential 401

data dependencies (e.g., an approval must precede 402

a swap that requires that allowance). 403

4.2 Execution Environment 404

Evaluation runs on an Anvil fork of BSC mainnet 405

(chain ID 56), an EVM-compatible chain. We use 406

BSC as the instantiation; the benchmark design 407
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generalizes to other EVM chains. The runner spec-408

ifies the upstream RPC endpoint. The fork block409

height is not pinned; each evaluation uses the lat-410

est block at fork time. Within an evaluation run,411

we enforce comparability across tasks via snapshot412

isolation (Section 4.3).413

Each run creates a fresh test account. The private414

key is generated at runtime and is never exposed415

to the model. Transaction signing happens in the416

evaluation process, separating generation from au-417

thorization and preventing the model from directly418

controlling keys.419

Before tasks start, the account is funded with420

100 BNB. The environment provisions task assets,421

including ERC20 tokens, LP tokens, and NFT hold-422

ings. The runner also deploys a small set of auxil-423

iary contracts at runtime for testing.424

4.3 Isolation425

After environment initialization, we create a snap-426

shot of the forked chain state. Before executing427

each task, the runner restores the snapshot, yield-428

ing a consistent initial state per task. This prevents429

cross-task interference and makes task scores com-430

parable under identical starting conditions.431

4.4 Inference and Subtask Planning432

Unless otherwise specified, we use single-shot gen-433

eration for atomic tasks: each model is called once434

per task instance to produce a complete TypeScript435

module. We set the decoding temperature to 0.7.436

For composite tasks, we employ a multi-turn437

interaction protocol with explicit subtask planning.438

The LLM first enters a planning phase, where439

it analyzes the natural language instruction and440

decomposes the task into an ordered sequence of441

subtasks. Formally, the model outputs a plan:442

Π = ⟨π1, π2, . . . , πk⟩443

where each subtask πj = (tj , cj , pj) specifies an444

action type tj (e.g., approve, swap, stake, query),445

target contract cj , and parameters pj . The planning446

objective is to minimize the total number of steps447

while satisfying task constraints:448

min |Π| subject to Π |= C449

where Π |= C denotes that executing Π achieves450

the goal state specified by composite task C.451

After planning, the LLM enters the execution452

phase, iterating through the planned subtasks. For453

each subtask, the model generates a TypeScript454

code block that returns a transaction request object. 455

The runner executes the transaction on the forked 456

chain and returns the result (success/failure, receipt, 457

state changes) to the LLM. The model can also 458

perform query actions to inspect on-chain state 459

(balances, allowances) before executing transac- 460

tions. This closed-loop interaction continues until 461

the model signals task completion or exhausts the 462

round budget. 463

4.5 Scoring 464

Each task has a maximum score of Smax = 100. 465

Atomic scoring. Atomic tasks use task-specific 466

validators. Each validator computes a weighted 467

score from a set of post-execution checks C: 468

Satomic =
∑
c∈C

wc · 1
[
fc(spre, spost)

]
469

where wc is the weight assigned to check c, fc is the 470

check function comparing pre-execution state spre 471

and post-execution state spost, and 1[·] is the indica- 472

tor function. The weights satisfy
∑

c∈C wc = 100. 473

Typical checks include transaction success (30 474

points), target address correctness (20 points), func- 475

tion signature correctness (20 points), and state- 476

change verification through balance or allowance 477

deltas (30 points). Where required by on-chain me- 478

chanics, validators apply tolerances to account for 479

rounding or protocol-side price impact. 480

Composite scoring. Composite tasks use 481

outcome-based scoring with step-efficiency decay. 482

Let Kact denote the actual number of execution 483

rounds (including failed attempts and retries up to 484

the retry budget). The final score is: 485

S = Sbase ·min

(
1,

Kopt

Kact

)
486

where Sbase ∈ {0, 100} depends on whether the fi- 487

nal state condition holds. This formulation rewards 488

efficient execution: if Kact ≤ Kopt, the model 489

receives full credit; if Kact > Kopt, the score de- 490

cays proportionally to the ratio of optimal to actual 491

steps. 492

Aggregate scoring. Let Abench denote the set of 493

62 atomic tasks and Cbench denote the set of 45 494
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# Model Atom Comp Total Avg

1 Gemini-3-Pro 4460 3757 8217 76.8
2 Kimi-K2 4400 3505 7905 73.9
3 Claude-Sonnet-4.5 4088 3781 7869 73.5
4 GPT-5.1 4145 3497 7642 71.4
5 DeepSeek-V3.2 2915 4088 7003 65.5

6 GPT-OSS-120B 2531 3682 6213 58.1
7 Grok-4-Fast 2853 3358 6211 58.0
8 Claude-Haiku-4.5 3816 2215 6031 56.4
9 Gemini-2.5-Flash 2265 3716 5981 55.9

10 GPT-5 3516 2443 5959 55.7
11 Qwen3-Max 2775 2698 5473 51.2
12 GPT-5.1-Codex-Mini 1573 3286 5286 49.4
13 Qwen3-235B 3580 1691 5271 49.3
14 Mimo-V2-Flash 2740 2209 4949 46.3
15 Qwen3-30B 2845 1887 4732 44.2
16 GLM-4.6 2771 1145 3916 36.6
17 Devstral-2512 2905 0 2905 27.2
18 Qwen3-Coder-30B 3015 0 3015 28.2
19 Qwen3-Coder 2825 0 2825 26.4
20 Qwen3-Coder-Flash 290 38 328 3.1

Table 1: Leaderboard. Atom=Atomic (62 tasks),
Comp=Composite (45 tasks), Total=107 tasks.
Avg=Total/107.

composite tasks. We report:495

SAtomic =
∑

a∈Abench

Sa,496

SComposite =
∑

c∈Cbench

Sc,497

STotal = SAtomic + SComposite498

The maximum possible scores are Smax
Atomic =499

6,200, Smax
Composite = 4,500, and Smax

Total = 10,700.500

4.6 Artifacts501

We release the benchmark codebase, task defini-502

tions, validators, and the runner. We release ag-503

gregate model scores. We do not release full per-504

task outputs, JSON logs, or execution traces at this505

time.506

5 Results and Analysis507

5.1 Leaderboard508

We evaluate 20 models on EVM-QuestBench. Ta-509

ble 1 reports Atomic, Composite, and Total scores,510

where Atomic sums 62 tasks, Composite sums 45511

tasks, and Total sums 107 tasks (max 10,700). Avg512

is computed as Total/107.513

The top three models exceed 7,800 total points.514

DeepSeek V3.2 achieves the strongest Composite515

score (4,088.3) while ranking mid range on Atomic516

(2,915), suggesting partial separability between517

workflow completion and single step exactness.518
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Figure 3: Atomic score versus Composite score. Each
point is a model.

5.2 Atomic versus Composite Capability 519

Separation 520

Figure 3 visualizes Atomic versus Composite 521

scores. Models spread widely across the plane, 522

indicating that single step correctness and multi 523

step completion are only partially coupled. 524

We observe two characteristic asymmetries. 525

Workflow oriented models (DeepSeek V3.2, Gem- 526

ini 2.5 Flash) achieve high Composite despite 527

weaker Atomic, suggesting stronger sequencing 528

and end state targeting. Precision oriented models 529

(Claude Haiku) achieve high Atomic but lag on 530

Composite, consistent with weaknesses in multi 531

step dependency tracking. Full quadrant assign- 532

ments are provided in Appendix F. 533

5.3 Composite Execution Quality 534

Table 2 reports fine grained composite metrics for 535

13 models with complete composite evaluation 536

logs. We analyze three dimensions: code qual- 537

ity (1st%), step efficiency (Eff%), and environment 538

understanding (ethers%). 539

First try pass rate separates top models. GPT- 540

5 achieves 86.7% first-try pass rate with only 5 541

total retries, indicating high code generation qual- 542

ity. Gemini-3-Pro follows at 71.1%. In contrast, 543

models with 0% first-try pass rate (Claude Haiku, 544

GLM) require retries on every task they pass. 545

Step efficiency reflects planning quality. 546

Gemini-3-Pro leads with 97.3% efficiency despite 547

having the same mean Kact as GPT-5 (2.2), 548

indicating more consistent per-task optimization. 549
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Model Score Pass K Eff 1st eth

DeepSeek-V3.2 4088 42 3.0 90.6 60.0 26.7
GPT-5 3962 40 2.2 94.9 86.7 0.0
Gemini-2.5-Flash 3876 39 3.3 85.6 57.8 0.0
Gemini-3-Pro 3703 39 2.2 97.3 71.1 4.4
GPT-OSS-120B 3682 39 3.8 85.9 51.1 4.4
Kimi-K2 3605 37 3.5 87.0 46.7 42.2
Grok-4-Fast 3358 35 4.5 76.9 24.4 60.0
GPT-5.1-Mini 3183 30 4.7 75.9 26.7 51.1
Qwen3-Max 2668 24 5.2 72.2 17.8 73.3
Claude-Haiku 2238 15 6.1 64.8 0.0 100
GLM-4.6 1145 4 6.4 62.0 0.0 100
Qwen3-Coder-Fl 38 0 6.3 56.2 0.0 86.7
Qwen3-Coder-30B 0 0 6.6 58.4 0.0 100

Table 2: Composite execution quality (45 tasks).
K=Kact, Eff=Eff%, 1st=1st%, eth=ethers%.

Lower tier models average Kact > 6, which550

compounds both failure risk and score decay.551

ethers% reveals environment misunderstand-552

ing. The “ethers is not defined” failure mode in-553

dicates models that do not use the pre-provisioned554

ethers library correctly. Models with 0% ethers er-555

rors (GPT-5, Gemini-2.5-Flash) consistently align556

with top tier composite performance, while models557

with near-ubiquitous ethers failures (Claude Haiku,558

GLM) show a fundamental mismatch to the execu-559

tion interface.560

Several code-specialized models (e.g., qwen3-561

coder, devstral) report Composite scores of 0 due to562

early termination triggered by repeated schema/in-563

terface failures. We treat these cases as coverage564

artifacts and exclude them from workflow failure565

analysis.566

5.4 Where Workflows Fail567

Figure 4 reports pass rates by workflow pattern.568

The hardest patterns are multi stage DeFi work-569

flows combining liquidity and staking, as well as570

batch approval patterns. These concentrate three571

failure surfaces: (i) prerequisite correctness, (ii)572

cross step parameter consistency, and (iii) execu-573

tion robustness under multiple transactions. Addi-574

tional analysis is in Appendix E.575

6 Conclusion576

We presented EVM-QuestBench, an execution577

grounded benchmark for natural language transac-578

tion script generation on EVM-compatible chains,579

instantiated on BNB Smart Chain (chain ID 56).580

The benchmark contains 107 tasks with Atomic581

and Composite splits. Evaluation executes model582

generated TypeScript scripts in a forked environ-583

0 20 40 60 80
Pass Rate (%)

batch-approve-execute

liquidity-approve-stake

emergency-exit

batch-mixed-transfer

query-swap-stake-verify

full-liquidity-cycle

approve-swap-query

batch-transfer

batch-query

40% (n=20)

40% (n=20)

40% (n=20)

45% (n=20)

45% (n=20)

45% (n=20)

50% (n=20)

50% (n=80)

52% (n=40)

Figure 4: Composite workflow difficulty by pattern.
Pass is defined as score ≥ 60.

ment with snapshot isolation. Validators score out- 584

comes after execution. Composite tasks apply a 585

step efficiency factor. 586

We evaluated 20 models under a unified run- 587

ner. Performance varies substantially across mod- 588

els. Split scores expose a persistent gap between 589

single transaction precision and workflow comple- 590

tion. Several models achieve strong Composite 591

scores with weaker Atomic scores. Several models 592

fail on Composite tasks despite non zero Atomic 593

performance. 594

EVM-QuestBench offers a standardized proto- 595

col for studying execution grounded behavior in 596

on-chain automation. Future work can expand 597

task coverage, extend the benchmark to additional 598

EVM chains, and strengthen analysis using per task 599

traces. In fact, we have already leveraged the same 600

architecture to develop and establish a benchmark 601

on Solana, demonstrating the portability of our 602

atomic/composite paradigm across heterogeneous 603

blockchain ecosystems. We also plan to incorpo- 604

rate richer security checks for transaction intent 605

and side effects. Additionally, we intend to evalu- 606

ate LLMs’ success rates in generating atomic and 607

composite task definitions, which would further 608

assess their understanding of on-chain transactions 609

and smart contract semantics. 610

7 Limitations 611

Execution stability. Because EVM-QuestBench 612

is execution grounded, scores inherit instability 613

from RPC connectivity, fork performance, and 614

provider availability. Snapshot isolation and com- 615

posite retries reduce, but do not eliminate, this ef- 616

fect. 617
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Reproducibility across forks. We do not pin a618

fixed fork block height. Snapshot restore ensures619

comparability within a run, but cross run results620

can drift with mainnet state, especially for price621

sensitive swaps and liquidity operations. Pinning622

the fork height and recording the fork block number623

in metadata would improve reproducibility.624

Scoring and interface effects. Composite scor-625

ing applies a step efficiency decay factor626

min(1,Kopt/Kact), where Kact counts execution627

rounds that may include retries; this can conflate628

planning inefficiency with execution instability.629

Validators also use tolerances for some tasks, which630

may admit occasional false positives or over pe-631

nalize benign deviations. Finally, providers differ632

in default output budgets and formatting behavior,633

which can affect schema validity; prior work has634

noted that automatic metrics and LLM as a judge635

can introduce additional biases (Zheng et al., 2023;636

Liu et al., 2023b).637

Single-run evaluation. Due to time and com-638

putational cost constraints, we evaluated each639

model only once rather than conducting multiple640

runs. This single-run protocol limits our ability641

to report confidence intervals or assess variance642

in model performance. Stochastic factors such643

as temperature-induced generation variability and644

non-deterministic execution timing may affect in-645

dividual scores. Future work should incorporate646

multiple runs per model to provide more statisti-647

cally robust comparisons.648
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A Reproducibility 704

This appendix summarizes the setup required to 705

reproduce EVM-QuestBench runs and the experi- 706

mental settings that affect run to run variance. For 707

strict reproducibility, record the fork block height, 708

model sampling parameters, and the task parameter 709

random seed. 710

A.1 Environment and Dependencies 711

Experiments require a local EVM mainnet fork and 712

a TypeScript runner. 713

• Python 3.10 or newer 714

• Node.js 18 or newer (Bun 1.0 or newer is also 715

supported) 716

• Foundry with Anvil available in PATH 717
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Item Value

Chain EVM-compatible mainnet fork
Runtime TypeScript runner using ethers.js v6
Atomic out-
put

One module exporting executeSkill that re-
turns one TransactionRequest

Composite
output

Iterative calls; each round returns either one tx
module or a control JSON (query, error, submit)

Composite
rounds

Bounded by task optimal_steps and a multi-
plier such as max_rounds_multiplier

Non deter-
minism

Fork block height, model sampling parameters,
random parameter sampling when seed is not
fixed

Table 3: Reproducibility relevant settings.

A.2 Execution Commands718

The following commands run the benchmark for a719

given model identifier.720
721

# Run all 107 tasks722
python run_quest_bench.py --model <MODEL_NAME>723

724
# Split runs725
python run_quest_bench.py --model <MODEL_NAME>726

--type atomic727
python run_quest_bench.py --model <MODEL_NAME>728

--type composite729
730

# Naive mode (adds hints in task context)731
python run_quest_bench.py --model <MODEL_NAME>732

--naive-mode733734

A.3 Key Experimental Settings735

Table 3 lists the settings that most often explain736

score variance across reruns.737

B Prompt and Interface Specification738

This section documents the runner interface and739

response validity rules used by the evaluator. The740

goal is to make the execution contract between741

model and runner explicit.742

B.1 Runner Interface743

Each model outputs a TypeScript module ex-744

porting an entry function. The runner provides745

providerUrl, the agent EOA address, and a con-746

tract address map for the local fork.747
748

export async function executeSkill(749
providerUrl: string,750
agentAddress: string,751
deployedContracts: Record<string, string>752

): Promise<Record<string, unknown>> {753
const tx: Record<string, unknown> = {754

to: "0x...",755
data: "0x..."756

};757
return tx;758

}759760

Field Type Description

id string Unique task identifier
category,
subcategory

string Task family tags for coverage analysis

difficulty string easy, easy-medium, medium, hard
natural_language_
templates

string[] Instruction templates for prompts

parameters object Typed params with sampling ranges
validation object Post-execution checks and weights

Table 4: Atomic task schema summary.

B.2 Atomic and Composite Prompt Roles 761

(Schematic) 762

Atomic tasks require a single transaction that satis- 763

fies post execution checks. Composite tasks allow 764

multi round interaction and apply step efficiency 765

decay based on the number of rounds consumed. 766
767

Atomic role (schematic) 768
Produce TypeScript in a code block. 769
Return exactly one transaction request object. 770
Use task provided parameters and addresses. 771

772
Composite role (schematic) 773
You may query chain state before executing. 774
Each round returns either one tx module or a 775

JSON control message. 776
Completion is signaled with {"submit": true}. 777
Fewer rounds yield higher score via step 778

efficiency decay. 779780

B.3 Schema Invalid Rules 781

A response is marked schema_invalid if it cannot 782

be executed under the runner contract. 783

1. Missing exported executeSkill 784

2. Function signature mismatch 785

3. Return value is not a transaction like object 786

4. Missing required to field 787

5. Serialization failure under ethers.js 788

6. No valid TypeScript code block when code is 789

required 790

7. Control JSON is not parseable in composite 791

control rounds 792

C Task Definition Schema 793

This section summarizes task fields that are most 794

relevant for reproduction and error diagnosis. 795

C.1 Atomic Task Fields 796

Atomic tasks specify one on chain action and are 797

validated by post execution constraints. 798

C.2 Composite Task Fields 799

Composite tasks add a workflow template and a 800

scoring strategy that emphasizes end to end com- 801

pletion. 802
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Field Type Description

composite_structure object Workflow motif and step sequence
atomic_operations array Ordered atomic steps by atomic_id
optimal_steps int Kopt for step efficiency decay
max_rounds_multiplier int Upper bound on interaction rounds
scoring_strategy object Validator config for end state

Table 5: Composite task schema additions.

Family Typical toler-
ance

Examples of checks

Native and ERC20
transfer

small relative
tolerance

receipt success, recipient,
amount, balance delta

Approval exact match spender address, allowance
target

DEX swap slippage toler-
ance

router, path, amountIn and
minOut, output delta

Liquidity small relative
tolerance

token amounts, LP minted,
pool state updates

Staking and farm-
ing

small relative
tolerance

pool identifier, staked bal-
ance delta, reward signals

Queries numeric toler-
ance

returned value accuracy,
output format correctness

Table 6: Validator families summary.

D Validators and Scoring803

EVM-QuestBench uses validator based post execu-804

tion scoring rather than reference code matching.805

Validators check receipts and post state signals such806

as balance deltas, allowances, and protocol specific807

outcomes.808

D.1 Validator Families809

Table 6 summarizes common validator families and810

the constraints they evaluate.811

D.2 Composite Step Efficiency Decay812

Composite tasks apply an outcome based base813

score and multiply it by a step efficiency factor.814

Scorefinal = Scorebase ×min

(
1.0,

Kopt

Kact

)
. (1)815

Here Kopt is the task defined optimal step count816

and Kact is the number of executed rounds, includ-817

ing retries and query rounds.818

E Additional Analysis Figures819

This section provides supporting plots used to in-820

terpret difficulty and failure modes.821

E.1 Composite Pattern Difficulty822

Figure 5 reports pass rates for frequent compos-823

ite workflow patterns. Lower pass rates indicate824

Kopt Kact Decay Base score 100

3 2 1.00 100
3 3 1.00 100
3 4 0.75 75
3 6 0.50 50

Table 7: Step efficiency decay examples.

0 10 20 30 40 50 60 70 80
Pass Rate (%)

liquidity-approve-stake
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emergency-exit

batch-mixed-transfer

full-liquidity-cycle
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batch-transfer
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unknown

batch-query

40% (n=20)
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Figure 5: Pass rate by composite workflow pattern for
the ten most frequent patterns.

higher coordination burden across steps, including 825

prerequisite approvals and parameter propagation. 826

E.2 Step Overhead Distribution 827

Figure 6 shows the distribution of step overhead 828

∆ = Kact−Kopt aggregated across composite runs. 829

Positive overhead indicates extra rounds consumed 830

by redundant queries, retries, or incorrect interme- 831

diate actions. 832

E.3 Atomic Subcategory Difficulty 833

Figure 7 summarizes atomic pass rates by subcate- 834

gory. This view localizes which single transaction 835

primitives are brittle, such as query heavy tasks or 836

protocol specific calls with strict calldata require- 837

ments. 838

F Full Evaluation Tables 839

This section lists full model coverage and step over- 840

head statistics used in the main analysis. 841

F.1 Quadrant Summary 842

Table 8 summarizes the four capability profiles 843

based on AtomicAvg and CompositeAvg medians 844

(46.5 and 73.0 respectively). 845
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Figure 6: Distribution of step overhead ∆ = Kact −
Kopt.
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Figure 7: Pass rate by atomic subcategory.

F.2 Model Coverage and Quadrant846

Classification847

Table 10 reports coverage, normalized averages,848

total score, and the quadrant label based on Atomi-849

cAvg and CompositeAvg medians.850

F.3 Step Overhead and Decay Impact851

Summary852

Table 9 reports overhead statistics for selected mod-853

els and the composite score under decay. The over-854

head statistic is ∆ = Kact −Kopt.855

G Case Studies856

This section provides representative composite857

workflows that stress end to end execution. The858

goal is to highlight failure points such as parameter859

propagation, prerequisite handling, and protocol860

sequencing.861

Profile Count Interpretation

High High 5 strong precision and workflows
High Low 3 strong precision, weaker workflows
Low High 4 weaker precision, stronger work-

flows
Low Low 5 weaker on both splits
Atomic only 3 composite split not executed

Table 8: Quadrant summary based on AtomicAvg and
CompositeAvg medians.

Model Mean ∆ Over-opt (%) P90 ∆ Comp. score

gemini-2.5-flash -0.40 24 1 3715.7
gemini-3-pro-
preview

-0.69 33 1 3756.8

gpt-5 -0.98 22 1 2443.3
deepseek-v3.2 +0.56 42 1 4088.3
gpt-oss-120b +0.44 38 1 3682.3
kimi-k2-thinking +0.71 49 2 3504.9
grok-4-fast +1.00 53 3 3357.5
claude-haiku-4.5 +2.49 89 4 2214.7
glm-4.6 +2.91 100 5 1145.1

Table 9: Step overhead and decay impact summary.

G.1 Case 1: Complex Multi step DeFi 862

Workflow 863

Task: composite_complete_swap_stake_workflow. 864

Workflow: query, approve, swap, add liquidity, 865

stake, verify. 866

Optimal steps: 6. Pass rate: 45%. 867

This task combines prerequisite checks with mul- 868

tiple protocol interactions. Failures often arise from 869

incorrect swap path or slippage, mismatched token 870

ratios during liquidity provision, or staking to an 871

incorrect pool. Models that succeed typically keep 872

parameters consistent across all steps and avoid 873

redundant query rounds that increase Kact. 874

G.2 Case 2: Batch Approval Workflow 875

Task: composite_batch_approve_2_tokens. 876

Workflow: approve token A, approve token B, ex- 877

ecute the downstream action. 878

Optimal steps: 3. Pass rate: 40%. 879

This pattern stresses multi transaction sequenc- 880

ing and nonce handling. Common failures include 881

nonce conflicts under rapid submissions, gas es- 882

timation errors for back to back approvals, and 883

incomplete approvals that allow only one token to 884

proceed. 885
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Model Atomic Composite AtomicAvg CompAvg Total Quadrant

gemini-3-pro-preview 62/62 45/45 71.9 83.5 8216.8 High-High
claude-sonnet-4.5 62/62 45/45 65.9 84.0 7868.5 High-High
kimi-k2-thinking 62/62 45/45 71.0 77.9 7904.9 High-High
gpt-5.1 62/62 45/45 66.9 77.7 7642.3 High-High
deepseek-v3.2 62/62 45/45 47.0 90.9 7003.3 High-High

gemini-2.5-flash 62/62 45/45 36.5 82.6 5980.7 Low-High
gpt-oss-120b 62/62 45/45 40.8 81.8 6213.3 Low-High
grok-4-fast 62/62 45/45 46.0 74.6 6210.5 Low-High
gpt-5.1-codex-mini 62/62 45/45 25.4 73.0 5286.3 Low-High

gpt-5 62/62 45/45 56.7 54.3 5959.3 High-Low
claude-haiku-4.5 62/62 45/45 61.5 49.2 6030.7 High-Low
qwen3-235b-thinking 62/62 45/45 57.7 37.6 5270.6 High-Low

qwen3-max 62/62 45/45 44.8 60.0 5472.9 Low-Low
glm-4.6 62/62 45/45 44.7 25.4 3916.1 Low-Low
qwen3-30b-thinking 62/62 45/45 45.9 41.9 4732.0 Low-Low
mimo-v2-flash 62/62 45/45 44.2 49.1 4949.4 Low-Low
qwen3-coder-flash 62/62 45/45 4.7 0.8 327.5 Low-Low

qwen3-coder 62/62 0/45 45.6 0.0 2825.0 Atomic-Only
qwen3-coder-30b 62/62 0/45 48.6 0.0 3015.0 Atomic-Only
devstral-2512 62/62 0/45 46.9 0.0 2905.0 Atomic-Only

Table 10: Model coverage and quadrant classification. Averages are normalized to the 0–100 scale.
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