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Abstract001

Recent advances in large language models002
(LLMs) have produced capable web agents, and003
evaluating their action trajectories is critical004
for post-training data selection and feedback-005
driven improvement. However, this assess-006
ment space remains under-explored while ex-007
isting benchmarks emphasize short, simple008
tasks and primarily evaluate trajectory cor-009
rectness. As agent capabilities grow and at-010
tention shifts to realistic, complex scenarios,011
modern web agents routinely engage in long-012
horizon reasoning over dozens of turns, which013
poses new challenges for evaluation. To bet-014
ter suit real-world evaluation needs, we present015
CREAT—a Comprehensive REward bench-016
mark for lengthy and complex web Agent017
Trajectories. CREAT is not only a bench-018
mark containing challenging, high-order web019
browsing queries that demand long-horizon020
agentic reasoning, but also a comprehensive,021
fine-grained evaluation framework for assess-022
ing agent trajectories. It evaluates trajectories023
along five dimensions that are crucial for web024
agents, going beyond correctness alone. Ex-025
periments on 10 representative LLMs reveal026
weak sensitivity to hallucinations and a limited027
ability to separate necessary exploration from028
redundant actions, providing insights about029
whether current LLMs can serve as reliable030
judges for comprehensive agent trajectory eval-031
uation.1032

1 Introduction033

In recent years, the rapid advancement of Large034

Language Models (LLMs) (DeepSeek-AI et al.,035

2025; OpenAI, 2025; Huang et al., 2025a) and Mul-036

timodal Large Language Models (MLLMs) (Liu037

et al., 2023; OpenAI et al., 2024; Bai et al., 2025;038

Su et al., 2025) have made it increasingly feasi-039

ble to develop powerful web agents capable of in-040

teracting with web browser (Nakano et al., 2022;041

1Our data and code will be publicly released.
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Figure 1: Comparison between (a) prior web-agent re-
ward benchmarks, which largely emphasize simple tasks
and correctness-only scoring, and (b) our CREAT bench-
mark, which targets long-horizon, complex trajectories
and multi-dimensional evaluation.

Ma et al., 2024; He et al., 2024; Xu et al., 2025). 042

Through observing web pages and generating fine- 043

grained, human-like operations such as clicking 044

and typing, state-of-the-art agents already demon- 045

strate remarkable progress and, in some cases, 046

promising human-level behaviors on real-world 047

tasks (Wei et al., 2025; Qi et al., 2025; Wang et al., 048

2025). 049

To further enhance the performance of web 050

agent, we introduce CREAT — a Comprehensive 051

REward benchmark for lengthy and complex web 052

Agent Trajectories — designed to evaluate the ca- 053

pabilities of LLM-based judges in realistic, chal- 054

lenging scenarios. The assessment of agent trajec- 055

tories (i.e. the reasoning and action sequence gener- 056

ated by agent) is crucial. High-quality assessments 057

can (i) filter trajectories for post-training or prefer- 058

ence optimization (Qi et al., 2025; Bai et al., 2024) 059

and (ii) provide actionable feedback so agents can 060

understand errors and correct them (Song et al., 061

2024; Zhai et al., 2024; Huang et al., 2025b). Re- 062

cent work shows that LLMs can serve as automatic 063
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judges of web-agent trajectories (Pan et al., 2024a;064

Murty et al., 2025). However, systematic stud-065

ies of how well LLMs evaluate web agents, espe-066

cially on long-horizon and complex tasks, remain067

limited. Existing reward benchmarks (Lù et al.,068

2025) largely focus on relatively simple tasks that069

require minimal strategy, or they primarily assess070

trajectory correctness (success/failure) as shown071

in Figure 1(a). Meanwhile, modern web agents072

increasingly tackle realistic, complex tasks that073

demand long-horizon reasoning, sometimes span-074

ning tens of turns (e.g., GAIA-style tasks (Mialon075

et al., 2023) ). Such trajectories introduce new chal-076

lenges for LLM-based evaluation: inputs are longer077

and noisier; and correctness alone is insufficient078

to guide agent evolution. Evaluations must there-079

fore consider multiple dimensions beyond outcome080

accuracy. This motivates our core question: Can081

LLMs serve as reliable judges for comprehen-082

sively evaluating lengthy, complex web-agent083

trajectories?084

To address this, CREAT selects 100 high-085

complexity tasks that requires higher-order browser086

operation from GAIA (Mialon et al., 2023). To bet-087

ter elicit complex, hybrid tool-use behavior, we088

build a unified environment that supports both GUI089

operations (click, type, scroll, etc.) and a suite of090

MCP (Model Context Protocol) compatible tools091

(e.g., download, calculator). Using this environ-092

ment, we employ strong commercial models to093

collect high-quality trajectories and evaluate them094

across five dimensions: (1) Completeness: How095

much of the task has been correctly completed. (2)096

Adaptability: The agent’s ability to avoid stagna-097

tion and adjust when progress stalls. (3) Truthful-098

ness: The extent of hallucinations in the trajectory099

and the agent’s ability to correct them. (4) Effi-100

ciency: The proportion of redundant steps in the101

trajectory. (5) Soundness: The agent’s ability to102

gather key information to support reasoning and103

reduce reliance on internal knowledge. The anno-104

tation process is conducted by human annotators,105

following a rigorous quality control. From a large106

pool of candidate trajectories, we select and retain107

200 representative examples to benchmark 10 main-108

stream models as judges and conduct a compre-109

hensive analysis, including the effect of different110

trajectory complexities as well as potential biases.111

Our analysis reveals the limitations of LLMs in112

performing holistic evaluations, their unawareness113

of hallucinations, and their insufficient ability to114

distinguish exploratory steps from redundant ones.115

Our contributions can be summarized as follows: 116

• We develop CREAT, a benchmark designed to 117

investigate whether current LLMs can serve as 118

reliable judges for comprehensive and lengthy 119

agent trajectory evaluation. 120

• CREAT comprises 100 complex problems that 121

demand high-order web-browsing operations and 122

long-horizon agentic reasoning, together with 123

200 high-quality trajectories. It further intro- 124

duces five fine-grained evaluation dimensions 125

aligned with practical error types, with well- 126

defined scoring criteria. It also provides an- 127

notations with justifications and additional fine- 128

grained supplementary information. 129

• We conduct experiments on 10 mainstream mod- 130

els and perform an in-depth analysis, uncovering 131

their unawareness of hallucinations and their lim- 132

ited ability to differentiate between exploratory 133

and redundant steps. 134

2 Environment 135

To construct a challenging benchmark that meets 136

future needs, we collect trajectories of Web Agents 137

performing tasks that are more complex, requiring 138

stronger reasoning, planning capabilities, and the 139

use of auxiliary tools. To achieve this, while retain- 140

ing the key characteristics of environments used 141

in most previous web agent benchmarks, we in- 142

troduce certain modifications and design a unified 143

environment to help agents enhance their capabil- 144

ities and enable the collection of trajectories that 145

meet our requirements. In addition, we execute 146

tasks on live, real-world web pages to ensure the 147

authenticity of the trajectories. 148

2.1 Agent 149

We formulate the web agent as a Markov Decision 150

Process (MDP) ⟨S,A, T, P ⟩. The state space S 151

represents the state of the current browser environ- 152

ment and the internal state of the agent. The action 153

space A consists of all valid tool calls. The tran- 154

sition function T : S × A → S is deterministic. 155

The plan P specifies the execution strategy and the 156

main steps for accomplishing the task. Details of 157

the plan generation are provided in Appendix A.2. 158

At each time step t, the agent is provided with 159

an observation of the current state st ∈ S, which 160

includes ot and ht, as well as the plan P . The 161

agent must generate the next action at ∈ A, and 162

subsequently receives a response rt from the MCP 163

server. Here, ot contains the current web page’s 164
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Figure 2: Overview of CREAT. The left part illustrates the unified environment we implemented, which provides a
variety of GUI and MCP tools. The middle part depicts the process by which the web agent handles a user query
within this environment: it first retrieves relevant information from the web, then uses the tools to download and
view the related paper, and finally derives the result. The right paper presents a comprehensive evaluation of the
trajectory. Since part of the supporting information originates from the model’s internal memory, the soundness is
considered relatively weak.

Accessibility Tree and its URL, while ht denotes165

the history of interactions with tool servers, i.e.,166

ht+1 = (ht, at, rt). The next state is then given by167

st+1 = T (st, at).168

2.2 Action Space169

Complex web-based tasks often require not only170

extensive information retrieval, but also further pro-171

cessing and analysis of information. Due to the172

inherent hallucination problem of LLMs and their173

relatively weak mathematical abilities, leveraging a174

suite of auxiliary tools such as calculators or code175

executors has become a common solution.176

However, performing calculations via UI inter-177

actions is cumbersome and may require numerous178

actions for a single expression. On the contrary, in-179

voking an API-based calculator can be completed180

in a single step. Therefore, we design an action181

space that differs from previous work. Specifically,182

we implement a unified interaction interface sup-183

porting both GUI and MCP actions, including a184

browser, a calculator, a file reader, and additional185

servers, resulting in a total of 19 tools. A complete186

list is provided in the Appendix A.1.187

The model can issue GUI interaction commands188

to the browser MCP server as well as invoke vari-189

ous utility tools. Our tool design also incorporates190

greater flexibility, enabling more diverse trajecto-191

ries. Combined with a broader action space, this192

results in more complex trajectories that are more193

difficult to evaluate. At the same time, the intro-194

duction of MCP ensures strong tool extensibility,195

aligning with future technological developments.196

2.3 Observation Space 197

We adopt the commonly used Accessibility Tree 198

representation to encode the content of a web 199

page. The Accessibility Tree preserves much of 200

the page’s structural information while being more 201

compact than the DOM or HTML representations, 202

thus improving the performance of the model. 203

3 Benchmark Construction 204

3.1 Task Selection 205

We select tasks from the widely used agent bench- 206

mark GAIA (Mialon et al., 2023), focusing on 207

those that involve search problems designed to 208

test planning capabilities. GAIA is a high-quality 209

benchmark created by human experts, designed to 210

evaluate the comprehensive capabilities of agents, 211

and organized into three difficulty levels. 212

Unlike other common web agent benchmarks 213

that emphasize web page understanding to ac- 214

complish tasks, GAIA’s samples typically re- 215

quire multiple supporting pieces of evidence or 216

domain-specific knowledge, involving complex 217

search procedures to retrieve information, compre- 218

hension of intricate real-world web content, fol- 219

lowed by additional processing or reasoning on 220

the retrieved information. From GAIA’s validation 221

set, we extract 100 tasks that satisfy our selection 222

criteria. 223

3.2 Trajectory Generation 224

After collecting the tasks, we use several of 225

the most powerful models available, including 226
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Level Number Avg Trajectory Turns Turn Limit Chosen Trajectory Acc Rejected Trajectory Acc

1 26 12.63 20 80.77% 23.08%
2 56 22.25 40 70.18% 28.07%
3 17 37.71 60 58.82% 11.76%

All 100 22.38 — 71.00% 24.00%

Table 1: Statistical information of CREAT, including the number of selected tasks at each difficulty level, the
average trajectory turns, the turn limit during execution, the accuracy of the chosen trajectories, and the accuracy of
the rejected trajectories. An example for each difficulty level is shown in Table 13.

GPT-5 (OpenAI, 2025), Gemini-2.5-Pro (Co-227

manici et al., 2025), DeepSeek-v3.1 (DeepSeek-AI,228

2024), GPT-5-mini, among others, to generate tra-229

jectories for these tasks. Each model interacts with230

the environment until the agent commits an answer,231

commits failure, or exceeds the round limit. The232

prompt template used for generation is provided in233

the Appendix A.3.234

For each question, we retain exactly two tra-235

jectories: one chosen trajectory and one rejected236

trajectory. These are intended to reflect representa-237

tive good or bad behavior exhibited by the models.238

Furthermore, the chosen and rejected trajectories239

must exhibit a noticeably quality gap, which we240

primarily determine based on task progress. For241

trajectories with similar task progress, we consider242

additional factors in our evaluation. If a suitable243

trajectory pair could not be obtained, we will con-244

tinue sampling until models generate acceptable245

results.246

We have designed a comprehensive set of evalu-247

ation dimensions for the collected trajectories, fol-248

lowed by manual annotation. While most previous249

work primarily focused on assessing the correct-250

ness of a trajectory, in practice, reinforcement learn-251

ing (RL) training may yield multiple trajectories252

that are all technically correct, and this possibil-253

ity will likely increase as the agent’s performance254

improves. Consequently, evaluating additional di-255

mensions of trajectories to identify the optimal one256

is becoming increasingly important. For incorrect257

or failed trajectories, a comprehensive evaluation is258

important to diagnose the capability shortcomings259

of LLMs as well.260

To this end, we define 5 key dimensions for holis-261

tic trajectory assessment. The design of these di-262

mensions is informed by our observations of com-263

mon errors made by agents, which reveal some264

current performance shortcomings of web agents.265

These include getting stuck in erroneous loops with-266

out adjusting strategies, hallucinating interpreta-267

tions of existing information, generating redundant 268

and meaningless steps, and reasoning based on in- 269

sufficient evidence. These dimensions emphasize 270

the overall characteristics of a trajectory rather than 271

evaluating individual actions in isolation. For sin- 272

gle actions, we particularly consider their impact 273

on the trajectory as a whole or interpret their role 274

based on contextual understanding. At the same 275

time, we pay attention to the model’s ability to ad- 276

just strategies and correct prior mistakes. Rather 277

than using binary judgments, we define clear scor- 278

ing rubrics ranging from 1 to 4 for each dimension. 279

A brief definition of each dimension is as fol- 280

lows: (1) Completeness: How much of the task 281

has been completed, approximated as (correctly 282

executed steps) / (estimated total steps needed). (2) 283

Adaptability: Assesses the agent’s ability to avoid 284

and recover from stagnation. This includes de- 285

tecting when current strategies fail and altering its 286

approach to avoid unproductive loops. (3) Truth- 287

fulness: Evaluates the presence of hallucinations, 288

factual inaccuracies, or flawed reasoning in the tra- 289

jectory, as well as the agent’s capacity to amend 290

such errors. It examines whether outputs remain 291

factually correct and logically consistent over time. 292

(4) Efficiency: Measures the proportion of redun- 293

dant, unnecessary, or incorrect actions within the 294

trajectory. (5) Soundness: The agent’s ability to 295

obtain key external information to support its an- 296

swer and reduce reliance on internal knowledge. 297

The agent should gather crucial information (non- 298

common-knowledge obtained from the web) and 299

reason over it. Table 10 provides the instruction 300

given to the annotators, including specific defini- 301

tions and detailed scoring criteria. 302

3.3 Statistical Information and Quality 303

Verification 304

Following the above process, we construct CREAT, 305

comprising 100 questions, 200 high-quality tra- 306

jectories, and comprehensive manual annotations. 307

Statistical information can be found in Table 1. 308
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Model Comp Adapt Truth Eff Sound All Exact Rank

GPT-5 61.00 57.00 43.00 50.50 50.50 52.40 16.00 69.00
GPT-5-mini 53.00 52.50 41.00 49.50 54.50 50.10 17.00 65.00
Gemini-2.5-pro 60.50 61.50 46.50 47.50 75.00 58.20 15.00 72.00
Gemini-2.5-flash 60.50 67.00 42.00 53.00 65.00 57.50 17.00 62.00
Grok-4 61.00 52.50 48.00 45.50 64.50 54.30 15.00 76.00
Claude-sonnet-4.5 60.00 66.50 47.00 45.00 45.50 52.80 13.50 70.00
DeepSeek-V3.2 60.50 57.00 38.00 48.00 54.50 51.60 14.50 70.00
Kimi-K2 61.00 57.50 44.50 52.00 61.50 55.30 19.00 48.00
Qwen3-30b-a3b 59.50 61.00 37.50 54.50 57.50 54.00 19.50 31.00
Llama3.3-8b 55.00 56.50 40.50 45.00 68.50 53.10 17.50 34.00

Table 2: Main evaluation results. Comp denotes Completeness, Adapt denotes Adaptability, Truth denotes
Truthfulness, Eff denotes Efficiency, Sound denotes Soundness, All denotes the average across the 5 dimensions,
Exact denotes Exact Match (i.e., agreement on all dimension scores), and Rank denotes Preference Rank, the
accuracy of ranking trajectories by score. Blue cells indicate the best value for that dimension. All models perform
weakly on exact match, and differences across dimensions are pronounced.

At every stage requiring manual annotation, in-309

cluding task selection, trajectory filtering, and tra-310

jectory annotation, 3 PhD-level annotators would311

participate, performing cross-validation to ensure312

the quality of the dataset. For each annotation, we313

provide a justification and additional fine-grained314

supplementary information. The detailed anno-315

tation process and an example of annotation are316

provided in Appendix A.4.317

4 Experiments318

4.1 Settings319

We select a total of 10 mainstream models, com-320

prising GPT-5 (OpenAI, 2025), GPT-5-mini,321

Gemini-2.5-pro (Comanici et al., 2025), Gemini322

-2.5-flash, Grok-4 (xAI, 2025), Claude-sonnet-323

4.5 (Anthropic, 2025), DeepSeek-v3.2 (DeepSeek-324

AI, 2024), Kimi-K2 (Team et al., 2025), Qwen3-325

30b-a3b (Yang et al., 2025) and LLama3.3-8b326

(Grattafiori et al., 2024). Models will be provided327

with the scoring criteria, the question, and the com-328

plete trajectory. The full prompt is shown in Table329

9. For each input, the model will directly output a330

score for each dimension. Since some trajectories331

are extremely lengthy which could exceed 300k to-332

kens while the majority of models we selected have333

a context length of 128k, we truncate the earliest334

turns that exceed the 128k-token limit.335

4.2 Results336

We evaluate the 10 selected models on CREAT.337

For each dimension, the accuracy is calculated by338

comparing the model-generated scores with the339

human-annotated scores. The results are presented 340

in Table 2. We also report accuracies for all di- 341

mensions combined, exact match, and preference 342

ranking. For Exact Match, the outputs must have 343

scores identical to human evaluations across all 344

dimensions. For preference ranking, we rank tra- 345

jectories based on the 5-dimensional scores. As 346

the completeness is the most crucial for agent em- 347

ployment, we would first compare completeness. If 348

completeness is tied, we compare the total score. If 349

the chosen trajectory ranks higher than the rejected 350

trajectory, the result is counted as correct. 351

Across individual dimensions, performance for 352

all models is generally acceptable. However, ex- 353

act match is low for all models, which do not ex- 354

ceed 20%, indicating that current LLMs may still 355

struggle to provide accurate and comprehensive 356

evaluations of complex trajectories. 357

For every single model, performance varies sub- 358

stantially by dimension while accuracies on truth- 359

fulness and efficiency tend to be lower, around 50% 360

or below. The top-performing model is not con- 361

sistent across dimensions, suggesting pronounced 362

differences in capabilities. Larger models generally 363

perform better, though the margin is not substan- 364

tial. In certain dimensions, smaller models may 365

even outperform. To comprehensively evaluate a 366

trajectory, it may be necessary to aggregate out- 367

puts across multiple models. In the case of Prefer- 368

ence Ranking, smaller models perform markedly 369

worse. For example, Qwen and LLaMA achieve 370

only around 30% indicating a diminished capability 371

in evaluation of overall quality. 372
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Model Level Comp Adapt Truth Eff Sound All Exact Rank

GPT-5
1 67.31 61.54 55.77 61.54 63.46 61.92 28.85 73.08
2 59.65 58.77 40.35 48.25 46.49 50.70 14.04 64.91
3 55.88 44.12 32.35 41.18 44.12 43.53 2.94 76.47

Gemini-2.5-pro
1 61.54 65.38 61.54 55.77 90.38 66.92 25.00 80.77
2 61.40 63.16 42.11 49.12 72.81 57.72 14.04 71.93
3 55.88 50.00 38.24 29.41 58.82 46.47 2.94 58.82

DeepSeek-V3.2
1 65.38 67.31 42.31 57.69 65.38 59.62 25.00 61.54
2 62.28 54.39 35.96 47.37 52.63 50.53 12.28 75.44
3 47.06 50.00 38.24 35.29 44.12 42.94 5.88 64.71

Claude-sonnet-4.5
1 65.38 71.15 50.00 51.92 53.85 58.46 21.15 61.54
2 59.65 64.91 47.37 43.86 44.74 52.11 14.04 71.93
3 52.94 64.71 41.18 38.24 35.29 46.47 0.00 76.47

Qwen3-30b-a3b
1 63.46 73.08 44.23 65.38 61.54 61.54 30.77 38.46
2 60.53 60.53 35.09 51.75 61.40 53.86 18.42 26.32
3 50.00 44.12 35.29 47.06 38.24 42.94 5.88 35.29

Llama3.3-8b
1 59.62 65.38 53.85 53.85 71.15 60.77 26.92 26.92
2 57.89 57.02 37.72 44.74 72.81 54.04 17.54 38.60
3 38.24 41.18 29.41 32.35 50.00 38.24 2.94 29.41

Table 3: Results of complexity analysis. Comp denotes Completeness, Adapt denotes Adaptability, Truth denotes
Truthfulness, Eff denotes Efficiency, Sound denotes Soundness, All denotes the average score across the 5 dimen-
sions, Exact refers to Exact Match, and Rank refers to Preference Ranking, i.e., the accuracy of ranking trajectories
according to their scores. The red cells indicate a difference of more than 10% compared with Level 1. All models
exhibit clear performance declines as the level increases, with notable differences among dimensions.

4.3 Analysis373

4.3.1 Impact of Complexity374

To study the impact of complexity on the accuracy375

of the evaluation, we report results across different376

levels. Table 3 shows 6 models, with full results377

provided in the Table 14.378

For all models, the accuracy at Level 3 is sig-379

nificantly lower than at Level 1 in almost all as-380

pects, with differences exceeding 10% in a substan-381

tial number of cases. Moreover, the average score382

steadily decreases as the level increases, indicating383

limitations in the LLM’s ability to handle lengthy384

and complex trajectories as a judge.385

For Preference Ranking, as the level increases,386

the model’s accuracy exhibits no clear trend. No-387

tably, Gemini, which possesses a 1M-token context388

length, achieves substantially higher overall accu-389

racy than GPT-5, whose context length is 288k.390

However, Gemini experiences a marked drop in ac-391

curacy for Preference Ranking at Level 3, despite392

the largest input length of 128k tokens being far393

smaller than its full 1M-token capacity. In contrast,394

GPT-5 demonstrates significantly better accuracy395

in Preference Ranking at Level 3. This implies that, 396

for fine-grained evaluation, the model’s ability to 397

understand long contexts may be critical, whereas 398

for assessment of overall quality, such capacity 399

might play a less decisive role. 400

4.3.2 Impact of Trajectory Quality 401

We compute accuracies separately for chosen tra- 402

jectories and rejected trajectories. Partial results are 403

shown in Figure 3, with full results in Table 15. For 404

all dimensions except efficiency, accuracy on re- 405

jected trajectories declines substantially compared 406

to chosen trajectories. Efficiency is comparable 407

and in some cases even better. Exact match drops 408

to nearly 0, indicating that models are much less 409

accurate and more inconsistent when evaluating 410

lower-quality trajectories, which drives the poor 411

exact match performance. 412

4.3.3 Bias Analysis 413

To further analyze the causes of performance differ- 414

ences across trajectory quality, we plot the distribu- 415

tion of score differences between the 10 models and 416

human evaluators (negative values indicate underes- 417
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Figure 3: Results by trajectory type. Metrics include completeness (Comp), adaptability (Adapt), truthfulness
(Truth), efficiency (Eff), soundness (Sound), as well as their average (All) and exact match agreement across all
dimensions (Exact). Apart from efficiency, declines are pronounced across other dimensions.
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Figure 4: Distribution of differences between model and human scores. The upper plot shows chosen trajectories;
the lower plot shows rejected trajectories. Each dimension shares the same horizontal axis. For each dimension,
values run from -3 to 3 from left to right; the vertical axis denotes the proportion at each value. The black dashed
line indicates the mean of differences.

timation, positive values indicate overestimation),418

as shown in Figure 4. The results reveal that for419

chosen trajectories, the models tend to overestimate420

Truthfulness. For rejected trajectories, there is a421

more pronounced overestimation of Truthfulness422

and Completeness. Models also tend to generally423

underestimate the efficiency of chosen trajectories.424

4.3.4 Truncation Strategy425

We select the model with the longest context win-426

dow, Gemini-2.5-pro, and trajectories exceeding427

128k tokens to compare different truncation strate-428

gies, including our default strategy, fine-grained429

truncation strategy, and using the full trajectory.430

The fine-grained truncation strategy refers to pro-431

gressively removing the earliest observations and432

tool responses from the trajectory while retaining433

Strategy All Exact

default 48.57% 4.76%
fine-grained truncation 50.95% 7.14%

w/o truncation 51.43% 4.76%

Table 4: Test results of Gemini-2.5-pro under different
truncation strategies. All denotes the average score
across the 5 dimensions, and Exact refers to Exact
Match. Accuracy decreases slightly under truncation,
with the fine-grained truncation strategy performing
marginally better.

the actions and thoughts. The results are shown in 434

Table 4. It can be observed that truncation leads to 435

a slight decrease in accuracy, with the fine-grained 436

truncation strategy incurring comparatively smaller 437

performance loss. This suggests that the impor- 438
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tance of observations and tool responses is rela-439

tively limited, and that the model’s capability may440

still be insufficient to fully utilize the additional441

information contained in a complete trajectory.442

4.3.5 Key Findings and Error Analysis443

Through a qualitative examination of the LLM’s444

failure cases, we identify two recurring categories445

of errors with a typical example provided in Ap-446

pendix A.5, which align closely with our quantita-447

tive observations in the experiments:448

Hallucination Unawareness. When intermedi-449

ate results contain hallucinations or when the rea-450

soning trajectory is flawed, the LLM often fails451

to detect the errors. This issue is particularly pro-452

nounced in cases where hallucinated intermediate453

results are produced with high confidence and never454

corrected, ultimately leading to incorrect final an-455

swers. In such cases, the model tends to misinter-456

pret these faulty steps as valid progress, resulting457

in systematic overestimation of completeness and458

truthfulness.459

Misunderstanding Exploration. The model460

struggles to distinguish between exploratory ac-461

tions (necessary attempts in information-sparse462

scenarios) and redundant actions (truly wasteful463

and non-informative moves), especially in com-464

plex tasks that involve substantial search space.465

Since exploratory actions may superficially resem-466

ble redundant ones in terms of observable task467

progress, the model frequently underestimates effi-468

ciency across such cases.469

5 Related Work470

Web Agents. Controlling agents to perform au-471

tonomous web navigation via natural language has472

long been a research area of considerable inter-473

est. With the rapid development of large language474

models, web agents based on LLMs and MLLMs475

have become mainstream. Nakano et al. (2022)476

constructed a text-based web environment and fine-477

tuned GPT-3 to enable web search and question478

answering based on retrieved information. Simi-479

larly, Chowdhery et al. employed Flan-U-PaLM to480

generate Python code for interacting with the envi-481

ronment. Other studies have explored approaches482

using screenshot inputs (Lee et al., 2023), as well as483

preprocessing screenshots by adding masks and la-484

bels to interactive elements (He et al., 2024). More485

recent work has increasingly favored RL as a means486

to further enhance model performance (Qi et al., 487

2025; Wei et al., 2025). 488

Reward Benchmarks and Web Agent Evalua- 489

tion. There has been substantial work on evaluat- 490

ing reward models across various scenarios, both in 491

text-only settings such as chat and reasoning (Lam- 492

bert et al., 2024; Malik et al., 2025; He et al., 2025), 493

and in multi-modal contexts (Li et al., 2025). Re- 494

search into reward benchmarks for agents has also 495

emerged, encompassing both action-wise (Men 496

et al., 2025) and trajectory-wise (Lù et al., 2025) 497

evaluations. 498

For the evaluation of web agent, earlier work 499

primarily evaluated these agents on simplified web 500

environments (Liu et al., 2018). To study their per- 501

formance in more authentic settings, researchers 502

have constructed benchmarks based on real offline 503

websites (Deng et al., 2023), simulated real web- 504

sites (Zhou et al., 2024), and real web environ- 505

ments (Pan et al., 2024b). More recently, there has 506

been a surging interest in building more challeng- 507

ing benchmarks for information retrieval tasks (Wu 508

et al., 2025; Wei et al., 2025; Miyai et al., 2025). 509

For such tasks, the resulting trajectories are often 510

lengthy and complex. However, existing studies 511

lack comprehensive evaluations for complex tra- 512

jectories, and action-level assessments frequently 513

overlook the implicit cumulative effects of individ- 514

ual actions on the overall trajectory. Our proposed 515

CREAT is designed to address this gap. 516

6 Conclusion 517

In this work, we introduce CREAT, a benchmark 518

specifically designed to comprehensively evalu- 519

ate the capability of LLM judges to perform fine- 520

grained assessments of complex agent trajectories. 521

CREAT comprises 100 questions and 200 high- 522

quality trajectories, along with a fine-grained eval- 523

uation framework encompassing five dimensions: 524

completeness, adaptability, truthfulness, efficiency, 525

and soundness. Through experiments conducted 526

on 10 representative LLMs, we reveal their lim- 527

itations in assessing lengthy trajectories as well 528

as several biases, including insufficient ability to 529

detect complex hallucinations and to distinguish ex- 530

ploratory actions from redundant ones. We believe 531

that our findings can contribute to improving the 532

performance and reliability of LLM judges, thereby 533

enabling web agents to better adapt to increasingly 534

complex real-world scenarios in the future. 535
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Limitations536

Despite the contributions of this work, several limi-537

tations should be acknowledged. First, due to time538

constraints, we are unable to conduct experiments539

on open-source LLMs such as Qwen and Llama.540

As a result, the current evaluation results only re-541

flect the performance of mainstream commercial542

models. Second, the number of available tools for543

trajectory generation in our current implementa-544

tion remains limited, with only 19 tools integrated545

into the system, potentially affecting the generaliz-546

ability of our findings to real-world scenarios with547

richer toolsets. In the future, we will consider test-548

ing more models and incorporating a larger set of549

tools to generate more complex trajectories.550
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Server Tool Type Description

Browser

click(element_id) GUI Click at an element by ID
hover(element_id) GUI Hover on an element by ID
type(text, element_id, enter_flag) GUI Type to an element by ID
goto(url) MCP Navigate the browser to a specific URL
go_back GUI Navigate to the previous page
go_forward GUI Navigate to the next page, if a previous ’go_back’ was performed
scroll(direction) GUI Scroll the page vertically
new_tab GUI Create a new tab
tab_focus(page_number) GUI Focus on a specific tab
close_tab GUI Close the current tab

Task Manager
commit_failed MCP Commit task failed
commit_completed MCP Commit task completed
commit_answer(answer) MCP Commit answer if the task requires

Calculator
calc_expression(expression) MCP Evaluates a Python-style mathematical expression
get_statistic(array, stat_type) MCP Calculate a specific statistic from an array on the stat_type parameter

File Reader convert_to_markdown(file_path) MCP Reads a file and converts it into markdown format

Downloader download(url) MCP Download a file and save to the local filesystem

Note add_note(content) MCP Add the content to the note, which will show in the history

Python Executor run_python(code) MCP Execute python code

Table 5: All GUI and MCP tool servers included in the action space with their corresponding supported functions,
in both GUI operation and MCP, amounting to a total of 7 servers and 19 tools, each accompanied by a concise
description of its functionality.

A Appendix776

A.1 Action Space777

This section presents detailed information regard-778

ing the design of the action space. Specifically, we779

implement a total of 7 MCP servers and 19 tools,780

supporting both GUI operations and API interac-781

tions. Relevant information is provided in Table 5.782

The Browser includes all 9 GUI tools as well as 1783

MCP tool. Our design follows the conventions of784

most existing web-agent benchmarks, enabling the785

agent to simulate nearly all human operations that786

occur in realistic scenarios.787

In addition, we implement a Task Manager that788

allows the model to autonomously manage task789

progress. The Downloader completes download790

tasks, including obtaining images, papers, and791

other materials. Combined with the File Reader,792

various file types are converted into plain-text793

Markdown format. For images, captions can be794

generated by file reader to assist the agent in mul-795

timodal understanding tasks. The Note tool can796

be used to record key information, while the Cal-797

culator and Python Executor are designed for fur-798

ther processing and analysis of data. Through this799

streamlined design, the model is capable of tack-800

ling a wide range of complex problems involving801

multimodal information.802

A.2 Plan Generation 803

Given the high difficulty of GAIA tasks, which 804

often require specialized domain knowledge to 805

solve, we generate a plan for each question to assist 806

the agent in producing higher-quality trajectories. 807

However, we avoid making the plan overly detailed, 808

so as not to oversimplify the task. Specifically, we 809

first use Gemini-2.5-pro to produce a concise plan 810

based on GAIA’s reference solution, and then re- 811

fine it manually to ensure that the plan contains no 812

critical intermediate results and is not excessively 813

detailed. The plan includes only suggestive steps, 814

enabling the LLM to perform purposeful explo- 815

ration. This approach ensures both the quality and 816

the naturalness of the resulting trajectories. The 817

prompts we use, along with an example plan, are 818

shown in Table 6 and Table 7. 819

A.3 Prompt 820

This section contains the prompts used for bench- 821

mark construction and evaluation, as shown in Ta- 822

bles 8 and 9. Our prompt designs are crafted by hu- 823

man experts, while also drawing upon prior work. 824

Table 8 provides the system prompt used to gen- 825

erate trajectories. We begin by introducing the 826

general task setting, followed by specifying the 827

types of information provided to the model at each 828

step. Next, we describe the available MCP servers, 829

and then present a detailed task description. To 830
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Prompt for plan generation

You are a web agent responsible for completing the user’s objective.
## Your task
For the given objective, come up with a simple step by step plan.
Do not add any superfluous steps.
Make sure that each step has all the information needed - do not skip steps.
Do not go into too much detail.
## Hint (only for reference)
{the gaia solution}
### Notes
- The Hint is provided **only** to help you generate correct plan.
- You must **NOT** copy any sentences, phrases, or exact structure from the hint.
- You must **NOT** give any **intermediate results**, even in examples. If any **intermediate results** from the
hint are required, you must recompute them yourself through independent reasoning.

Table 6: Prompt for plan generation.

Example of Plan

[User objective]
If Eliud Kipchoge could maintain his record-making marathon pace indefinitely, how many thousand hours would it
take him to run the distance between the Earth and the Moon its closest approach? Please use the minimum perigee
value on the Wikipedia page for the Moon when carrying out your calculation. Round your result to the nearest
1000 hours and do not use any comma separators if necessary.
[Plan]
1. Find Eliud Kipchoge’s world record marathon time and use it to determine his average pace in minutes per mile.
2. Search for the Wikipedia page for the Moon and find the minimum perigee distance in miles.
3. Convert the running pace from minutes per mile to miles per hour.
4. Divide the distance to the Moon by this speed to calculate the total travel time in hours.
5. Round the total time in hours to the nearest thousand and then state the final result in thousands of hours.

Table 7: An example of the generated plans.

ensure the high quality of trajectories, we also com-831

pile common typical errors into hints to guide the832

model. Finally, we define the required output for-833

mat.834

For evaluation, as shown in Table 9, the tasks835

are similarly introduced, accompanied by compre-836

hensive scoring criteria, followed by the prescribed837

output format. Since models may not strictly ad-838

here to the format, we employ regular expression839

matching to extract results; any sample with incom-840

plete matches is considered incorrect.841

In summary, while concise, our prompt design842

fully and clearly describes the tasks, and has been843

tested to ensure its effectiveness.844

A.4 Annotation Process845

Three PhD-level annotators conduct the annotation,846

following the instruction presented in Table 10. For847

each trajectory, they evaluate performance across848

five dimensions on a 1–4 scale, accompanied by849

justifications and fine-grained supplementary in-850

formation as shown in Table 11. All annotators851

independently label the complete dataset, and their852

results are subsequently compared. Discrepancies 853

are resolved through group discussion while sam- 854

ples exhibiting excessive divergence in ratings are 855

excluded from the final dataset. 856

A.5 Example Trajectory 857

In Table 12, we provide an example trajectory in 858

which the agent, after attempting to obtain key in- 859

formation, directly draws an incorrect conclusion 860

based on its internal knowledge, representing hal- 861

lucinatory task progress. Most models, however, 862

markedly overestimate its completeness and truth- 863

fulness. Moreover, during the agent’s exploration 864

process, only one redundant step occurred, yet the 865

models significantly underestimated its efficiency. 866

This observation is consistent with the conclusions 867

derived from our error analysis. 868

A.6 Example Queries from GAIA 869

Table 13 presents an example for each difficulty 870

level. As the difficulty increases, both the reasoning 871

capability required to solve the problem and the 872

number of steps involved rise substantially. 873
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Prompt for trajectory generation

You are a web agent responsible for completing the user’s objective using tools provided as MCP servers. One of
them is the browser MCP server for web interactions.
At each step, you will be given:
1. The user’s objective 2. The current webpage’s accessibility tree 3. The current webpage’s URL 4. The full history
of prior MCP interactions 5. A step by step plan
## Available Tools
Tool list starts with ‘## Available Tools‘. Each server starts with ‘### server_name‘, followed by its tools, each
starting with ‘- tool_name‘. The description of each tool includes: - Function summary - Input parameters (name,
type, required status, description)
...
## Your task
Your goal is to carefully reason about the current progress toward the user’s objective based on all provided
information (objective, webpage state, URL, history, plan). Then, output the next action to advance toward the
objective, selecting the most suitable MCP server and tool based on context.
1. Analyze the current situation and determine how far the task has progressed and what has been accomplished so
far.
2. Reason about the specific next action that should be taken to advance toward completion.
3. Output **exactly one MCP tool call** that represents this next action, selecting the most appropriate tool and
parameters based on context.
## **Important Notes** (Pay special attention to when handling tasks.)
1. The Accessibility Tree only contains the currently visible web page content. To browse the entire page, you need
to scroll the page.
2. The Accessibility Tree also contains the opened tabs.
3. For **starting a new search**, first navigate to the homepage (e.g., goto(www.bing.com)) to avoid multiple
search queries in one search bar.
4. If you believe the task has failed or is complete, use the ‘task manager‘ to commit.
5. For **important content**, such as **intermediate results**, please use the ‘note‘ tool to record.
6. For PDF file, download to local file system, and convert to markdown to view.
## Output Format
Thought: ...
Action: <tool>
{

"server_name": "",
"tool_name": "",
"inputs": {

"<parameter1>": "<value1>",
"<parameter2>": "<value2>",
...

}
}
</tool>

Table 8: Prompt for trajectory generation.

A.7 Additional Results874

We test a total of 10 models; however, the analy-875

sis section does not present the complete results.876

Here, we provide the remaining results in Table 3877

and Figure 4. Overall, the observed performance878

patterns are consistent with the findings reported879

in the main text. Due to space limitations, these880

results are excluded from the main body.881

14



Prompt for trajectory evaluation

Your task is to evaluate a web agent’s trajectory. The agent need to answer a question by using a browser and other
tools. You will receive input in the following format:
“‘
## Question
The question the web agent must answer
## Trajectory
### Turn 1
#### Accessibility Tree
Accessibility tree of the current web page
#### Current URL
Current page URL
#### Agent Output
The agent’s output at this turn
#### Tool Response
The tool’s response at this turn
### Turn 2
...
“‘
You must assign integer scores from 1 to 4 on the following five dimensions,
according to the criteria below:
“‘
## Completeness
Definition: How much of the task has been completed, approximated as (correctly executed steps) / (estimated total
steps needed).
4: The task is completed and a correct final answer is provided.
3: Progress > 2/3 of the required steps, but the task is not completed.
2: Progress between 1/3 and 2/3 of the required steps.
1: Progress < 1/3 of the required steps.
## Adaptability
Definition: The agent’s ability to avoid prolonged stagnation or error loops and adjust its strategy.
4: No long-term stagnation occurs.
3: The agent gets stuck, but then adjusts its strategy and significantly advances the task correctly.
2: The agent gets stuck and adjusts strategy, but does not significantly advance the task, or advances it incorrectly.
1: The agent gets stuck, does not adjust strategy, and makes multiple ineffective attempts.
## Truthfulness
Definition: Degree of hallucination in the trajectory. Hallucinations include obvious reasoning errors, factual errors,
format errors in outputs, and incorrect web interactions.
4: No hallucinations.
3: Minor hallucinations that do not significantly affect task execution, or are quickly corrected.
2: More serious hallucinations that significantly affect task execution but are later corrected.
1: Serious hallucinations that significantly affect task execution and are not corrected.
## Efficiency
Definition: Amount of redundant steps. Redundant steps include formatting errors, incorrect web operations, and
repeated actions taken in an identical page state.
4: No redundant steps.
3: Redundant steps ≤ 10% of all steps, or at most 1 redundant step.
2: Redundant steps ≤ 20% of all steps, or at most 3 redundant steps.
1: Redundant steps > 20% of all steps.
## Soundness
Definition: The agent’s ability to obtain key external information to support its answer and reduce reliance on
internal knowledge. The agent should gather crucial information (non-common-knowledge obtained from the web)
and reason over it.
4: Obtains all key information. If the trajectory stalls during information gathering or yields an incorrect final answer
but does not neglect information collection, it is still scored 4.
3: Obtains ≥ 50% of the key information; the remaining information is filled in from internal knowledge.
2: Obtains < 50% of the key information; the rest is inferred from internal knowledge.
1: Produces a final answer based on incomplete information, or relies on hallucinated internal knowledge.
“‘
You must output ONLY the final scores in the following format, without any explanations or reasoning:
“‘
Completeness: <score>
Adaptability: <score>
Truthfulness: <score>
Efficiency: <score>
Soundness: <score>
“‘

Table 9: Prompt for trajectory evaluation.
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Instruction given to annotators

You are required to evaluate a given web agent trajectory along five dimensions: Completeness, Adaptability,
Truthfulness, Efficiency, and Soundness.
For each dimension:
- Assign a score from 1 to 4, according to the definitions and scoring criteria below.
- Provide a concise justification for your score, including the specific details requested for each dimension.
- Refer to the trajectory step numbers (1, 2, 3...) when specifying certain events or behaviors.
1. Completeness
Definition: Measures how much of the task has been completed, approximated as (correctly executed steps) /
(estimated total steps needed).
4: The task is completed and a correct final answer is provided.
3: Progress > 2/3 of required steps, but task is not completed.
2: Progress between 1/3 and 2/3 of required steps.
1: Progress < 1/3 of required steps.
Requirements: Reference the solution provided by GAIA to assess how much of the task the agent completed.
2. Adaptability
Definition: Measures the agent’s ability to avoid prolonged stagnation or error loops and to adjust its strategy.
4: No long-term stagnation occurs.
3: The agent gets stuck, but then adjusts its strategy and significantly advances the task correctly.
2: The agent gets stuck and changes strategy, but does not significantly advance the task, or advances it incorrectly.
1: The agent gets stuck, does not adjust strategy, and makes multiple ineffective attempts.
Requirements: If stagnation occurs, specify step number range during which the stagnation happened (e.g., “stagna-
tion between steps 12–20”).
3. Truthfulness
Definition: Degree of hallucination in the trajectory. Hallucinations include obvious reasoning errors, factual errors,
format errors in outputs, and incorrect web interactions.
4: No hallucinations.
3: Minor hallucinations that do not significantly affect task execution, or are quickly corrected.
2: More serious hallucinations that significantly affect task execution but are later corrected.
1: Serious hallucinations that significantly affect task execution and are not corrected.
Requirements: Identify specific step numbers containing:
- Action Errors (Format errors and incorrect web interactions).
- Hallucinations (including reasoning or factual errors). For each hallucination, briefly explain the nature of the error
and its impact on task execution.
4. Efficiency
Definition: Amount of redundant steps. Redundant steps include formatting errors, incorrect web operations, and
repeated actions taken in an identical page state.
4: No redundant steps.
3: Redundant steps ≤ 10% of all steps, or at most 1 redundant step.
2: Redundant steps ≤ 20% of all steps, or at most 3 redundant steps.
1: Redundant steps > 20% of all steps.
Requirements: Identify specific step numbers containing:
- Invalid Action (Format errors and incorrect web interactions).
- Repetitive Action (repeated actions taken in an identical page state).
5. Soundness
Definition: The agent’s ability to obtain key external information to support its answer and reduce reliance on
internal knowledge. The agent should gather crucial information (non-common-knowledge obtained from the web)
and reason over it.
4: Obtains all key information. If the trajectory stalls during information gathering or yields an incorrect final answer
but does not neglect information collection, it is still scored 4.
3: Obtains ≥ 50% of the key information; the remaining information is filled in from internal knowledge.
2: Obtains < 50% of the key information; the rest is inferred from internal knowledge.
1: Produces a final answer based on incomplete information, or relies on hallucinated internal knowledge.
Requirements: Clearly list the key information required to solve the task. List which key information the agent
actually obtained during the trajectory.

Table 10: Instruction given to annotators.
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Example of annotation result

completeness
- score: 4
- justification: The answer is correct.
adaptability
- score: 3
- justification: progress stalled, after adjusting strategy can significantly advance the task.
- stagnation: 5-26
truthfulness
- score: 4, - justification: No obvious hallucinations or errors.
- hallucination:
- action error:
efficiency
- score: 1
- justification: 8 redundant steps exists
- invalid action:
- repetitive action:
soundness
- score: 3
- justification": "Obtained 50% of key information, used internal knowledge to obtain the two-time winners of
"Survivor"
- key information: the number of unique winners of "Survivor" up to season 44, the number of winners of "American
Idol"
- obtained information: the number of winners of "American Idol"

Table 11: Example of annotation result.
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Example Trajectory

[Question]
In Unlambda, what exact charcter or text needs to be added to correct the following code to output "For penguins"?
If what is needed is a character, answer with the name of the character. If there are different names for the character,
use the shortest. The text location is not needed. Code:
‘r“““““‘.F.o.r. .p.e.n.g.u.i.n.si
[Turn 1]

[action]
type("Unlambda print string . character r si example", element_id=4)
[Turn 2-4]

...
[Turn 7]

[action]
click(9627)
[Turn 8]

[action]
click(9627)
[Turn 9]
[Thought]
The provided Unlambda code prints each character using .x, but the final ’s’ is missing the leading ’.’ and is written
as ’si’ (which are combinators). To print the letter ’s’, a ’.’ is needed before ’s’. Therefore, the missing character is
"dot".
[Action]
commit_answer("dot")
[Correct Answer]
backtick
[Score]
completeness: 1, adaptability: 2, truthfulness: 1, efficiency: 3, soundness: 2
[GPT-5 Result]
completeness: 4, adaptability: 2, truthfulness: 4, efficiency: 2, soundness: 3
[Grok-4 Result]
completeness: 4, adaptability: 1, truthfulness: 3, efficiency: 1, soundness: 4

Table 12: Example Trajectory
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Example Queries

[Level 1]
If Eliud Kipchoge could maintain his record-making marathon pace indefinitely, how many thousand hours would it
take him to run the distance between the Earth and the Moon its closest approach? Please use the minimum perigee
value on the Wikipedia page for the Moon when carrying out your calculation. Round your result to the nearest
1000 hours and do not use any comma separators if necessary.
[Level 2]
What are the EC numbers of the two most commonly used chemicals for the virus testing method in the paper about
SPFMV and SPCSV in the Pearl Of Africa from 2016? Return the semicolon-separated numbers in the order of the
alphabetized chemicals.
[Level 3]
I was referencing each of the tables in the file from papers that were cited by the "Trans fatty acid contents in
chocolates and chocolate wafers in Turkey" paper. I lost my own reference sheet and need to know which of the
papers each table came from. The file may not use the full table caption. If the references in the "Trans fatty acid"
paper bibliography were numbered starting with 1, give me the numbers in the order that they would be used to fill
the cells in the Excel file from top to bottom, as a comma separated list.
To solve the task above, you will have to use this attached file: 3da89939-209c-4086-8520-7eb734e6b4ef.xlsx

Table 13: Example Queries
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Model Level Comp Adapt Truth Eff Sound All Exact Rank

GPT-5
1 67.31 61.54 55.77 61.54 63.46 61.92 28.85 73.08
2 59.65 58.77 40.35 48.25 46.49 50.70 14.04 64.91
3 55.88 44.12 32.35 41.18 44.12 43.53 2.94 76.47

GPT-5-mini
1 63.46 61.54 53.85 57.69 57.69 58.85 26.92 76.92
2 51.75 53.51 38.60 47.37 57.02 49.65 15.79 57.89
3 41.18 35.29 29.41 44.12 41.18 38.24 5.88 70.59

Gemini-2.5-pro
1 61.54 65.38 61.54 55.77 90.38 66.92 25.00 80.77
2 61.40 63.16 42.11 49.12 72.81 57.72 14.04 71.93
3 55.88 50.00 38.24 29.41 58.82 46.47 2.94 58.82

Gemini-2.5-flash
1 63.46 78.85 46.15 69.23 71.15 65.77 32.69 65.38
2 60.53 65.79 41.23 48.25 67.54 56.67 14.91 63.16
3 55.88 52.94 38.24 44.12 47.06 47.65 0.00 52.94

DeepSeek-V3.2
1 65.38 67.31 42.31 57.69 65.38 59.62 25.00 61.54
2 62.28 54.39 35.96 47.37 52.63 50.53 12.28 75.44
3 47.06 50.00 38.24 35.29 44.12 42.94 5.88 64.71

Grok-4
1 63.46 55.77 57.69 51.92 75.00 60.77 25.00 84.62
2 62.28 54.39 44.74 46.49 64.91 54.56 14.91 71.93
3 52.94 41.18 44.12 32.35 47.06 43.53 0.00 76.47

Claude-sonnet-4.5
1 65.38 71.15 50.00 51.92 53.85 58.46 21.15 61.54
2 59.65 64.91 47.37 43.86 44.74 52.11 14.04 71.93
3 52.94 64.71 41.18 38.24 35.29 46.47 0.00 76.47

Kimi-K2
1 67.31 67.31 53.85 63.46 63.46 63.08 30.77 46.15
2 58.77 55.26 42.11 47.37 66.67 54.04 17.54 45.61
3 58.82 50.00 38.24 50.00 41.18 47.65 5.88 58.82

Qwen3-30b-a3b
1 63.46 73.08 44.23 65.38 61.54 61.54 30.77 38.46
2 60.53 60.53 35.09 51.75 61.40 53.86 18.42 26.32
3 50.00 44.12 35.29 47.06 38.24 42.94 5.88 35.29

Llama3.3-8b
1 59.62 65.38 53.85 53.85 71.15 60.77 26.92 26.92
2 57.89 57.02 37.72 44.74 72.81 54.04 17.54 38.60
3 38.24 41.18 29.41 32.35 50.00 38.24 2.94 29.41

Table 14: Additional results of complexity analysis. Comp denotes Completeness, Adapt denotes Adaptability,
Truth denotes Truthfulness, Eff denotes Efficiency, Sound denotes Soundness, All denotes the average score across
the 5 dimensions, Exact refers to Exact Match, i.e., all dimension scores matching human ratings, and Rank refers
to Preference Ranking, i.e., the accuracy of ranking trajectories according to their scores. All models exhibit clear
performance declines as the level increases, with notable differences among dimensions.
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Model type Comp Adapt Truth Eff Sound All Exact

GPT-5
chosen 70.00 61.00 58.00 53.00 61.00 60.60 32.00
rejected 52.00 53.00 28.00 48.00 40.00 44.20 0.00

GPT-5-mini
chosen 71.00 66.00 64.00 56.00 66.00 64.60 34.00
rejected 35.00 39.00 18.00 43.00 43.00 35.60 0.00

Gemini-2.5-pro
chosen 75.00 68.00 61.00 48.00 75.00 65.40 25.00
rejected 46.00 55.00 32.00 47.00 75.00 51.00 5.00

Gemini-2.5-flash
chosen 75.00 75.00 64.00 54.00 71.00 67.80 33.00
rejected 46.00 59.00 20.00 52.00 59.00 47.20 1.00

DeepSeek-V3.2
chosen 76.00 69.00 53.00 50.00 67.00 63.00 29.00
rejected 45.00 45.00 23.00 46.00 42.00 40.20 0.00

Grok-4
chosen 75.00 55.00 62.00 41.00 70.00 60.60 23.00
rejected 47.00 50.00 34.00 50.00 59.00 48.00 7.00

Claude-sonnet-4.5
chosen 73.00 73.00 58.00 46.00 59.00 61.80 26.00
rejected 47.00 60.00 36.00 44.00 32.00 43.80 1.00

Kimi-K2
chosen 75.00 73.00 66.00 64.00 70.00 69.60 38.00
rejected 47.00 42.00 23.00 40.00 53.00 41.00 0.00

Qwen3-30b-a3b
chosen 76.00 70.00 61.00 64.00 71.00 68.40 39.00
rejected 43.00 52.00 14.00 45.00 44.00 39.60 0.00

Llama3.3-8b
chosen 72.00 68.00 66.00 60.00 74.00 68.00 35.00
rejected 38.00 45.00 15.00 30.00 63.00 38.20 0.00

Table 15: Additional results for different trajectory types. Comp denotes Completeness, Adapt denotes Adaptability,
Truth denotes Truthfulness, Eff denotes Efficiency, Sound denotes Soundness, All denotes the average score across
the 5 dimensions, and Exact refers to Exact Match, i.e., all dimension scores matching human ratings. Apart from
Efficiency, declines in other dimensions are notably apparent.
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