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Abstract001

An increasing number of intelligent systems002
interact with daily human activities, making003
robust egocentric visual information process-004
ing essential. However, existing benchmarks005
for Visual Agents and Visual Language Mod-006
els (VLMs) primarily focus on third-person007
perspectives or capture only short-term visual008
understanding, limiting their ability to model009
long-horizon, action-centric procedures. To010
bridge this gap, we propose EgoErrorVQA,011
the first visual question answering (VQA) task012
designed for egocentric procedure comprehen-013
sion with explicit modeling of procedural er-014
rors that reflect common execution failures in015
real-world tasks. EgoErrorVQA evaluates a016
range of models using both open-ended and017
multiple-choice questions, revealing persistent018
weaknesses in handling procedures with step-019
wise logical dependencies. In addition, we020
develop a user-friendly evaluator agent based021
on the Agent2Agent (A2A) protocol, enabling022
rigorous and standardized evaluation of visual023
agents through VQA-based interaction. Finally,024
we introduce EgoError-CoT, a training-free025
framework that improves reasoning through026
in-context learning and task-specific chain-of-027
thought prompting, delivering consistent gains028
without additional training.029

1 Introduction030

With the rapid progress of visual agents, VLMs,031

and multimodal large language models (MLLMs),032

benchmarks must keep pace with emerging agent033

capabilities. Egocentric video understanding is par-034

ticularly important as it captures the world from a035

first-person perspective (Plizzari et al., 2024) and036

underpins agentic and embodied applications (Fung037

et al., 2025). A key yet under-evaluated require-038

ment in this setting is procedural understanding (Li039

et al., 2025b): many everyday tasks involve execut-040

ing interdependent steps under ordering constraints041

(e.g., assembling a toy car), which demands step-042

level comprehension, long-horizon memory, and043

temporal reasoning beyond recognition or caption- 044

ing (Ging et al., 2024). Moreover, robust assistance 045

requires not only following procedures but also 046

detecting failures, such as out-of-order steps, omis- 047

sions, wrong-object usage, and redundant actions, 048

motivating evaluation of procedural error detection 049

(Flaborea et al., 2024) with practical relevance to 050

smart homes and factories. 051

During a task like making a sandwich (take bread 052

→ spread mayo → add ham → close sandwich), 053

procedural error detection requires an agent distin- 054

guish step omissions (forgetting the ham), out-of- 055

order execution (closing before adding ham), re- 056

dundant actions (spreading mayo twice), or wrong- 057

object usage (grabbing the wrong condiment). 058

However, existing benchmarks fall short in two 059

key respects. First, despite the growing interest in 060

egocentric procedure understanding (Bansal et al., 061

2022), procedural errors are rarely characterized in 062

a way that enables systematic evaluation. Besides, 063

existing datasets were not specifically designed for 064

procedural error detection and thus lack detailed 065

error annotations and comprehensive error taxon- 066

omy, therefore, difficult to use directly. Second, 067

evaluation pipelines are often cumbersome and dif- 068

ficult to reproduce: users may need to assemble 069

scattered scripts, convert outputs into specific for- 070

mats, and run separate components for scoring and 071

reporting. This fragmented process makes it costly 072

to evaluate even a single agent, limiting usability 073

and hindering broader adoption. 074

To address these limitations, we propose Ego- 075

ErrorVQA, a benchmark that evaluates egocentric 076

video comprehension, memory, and reasoning by 077

formulating procedural error detection as a VQA 078

task, along with an eight-category error taxonomy 079

covering nearly all common procedural error types. 080

As illustrated in Fig.1, we package EgoErrorVQA 081

as an evaluator agent (green agent) that interacts 082

with the agent under test (white agent) via a unified 083
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Benchmark Videos QA-pairs Procedural
Aciton
Label

Error
Label

LLM
Scoring

Multiple
Scenarios

Open-
end

Question

Multiple-
choice

Question
EgoVQA (Fan, 2019) 16 600 × × × × ✓ ✓ ✓

AssistQ (Wong et al., 2022) 100 531 ✓ ✓ × × ✓ × ✓

EgoTaskQA (Jia et al., 2022) 2K 40K ✓ ✓ × × ✓ × ✓

EgoPlan-Bench (Chen et al., 2023b) - 4939 ✓ ✓ × × ✓ × ✓

EgoSchema (Mangalam et al., 2023) - 5063 × × × × ✓ × ✓

VidEgoThink (Cheng et al., 2024a) 195 600 × ✓ × ✓ ✓ ✓ ×
OpenEQA (Majumdar et al., 2024) - 1636 × × × ✓ ✓ ✓ ×
ProMQA (Hasegawa et al., 2025) 384 401 ✓ ✓ ✓ ✓ × ✓ ×
EgoTextVQA (Zhou et al., 2025) 1507 7064 × × × ✓ ✓ ✓ ×

EgoErrorVQA (Our) 800 5417 ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Comparison between EgoErrorVQA and common video benchmarks. Videos represents the number of
original videos.

Green agent

Did I chop the garlic clove properly 
on the cutting board?

White agent

Yes, you chopped the garlic clove 
properly on the cutting board.

Green agent

…

Evolution Result

Green agent

Green agent

White agent

A2A A2A

Is there any error in {action_label}? If so, 
which of the above error types does it 
belong to?

Correct.

…

Evolution Result

Figure 1: Evaluation process of EgoErrorVQA, in which
establishing communication with the system by the eval-
uatee is sufficient to automatically trigger the assess-
ment.

Agent2Agent (A2A) protocol1 and fixed interfaces:084

the evaluator serves information such as the video085

path together with both open-ended questions (e.g.,086

action correctness) and multiple-choice questions087

(e.g., error-type identification), collects the model’s088

responses, and automatically produces evaluation089

results. In practice, users only need to establish090

an A2A connection to the evaluator agent, after091

which the full assessment is triggered and executed092

end-to-end, substantially improving usability and093

reproducibility.094

Finally, we propose a training-free framework095

that leverages in-context learning and chain-of-096

thought (CoT) reasoning, and achieve substantial097

performance improvements on this task. In sum-098

mary, our main contributions are as follows:099

• We introduce EgoErrorVQA, a novel task for100

egocentric procedure comprehension across diverse101

scenarios. This task contains a new benchmark and102

dataset, which, to the best of our knowledge, is the103

first benchmark explicitly dedicated to procedural104

1More details about A2A protocl are available at https:
//a2a-protocol.org/latest/

Benchmark Source Clips
Correct
samples

Error
samples

QA-pairs

Open-end

CaptainCook4D 960 632 328

3560
EgoOops 215 175 40
Epic-tent 184 124 60

Assembly101 446 341 105

Multiple-choice

CaptainCook4D 1000 660 340

1857
EgoOops 215 175 40
Epic-tent 182 123 59

Assembly101 460 352 108

Table 2: Statistics of EgoErrorVQA.

error detection and VQA in egocentric setting as 105

shown in Table. 1. 106

• We encapsulate EgoErrorVQA as an evalua- 107

tor agent with fixed interfaces to streamline repro- 108

ducible evaluation of external agents and VLMs, 109

and integrate a scoring suite that combines LLM- 110

based judgment (open-end) with general evaluation 111

metrics (multiple-choice) to assess not only seman- 112

tic quality and creativity, but metric-based perfor- 113

mance, making the evaluation more comprehensive 114

and broadly applicable. 115

• We conduct extensive experiments on EgoEr- 116

rorVQA across a variety of models, validating the 117

benchmark and revealing that current agents and 118

VLMs still lag behind humans in procedural error 119

understanding. As a simple yet effective baseline, 120

we propose EgoError-CoT, a training-free prompt- 121

ing strategy in combination with in-context learn- 122

ing that improves procedural comprehension. 123

2 Related Work 124

Egocentric video benchmark. Existing egocen- 125

tric video benchmarks for VQA models typically 126

involve simple questions or tasks such as action 127

recognition and object identification (Cheng et al., 128

2024b; Majumdar et al., 2024; Jia et al., 2022), 129

offering only short-term assessments of reasoning 130

and cognition. Some works consider more complex 131

tasks like task planning (Chen et al., 2023b), which 132

better probe reasoning and memory. As shown in 133

Table. 1, our work focus on egocentric procedure 134
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Figure 2: Overview workflow of EgoErrorVQA. In the QA-pairs Generation stage, it outlines the overall procedure
for constructing QA-pairs and highlights the stages and roles of human involvement, we use Qwen2.5-7B-Instruct to
generate in this work. Subsequently, the Open-end VQA Evaluation and Multiple-choice VQA Evaluation sections
illustrate the overall pipelines for those two evaluation tasks, respectively.

comprehension, a task that is more challenging and135

insightful, covering the two most common question136

types in VQA.137

Egocentric procedural error detection. As138

egocentric datasets proliferate (Haneji et al., 2025;139

Peddi et al., 2024), downstream tasks have become140

increasingly diverse, with egocentric procedural141

error detection (Wang et al., 2023) emerging as142

a key challenge. Such task is central to enabling143

AI assistants (Li et al., 2025b) to effectively sup-144

port daily activities and even help blind people.145

Our benchmark targets this task, providing a frame-146

work to assess these abilities, to evaluate traditional147

methods (Lee et al., 2024; Huang et al., 2025) and148

further supports the research on interpretable error149

detection and classification.150

LLM reasoning and in-context learning. With151

the rapid advancement of Large Language Models152

(LLMs), their reasoning capabilities have substan-153

tially improved (Ma et al., 2025), and recent studies154

show that chain-of-thought (CoT) prompting can155

further enhance their reasoning performance (Wei156

et al., 2022). Nevertheless, LLMs still encounter157

considerable difficulties in handling complex tasks,158

such as advanced mathematical problems(Chen159

et al., 2023a). In this work, we employ LLMs160

only for relatively simple semantic-level tasks, sup-161

ported by rigorous reliability analysis. Also, we 162

appropriately integrates CoT and in-context learn- 163

ing. In-context learning (Dong et al., 2024) allows 164

models to improve task performance without fine- 165

tuning by using contextual information or examples 166

in the prompt. 167

3 Open-end VQA in EgoErrorVQA 168

Given that video question answering (VQA) is al- 169

ready a core capability of current agents and VLMs, 170

and is highly likely to remain so in the future, we 171

design our evaluation procedure in the form of 172

VQA. To enable a more comprehensive and objec- 173

tive evaluation, EgoErrorVQA incorporates both 174

open-end and multiple-choice VQA as shown in 175

Fig. 2. In this section, we focus on the open-ended 176

setting. We first introduce the data collection, the 177

specific task formulation and the construction of 178

QA-pairs, then present several illustrative examples 179

for better understanding. 180

3.1 Data Collection 181

In Table. 2, Fig. 3 and Fig. 4, we select four ego- 182

centric procedural task datasets: CaptainCook4D 183

(Peddi et al., 2024), EgoOops (Haneji et al., 2025), 184

Epic-Tent (Jang et al., 2019) and Assembly101 185

(Sener et al., 2022). These are among the few ego- 186
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Figure 3: (a), (b), (c), and (d) respectively show the proportions of correct and incorrect samples in open-end VQA
and multiple-choice VQA. (e) shows the proportion of QA-pairs in the open-end VQA that are generated by the
LLM versus those added by human annotator. (f) shows the distribution of each error type.

CaptainCook4D EgoOops Epic-Tent Assembly101

Figure 4: Examples from the four selected datasets.

centric video datasets composed entirely of pro-187

cedural tasks with explicit error annotations, and188

they all provide action labels, matching our needs189

for dataset construction and benchmarking. Cap-190

tainCook4D covers 24 cooking recipes; EgoOops191

includes five procedural scenarios (e.g., electrical192

circuits, ionic reactions); Epic-Tent focuses on tent193

setup; and Assembly101 on toy car assembly. Con-194

sidering potential future expansion of the training195

set, we subsample each dataset proportionally to196

its size, obtaining 1,000 samples from Captain-197

Cook4D, 215 from EgoOops (40%), 184 from Epic-198

Tent, and about 460 from Assembly101 (40%).199

3.2 Task Formulation200

In the open-ended setting, EgoErrorVQA first trans-201

mits to the evaluated White agent, via a communi-202

cation protocol, a Procedure that outlines the com-203

plete workflow for the task, specifying the main204

steps required to achieve the goal. White agent is205

then asked to answer carefully designed questions206

that probe, from multiple perspectives, whether207

specific steps and their ordering are appropriate.208

The answers are sent back to EgoErrorVQA, which209

performs scoring and evaluation metrics; for each210

question, EgoErrorVQA also provides an explana-211

tion of the rationale behind the assigned score.212

3.3 QA-Pairs Generation213

Rigorous evaluation of a model’s understanding of214

procedural tasks cannot rely on generic questions215

such as “Is there anything wrong in this video?”216

Because the video clips contain a lot of redundant217

information, the agent struggles to focus on crit-218

ical procedural elements. These responses thus 219

provide little evidence of hierarchical procedural 220

understanding or of stepwise logical reasoning, and 221

do not support meaningful evaluation. Targeted and 222

deliberately confounding questions about specific 223

actions and steps are therefore required to obtain 224

data that more accurately reflects the agent’s under- 225

standing of procedures and procedural errors. 226

For example, for a correctly executed step, a 227

question such as “Did I add chopped cilantro to 228

the ramen bowl as instructed?” directly targets that 229

action and requires the model to reason about it. 230

Similarly, one might ask “Did I use the wrong part 231

when attaching the roof to the body?”, while the 232

actual error occurs elsewhere in the video, thereby 233

introducing a controlled distractor. 234

We adopt an LLM–Human collaboration strat- 235

egy for QA-pair generation. Qwen2.5-7B-Instruct 236

(Bai et al., 2025) first labels each procedural step 237

by task type and existing annotations, then gener- 238

ates three diverse QA-pairs per sample. Around 239

6,000 QA-pairs are independently checked by three 240

human annotators over three weeks, who remove 241

or revise those that fail to test procedural error 242

understanding or focus on irrelevant content. A 243

final annotator adds QA-pairs for missing evalua- 244

tion aspects and introduces deliberately misleading 245

questions about correctly executed steps (e.g., “Did 246

I add any unnecessary steps when I attach engine 247

to chassis?”). 248

In total, EgoErrorVQA contains 3,560 QA-pairs 249

covering 1,805 samples, with each sample asso- 250

ciated with 1–3 QA-pairs from which one is ran- 251

domly selected during evaluation. Approximately 252
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Using an incorrect tool, Wrong 
preparation of materials…

Working in the wrong way 
or moving, Measurement 
error, Incorrect time…

Executing a step before 
or after its correct 

position, Previous one is 
mistake…

Skipping a necessary step 
entirely

Acting slowness in movement…

A tool or material fails or 
malfunctions…

Realizing a prior mistake 
and fixing it…

Performing an extra step, 
Searching for an item…

Error Type

Figure 5: Eight error types defined in this work and, for
each type, provides several concise illustrative exam-
ples.

2,700 QA-pairs are generated by an LLM and sub-253

sequently refined through human review, while254

about 800 are manually authored, shown in Fig. 3.255

3.4 Evaluation Metric256

Given the extensive evidence supporting the ef-257

fectiveness of LLM-as-a-Judge (Li et al., 2025a),258

we adopt a novel scoring scheme in our evalu-259

ation. To facilitate reproducibility and broader260

adoption, we employ two open-source, memory-261

efficient LLMs, Qwen2.5-7B-Instruct (Bai et al.,262

2025) and DeepSeek-LLM-7B-Chat (Bi et al.,263

2024) as judges.264

To ensure reliability and mitigate subjective bias,265

the judging models do not perform complex reason-266

ing over the answers. Instead, they only assess the267

semantic similarity between the model-generated268

answer and the ground truth. Also, we design a269

rigorous reliability analysis of LLM scoring in sub-270

sequent sections. To further reduce model-specific271

bias, both Qwen and DeepSeek provide Sim. that272

represent semantic similarity, and we take their av-273

erage as the final score. Sim. is rated on a 0–5274

scale, where 5 = Perfect match, 4 = Minor er-275

ror, 3 = Partially correct, 2 = Mostly wrong, 1 =276

Wrong, and 0 = No response. Under this scheme,277

the resulting scores are both reasonable and credi-278

ble, effectively reflecting a model’s understanding279

of procedural errors.280

4 Multiple-choice VQA in EgoErrorVQA281

Semantic-similarity-based metrics prevent fair282

comparison between current agents and traditional283

egocentric procedural error detection methods. To284

address this, we introduce a multiple-choice VQA285

task to more rigorously assess VLMs’ and agents’286

understanding and recognition of error categories,287

thereby mitigating the key limitation of inter-288

pretability in downstream error detection.289

Method frames Cook Tent Assem Oops Avg-Sim.
Human - 3.79 3.89 3.91 3.47 3.77

GPT-4o-mini 8f 2.84 3.18 3.33 3.33 3.05
Gemini-2.5-flash 8f 2.82 2.48 2.89 3.39 2.87

7B / 8B

LLaVA-OneVision

8f 2.85 3.17 3.82 3.34 3.18
16f 2.89 3.19 3.75 3.35 3.19
24f 2.91 3.25 3.73 3.37 3.20
32f 2.94 3.22 3.83 3.42 3.25

Vinci
8f 2.98 3.42 3.74 3.61 3.29

16f 2.97 3.36 3.82 3.64 3.30
24f 2.97 3.20 3.70 3.63 3.25

EgoGPT
8f 2.55 2.96 3.54 3.24 2.92

16f 2.59 2.89 3.52 3.21 2.92
24f 2.54 2.92 3.56 3.21 2.91

Video-LLaVA 8f 2.85 3.12 3.08 3.04 2.96

Video-LLaMA2

8f 2.89 2.41 3.27 3.16 2.97
16f 2.85 2.67 3.22 3.16 2.96
24f 2.86 2.83 3.18 3.18 2.97
32f 2.82 2.59 3.10 3.14 2.90

Qwen2-VL-7B-Instruct

8f 3.01 3.37 3.83 3.62 3.32
16f 3.02 3.27 3.81 3.59 3.31
24f 3.01 3.26 3.94 3.56 3.33
32f 3.01 3.14 3.87 3.57 3.30

Qwen2.5-VL-7B-Instruct

8f 3.11 2.90 2.55 3.53 3.00
16f 3.14 2.95 2.57 3.47 3.02
24f 3.18 3.05 2.59 3.50 3.06
32f 3.14 3.01 2.62 3.44 3.03

Qwen3-VL-8B-Instruct

8f 3.03 2.75 2.74 3.48 2.98
16f 3.02 2.85 2.80 3.56 3.01
24f 3.00 2.84 2.80 3.47 2.99
32f 3.01 2.85 2.78 3.56 3.00

30B / 32B

Qwen3-VL-32B-Instruct 8f 3.09 2.70 2.75 3.28 2.99
16f 3.08 2.94 2.80 3.29 3.02

InternVL3.5-38B-Instruct 8f 2.38 2.54 2.93 2.95 2.60
16f 2.35 2.49 2.90 2.87 2.56

Table 3: Models’ performance on open-end VQA. Cook
denotes results on CaptainCook4D, Tent on Epic-tent,
Assembly on Assembly101. Avg-Sim. denotes the
sample-size–weighted average over all tasks. Details of
Human performance shown in Appendix. A.

4.1 Error Type 290

We categorize the error types into the following 291

eight classes: Wrong Object, Wrong Action, 292

Wrong Order, Omission, Unintended and Un- 293

necessary Action, Correct Wrong Action, Equip- 294

ment Failure and Others. Details of error type 295

classification can be found in Appendix. B and 296

Fig. 5. 297

4.2 VQA Setting 298

Multiple-choice VQA supplies the white agent with 299

the task-specific procedures and error types’ def- 300

initions. To limit distraction from irrelevant con- 301

tent, each video sample is annotated with action 302

labels, and the agent is instructed only to determine 303

whether an error occurs in the specified step and, 304

if so, to identify its type. The evaluation set com- 305

prises approximately 1,859 samples and share the 306

same data source with open-end VQA, covering 31 307

procedural tasks. 308

4.3 Evaluation Metric 309

For a fair comparison with traditional egocentric 310

procedural error detection approaches (Lee et al., 311

2024) and to comprehensively assess the model’s 312
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Method frames TP FP TN FN Accuracy Precision Recall F1
Human - 19 4 66 10 85.9 82.6 65.5 73.1

GPT-4o-mini 8f 117 1173 413 140 28.5 9.1 45.5 15.1
Gemini-2.5-flash 8f 68 544 887 344 51.4 11.1 16.5 13.3

7B / 8B

LLaVA-OneVision

8f 14 240 1183 406 64.5 5.5 3.3 4.2
16f 19 207 1198 419 65.5 8.4 4.3 5.7
24f 32 194 1197 420 66.2 14.2 7.1 9.4
32f 28 219 1182 414 65.2 11.3 6.3 8.1

Vinci
8f 22 321 1093 407 60.0 6.4 5.1 5.7
16f 25 336 1080 402 59.5 6.9 5.9 6.4
24f 24 343 1068 408 58.8 6.5 5.6 6.0

EgoGPT 8f 12 149 1221 461 66.4 7.5 2.5 3.8
16f 14 170 1209 450 65.9 7.6 3.0 4.3

Video-LLaVA 8f 57 731 763 292 44.2 7.2 16.3 10.0

Video-LLaMA2
8f 141 1417 200 85 18.4 9.1 62.4 15.8
16f 156 1302 250 135 21.9 10.7 53.6 17.8
24f 161 1332 212 138 20.1 10.8 53.9 18.0

Qwen2-VL-7B-Instruct

8f 139 1469 186 49 17.5 8.6 73.9 15.5
16f 128 1447 214 54 18.4 8.1 70.3 14.6
24f 139 1409 241 54 20.5 9.0 72.0 16.0
32f 136 1390 253 64 21.0 8.9 68.0 15.8

Qwen2.5-VL-7B-Instruct

8f 179 1601 58 5 12.8 10.1 97.3 18.2
16f 176 1591 70 6 13.3 10.0 96.7 18.1
24f 186 1577 75 5 14.1 10.6 97.4 19.0
32f 193 1564 79 7 14.7 11.0 96.5 19.7

32B / 38B

Qwen3-VL-32B-Instruct 8f 145 890 589 219 39.5 14.0 39.8 20.7
16f 139 820 636 248 41.7 14.5 35.9 20.7

InternVL3.5-38B-Instruct 8f 50 566 859 368 49.0 8.1 12.0 9.7
16f 48 570 864 361 49.1 7.8 11.7 9.4

Table 4: Performance of different models on multiple-choice VQA; for each model, frames denotes the number of
input sampled frames. Details of Human performance shown in Appendix. A.

understanding of different error categories, we com-313

pute Precision, Accuracy, Recall, and F1 Score,314

and report the corresponding confusion matrix.315

Precision represents the proportion of samples316

predicted as procedural error by the model whose317

error types are correctly matched. Accuracy repre-318

sents the proportion of correctly predicted samples319

among all samples of the model. Recall is the pro-320

portion of correctly predicted samples among all321

procedural error samples, and F1 Score is the har-322

monic mean of precision and recall, it is used to323

comprehensively evaluate the performance of bi-324

nary classification models, and is particularly suit-325

able for scenarios with imbalanced datasets. In326

confusion matrix, we will count TP (True Posi-327

tive), FP (False Positive), TN (True Negative),328

and FN (False Negative).Detailed definitions can329

be checked in Appendix. C.330

5 EgoError-CoT331

Procedural tasks span diverse real-world scenar-332

ios, and training on narrow, scenario-specific data333

cannot adequately improve model performance and334

may even hinder transfer to other contexts. To more335

accurately assess egocentric procedural error de-336

tection and classification performance, we propose337

EgoError-CoT, a training-free framework that uses 338

prompt engineering and in-context learning, allows 339

agents to flexibly adapt specific tasks and scenarios, 340

accommodating varied situations and objectives. 341

5.1 Few-shot Setting 342

Shown in Appendix. E, through repeated exper- 343

iments, we found that in few-shot learning, pro- 344

viding all error types with correct examples both 345

increases GPU memory usage and biases the model, 346

leading it to label most segments as erroneous due 347

to the imbalance between correct and incorrect ex- 348

amples. In addition, using examples from a single 349

scenario improves performance only in that sce- 350

nario. Therefore, our framework provides, for each 351

sample in a dataset, one correct and one incorrect 352

example from the same dataset, with the incorrect 353

example randomly selected for each test round. 354

5.2 CoT Setting 355

Different Chain-of-Thought (CoT) structures can 356

yield different performance outcomes. We design 357

three CoT variants: Check-list, Two-stage, and No- 358

distraction. In Check-list, the agent systematically 359

tests the current segment against each error type, 360

discards mismatches, and selects the most appro- 361

priate type. In Two-stage, the agent first decides 362
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whether an error is present and, if so, then iden-363

tifies it step by step. In No-distraction, the agent364

first describes what occurs in the video and then365

compares it to what should occur, without using366

error-type terminology during reasoning. Full CoT367

prompts are provided in Appendix. E.368

6 Experiment369

6.1 Experiment Setting370

Baseline.To conduct a comprehensive evaluation,371

we select two closed-source models: GPT-4o-mini372

(Hurst et al., 2024) and Gemini-2.5-flash (Co-373

manici et al., 2025), three popular open-source374

video VLMs: LLaVA-OneVision (Li et al., 2024),375

Video-LLaMA2 (Cheng et al., 2024c), and Video-376

LLaVA (Lin et al., 2024), as representative mod-377

els for general video understanding. Additionally,378

we include two video agents fine-tuned on egocen-379

tric data, EgoGPT (Yang et al., 2025b) and Vinci380

(Huang et al., 2024), to represent specialized ego-381

centric vision agents. To support future research,382

we test three widely-used versions of Qwen-VL383

(Bai et al., 2025; Wang et al., 2024; Yang et al.,384

2025a), highlighting potential performance vari-385

ations across iterations. Two larger models are386

evaluated, Qwen-VL-32B-Instruct and InternVL-387

38B-Instruct (Chen et al., 2024), demonstrating388

performance differences across parameter sizes.389

Benchmark Setting. To assess the impact of390

frame sampling, we uniformly sample 8, 16, 24, or391

32 frames within the action interval (if allowed by392

GPU memory), using GPUs with 24 GB memory393

in 7B/8B evaluation.394

EgoError-CoT Setting. We evaluated Vinci in395

the EgoError-CoT framework with 8-frame inputs,396

compared three settings: few-shot, zero-shot+CoT,397

and few-shot+CoT, and further examined three CoT398

strategies under zero-shot conditions.399

6.2 Benchmark Results400

Open-end VQA. Table. 3 shows that the high-401

est Avg-Sim. 3.33 is obtained by Qwen2-VL-7B-402

Instruct (24-frame input), followed by Vinci (16-403

frame input) getting 3.30, whereas humans reach404

3.77. This indicates only moderate performance405

on open-end VQA targeting specific actions, nei-406

ther of the two closed-source models showed a407

clear advantage and increasing the number of input408

frames alone yields no substantial gains. Our evalu-409

ation is primarily QA-based, and open-ended ques-410

tions better match the generative nature of LLMs411

than multiple-choice formats. Their prompts ex- 412

plicitly localize specific actions or processes within 413

the video, helping models suppress irrelevant con- 414

tent and thereby achieve relatively higher scores. 415

Nonetheless, given a maximum of five, the gap 416

between 3.77 and 3.33 remains large, revealing 417

significant limitations in procedural understanding. 418

Analysis of raw outputs from strong reasoning mod- 419

els such as Qwen3-VL shows that their step-by-step 420

reasoning is easily distracted by irrelevant details 421

and selected large-parameter model InternVL3.5 422

produces abnormally terse responses, which harms 423

performance on this task. Consequently, open-end 424

results alone are insufficient to assess procedural 425

error detection and must be interpreted jointly with 426

multiple-choice outcomes. 427

Multiple-choice VQA. As shown in Table. 4, 428

all models (even two closed-source models) per- 429

form poorly on procedural error detection and clas- 430

sification compared with humans, indicating sub- 431

stantial room for improvement. The highest accu- 432

racy, 66.4% (EgoGPT, 8-frame input), reflects only 433

moderate overall correctness. The highest preci- 434

sion, 14.5% (Qwen3-VL-32B-Instruct, 16-frame 435

input), indicates that current models struggle to ac- 436

curately classify procedural errors and identify er- 437

ror types. The highest recall, 97.4% (Qwen2.5-VL- 438

7b-Instruct, 24-frame input), shows that most errors 439

are detected, but mainly at the level of recognizing 440

deviations from correct procedures rather than pro- 441

viding fine-grained error categorization. The best 442

F1 score, 20.7% (Qwen3-VL-32B-Instruct), further 443

confirms that all models perform inadequately on 444

this task. Meanwhile, human performance reached 445

85.9%, 82.6%, 65.5%, and 73.1% on these met- 446

rics, respectively. In addition, no single metric 447

adequately reflects model performance: relatively 448

high accuracy may arise from class imbalance (e.g., 449

predicting all samples as correct), while high recall 450

alone only signifies error detection, and low preci- 451

sion reveals limited explanatory capability for the 452

detected errors. Even if the model’s recall exceeds 453

that of humans, markedly lower performance on 454

other metrics merely indicates a tendency to over- 455

label samples as errors under the given prompts, 456

rather than a genuine understanding of procedural 457

errors and error types. 458

Across both evaluation tasks, current VLMs and 459

agents exhibit limited egocentric perspective un- 460

derstanding, hindering complex procedures such 461

as procedural error detection. Under identical in- 462

puts, agents show systematic biases: higher accu- 463
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racy often coincides with lower recall, reflecting464

a tendency to label most samples as either correct465

or erroneous. Only large-parameter models like466

Qwen3-VL-32B-Instruct attain more balanced per-467

formance and thus higher F1 scores. Persistently468

low precision and weak Avg-Sim. further indicate469

that agents lack strong explanatory capacity for470

their predictions.471

6.3 EgoError-CoT Results472

As shown in Fig. 6, we adopt Precision, the met-473

ric most aligned with our task objectives, and F1,474

which reflects overall performance, as evaluation475

metrics. Introducing visual examples increases Pre-476

cision from 6.4 to 10.5, F1 from 5.7 to 10.5, indi-477

cating clear performance gains. However, the agent478

still lacks robust error-category recognition, likely479

because procedural errors are intrinsically difficult480

to model: video clips contain substantial irrelevant481

information that must be filtered, and even with482

examples, such errors are not fully captured. In483

addition, the task includes multiple error types, and484

each example illustrates only one type, which may485

further confuse the agent’s judgment.486

Under the zero-shot setting, we tested three CoT487

variants. Precision increases to 7.7 and 8.3 with488

Check-list and No-distraction CoT prompts, respec-489

tively, but drops to 4 with Two-stage CoT. Analysis490

of the raw outputs shows that, with Check-list and491

Two-stage reasoning, the model tends to bias to-492

ward specific error types mentioned in the CoT and493

to select them when uncertain, thereby degrading494

its judgment. In contrast, No-distraction CoT is de-495

signed to avoid such misleading cues and yields the496

best performance gains. Appendix. E results fur-497

ther show that the model guided by No-distraction498

CoT achieves the highest TP value, i.e., the most499

correctly identified error types. Finally, we evaluate500

the few-shot setting combined with No-distraction501

CoT, which gives the highest Precision. Compared502

with zero-shot, the F1 score increases to 14.5, indi-503

cating a marked improvement.504

In summary, diverse prompts and Chain-of-505

Thought (CoT) strategies can partially improve the506

agent’s ability to interpret egocentric procedural507

errors. Although this remains insufficient for di-508

rect deployment, combining prompt engineering509

with in-context learning offers an efficient means to510

rapidly adapt the agent to new scenarios and tasks.511
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Figure 6: Figure shows the performance improvement
of Vinci under the EgoError-CoT framework, mainly
presented in terms of Precision and F1-score.

6.4 Agreements between Human and 512

Evaluators 513

To assess the reliability of our LLM-as-a-Judge 514

strategy, three human annotators and two judge 515

models conducted the same scoring task. The Co- 516

hen’s Kappa among the annotators was 0.711, indi- 517

cating strong inter-rater agreement. Human scores 518

were then aggregated via majority voting to obtain 519

a consensus label. The Pearson correlation between 520

this consensus score and the judge scores was 0.851 521

for Qwen and 0.781 for DeepSeek, suggesting 522

close alignment with human judgment and sup- 523

porting the reliability of the judge models. Further 524

experimental details are provided in Appendix. D. 525

7 Conclusion 526

To thoroughly evaluate the egocentric perspective 527

understanding of agents and VLMs, we propose 528

EgoErrorVQA, a novel benchmark featuring a new 529

VQA dataset. Focusing on procedural error detec- 530

tion tasks that require in-depth reasoning, we de- 531

sign both open-end and multiple-choice evaluations 532

to comprehensively assess agents’ understanding 533

of procedural errors. We further implement Ego- 534

ErrorVQA as an evaluator agent, enabling auto- 535

mated, dialogue-based assessment. The evaluation 536

results suggest that agents now are still struggle 537

with this task. Therefore, we propose EgoError- 538

CoT, a training-free in-context learning framework 539

that provides a promising direction for improving 540

agents’ performance on procedural tasks. We hope 541

our work offers valuable insights for the relevant 542

research communities. 543
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Limitations544

Our dataset covers a wide range of scenarios and545

tasks but has several limitations. First, the four546

source datasets differ in size, so their contributions547

to the benchmark are not exactly equal. Meanwhile,548

the present work only involves evaluation data and549

does not include training data. Anticipating future550

training set expansion, we ensured that each dataset551

retains sufficient samples for extension. Because552

the original datasets contain many more correct553

than incorrect samples, the benchmark maintains554

a similar ratio, with correct samples dominating.555

This reduces score differentiation among models in556

open-end VQA. In multiple-choice VQA, accuracy557

and related metrics should therefore not be inter-558

preted in isolation and require cautious analysis.559

Also, during detailed data annotation and experi-560

ments, we observed that the video dataset contains561

instances requiring fine-grained action and object562

recognition, such as choosing an incorrect heating563

time by pressing the small button on the microwave.564

Although these cases occur in only a small fraction565

of clips, they can still affect the model’s ability to566

classify error types. In EgoError-CoT, we only con-567

duct evaluations on multiple-choice VQA because568

this setting uses general quantitative metrics to569

clearly demonstrate the performance gains brought570

by our method, and avoids misjudgment caused571

by the inherent creativity of answers in open-end572

VQA.573

Ethical Considerations574

We build our VQA dataset on publicly available575

egocentric datasets: CaptainCook4D, EgoOops,576

Epic-Tent, and Assembly101, all licensed for re-577

search use and all comply with ethical standards.578

We further verify that the constructed dataset con-579

tains no violent, illicit, or otherwise harmful con-580

tent and does not disclose any private information.581

Besides, the annotators (all students) involved in582

this work are all listed among the authors and have583

been compensated appropriately.584
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Appendix 821

A Details of Experiment and Human 822

Performance Evaluation 823

Assembly101 provides four egocentric camera 824

views, some of which are incomplete. For each 825

video, we therefore use the e3 view by default and 826

resort to e4 only where e3 is missing, as e3 and e4 827

together cover all required information. 828

To evaluate human performance in open-end 829

VQA, we randomly sampled 75 QA-pairs. Hu- 830

man annotators completed the same tasks as the 831

model, were provided with identical information, 832

viewed the same video clips before answering the 833

questions, and human responses were scored using 834

the same rubric eventually. When evaluating hu- 835

man performance on multiple-choice VQA, we ran- 836

domly sample 100 samples, assign them the same 837

tasks as the model, and compute the corresponding 838

metrics. 839

The evaluation results of open-end VQA and 840

multiple-choice VQA are presented more intu- 841

itively in Table. 5, Fig. 8 and Fig. 9. 842

B Details of Error Type Classification 843

Existing datasets with procedural errors typically 844

define error labels in a scene-specific manner and 845

limit them to the error types observed in that dataset. 846

This heterogeneity in error taxonomies impedes the 847

generalization of downstream methods to new sce- 848

narios and complicates the comprehensive evalua- 849

tion of agents’ understanding of procedural errors. 850

For our VQA task, we therefore require a system- 851

atic error taxonomy that can cover all potential 852

error types across the selected scenarios. To this 853

end, we exhaustively analyzed all samples from 854

the four chosen datasets and derived a unified error 855

taxonomy that subsumes all identified error types, 856

thereby providing the basis for constructing our 857

multiple-choice VQA evaluation. 858

Specifically, the detailed definitions of the eight 859

error types are as follows: 860

• Wrong Object: The operator uses an incorrect 861

tool, material, or component, misuses equipment, 862

or performs incorrect preparation of materials be- 863

fore a step. 864

• Wrong Action: The operator performs the cor- 865

rect step in an incorrect manner, works in an inap- 866

propriate way or position, or makes measurement 867

errors, uses the wrong temperature or cooking time 868

in culinary tasks, or exhibits motor errors when 869
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pitching a tent.870

• Wrong Order: The operator executes a step871

before or after its correct position in the sequence.872

If an action becomes incorrect because a preceding873

step was already out of order, it is still considered a874

Wrong Order error due to the propagated ordering875

mistake.876

• Omission: The operator entirely skips a neces-877

sary step.878

• Unintended and Unnecessary Action: The879

operator performs an extra step that is not part of880

the procedure, such as searching for an item while881

pitching a tent or executing an action that should882

not occur.883

• Correct Wrong Action: The operator recog-884

nizes a prior mistake and actively corrects it. This885

is acceptable behavior but is explicitly annotated886

as a correction event.887

• Equipment Failure: A tool or material fails or888

malfunctions during the task (e.g., during tent pitch-889

ing), even when this is not caused by the operator’s890

error.891

• Others: Any error that does not fit the above892

categories, such as abnormally slow movements.893

Examples of each Error Type are shown in Fig. 7.894

C Details of Multiple-choice VQA Metric895

The formula definitions of the four evaluation met-896

rics are as follows:897

Precision =
TP

TP + FP
, (1)898

899

Recall =
TP

TP + FN
, (2)900

where TP represents the number of samples which901

model predict they are error, GT are also error, and902

the error type are match, FP represents the number903

of samples which model predict are error, but GT904

are correct or the error type are mismatch.905

Accuracy =
TP + TN

TP + TN + FP + FN
, (3)906

where TN represents the number of samples which907

model predict they are correct, GT are also correct.908

FN represents the number of samples which the909

model predict they are correct, but GT are some910

type of error.911

F1 Score = 2× Precision × Recall
Precision + Recall

. (4)912

Also, in simpler terms about confusion matrix, TN :913

Predict is correct, GT is correct, FP : Predict is er-914

ror, but GT is correct or the error type is mismatch,915

FN : Predict is correct, but GT is some type of 916

error, TP : Predict is error, GT is error, and the 917

error type is match. 918

D Details for Caculate Cohen’s Kappa, 919

Pearson and Spearman 920

When computing the Cohen’s Kappa and Pearson 921

coefficients, three human annotators scored the 922

same 170 responses using the same criteria applied 923

to Qwen2.5-7B-Instruct and DeepSeek-LLM-7B- 924

Chat. These 170 responses, randomly sampled and 925

representative, covered outputs from both models 926

across four dataset scenarios. As shown in the ta- 927

ble, Cohen’s Kappa was first computed pairwise 928

between annotators and then aggregated across all 929

three to obtain an overall inter-annotator agree- 930

ment. This coefficient reflects substantial consen- 931

sus among annotators, indicating a broadly repre- 932

sentative human scoring standard rather than strong 933

individual bias. 934

Based on the three annotators’ scores, we then 935

applied a majority-voting scheme: if at least two 936

annotators assigned the same score to a response, 937

that score was taken as the final human rating; if 938

all three scores differed, the annotators discussed 939

the case and reached a consensus score. This 940

procedure yielded a unified human scoring stan- 941

dard. Finally, we computed Pearson correlation 942

coefficients between this unified human rating and 943

the scores produced by Qwen2.5-7B-Instruct and 944

DeepSeek-LLM-7B-Chat, respectively. The result- 945

ing coefficients show strong agreement between 946

model scores and the unified human standard, sup- 947

porting the reliability of the model-based ratings. 948

You can refer to Fig. 10 and Table. 6 for detailed 949

visualization results. 950

E Details for EgoError-CoT 951

In the CoT setup, we designed three strategies, in- 952

cluding Check-list, Two-stage, and No-distraction. 953

You can find the detailed experimental data in Ta- 954

ble. 7. 955

The checklist directs the model to sequentially 956

examine the Action, Order, and Object in each 957

segment and provides hints on potential errors. The 958

Check-list Prompt text is as follows: 959

960

f"Analyze this step using the following strict 961
checklist. Treat each question as a yes/no 962
decision.\n\n" 963

f"Step 1 - Action Check:\n" 964

12



176.033 207.9

Correct

957.213 1029.918

Wrong order: Chop 1 tsp cilantro should perform after adding tomatoes to the pan

7.187 61.171

Wrong action: Spilling milk while filling the milk

822.828 920.504

Wrong object: Use tape but should use glue

57.943 65.070

Unintended and unnecessary action: Grasp a yellow highlighter and and release it without using

628.233 653.067

Equipment failure: Guyline broke when placing it

252.833 254.633

Correct wrong action: Correct a prior error ’insert support tab’

Figure 7: Examples of each Error Type in four selected datasets.

13



Qwen3-VL-8B-Instruct Video-LLaVA EgoGPT Vinci
Q: What mistake did I make when

using the switch?

A: You connected switch S2 and

lamp L1 in parallel and then wired

S2 into the series circuit of the motor

and battery box...

GT: I used switch S1 instead of

switch S2, which is incorrect based

on the instructions.

Qwen: 2

Qwen Reason: The answer describes

a different mistake than the one pro-

vided in the ground truth. It suggests

using S1 instead of S2, which is not

mentioned in the model’s answer.

Deepseek: 4

Deepseek Reason: The model’s an-

swer is mostly correct, but it could be

more clear and concise. It provides

a detailed explanation of the mistake,

but it could be more concise for a

general audience.

Q: Did I use the wrong part when I

attach track to chassis?

A: Yes, you did. You used a wheel

instead of a track.

GT: No, I used the correct part.

Qwen: 1

Qwen Reason: The model’s answer

is completely incorrect as it states

that a wheel was used instead of a

track, while the ground truth indi-

cates that the correct part was used.

Deepseek: 2

Deepseek Reason: The model’s an-

swer is partially correct. It correctly

identifies that a wheel was used in-

stead of a track, but it also contains a

minor error by stating that the wheel

was used instead of a track. The

ground truth is that the correct part

was used, so the model’s answer is

mostly wrong.

Q: What went wrong when I tried to

detach the bumper from the body?

A:The screw was not properly loos-

ened, making it difficult to remove.

GT: This action was unnecessary be-

cause the bumper was already prop-

erly attached to the body.

Qwen: 1

Qwen Reason: The model’s answer

does not match the ground truth. The

ground truth states that detaching the

bumper was unnecessary, while the

model suggests a specific technical

issue with the screw.

Deepseek: 3

Deepseek Reason: The model’s an-

swer is partially correct. It correctly

identifies the issue with the screw, but

it does not fully address the ground

truth that the bumper was already

properly attached to the body.

Q: Did I discard both ends of the tor-

tilla without any leftovers?

A:You did discard both ends of the

tortilla without any leftovers.

GT: Yes, I discarded both ends of the

tortilla completely.

Qwen: 5

Qwen Reason: The model’s answer

is a perfect match to the ground truth.

Deepseek: 4

Deepseek Reason: The model’s an-

swer is mostly correct, but it lacks

the specific detail of discarding both

ends of the tortilla completely. It

could be interpreted as partially cor-

rect or mostly correct.

Table 5: Performances on Open-end VQA is presented along with its scoring results.
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Figure 8: Performance comparison among different agents and models under four metrics in Multiple-choice VQA
evaluation.
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Coefficient A vs B A vs C B vs C All
Cohen’s Kappa 0.716 0.771 0.646 0.711
Fleiss’ Kappa - - - 0.710

Pearson 0.950 0.959 0.934 -

Table 6: Results of three coefficients calculated among
annotators A, B, and C. Fleiss’ Kappa represents the
overall agreement of the three annotators’ ratings.

f" - Is the action performed with incorrect965
technique, measurement, temperature, timing, or966
force?\n"967

f" - Is this action merely correcting an earlier968
mistake (and thus not an error itself)?\n"969

f" → If execution is flawed and not a correction,970
it may be ’Wrong action’.\n\n"971

f"Step 2 - Order Check:\n" f" - Is this step972
happening at the correct point in the procedure?\n"973
f" - Has this step been completely omitted (i.e.,974
never performed when it should be)?\n"975

f" → If out of sequence or missing, it may be976
’Wrong order’ or ’Omission’.\n\n"977

f"Step 3 - Object Check:\n"978
f" - Are the objects, tools, or materials979

used in the video consistent with what the step980
requires?\n"981

f" → If a wrong object is used, it may be ’Wrong982
object’.\n\n"983

f"Step 4 - Final Decision:\n"984
f" - If all checks are ’No’ (no issues), the985

answer is ’correct’.\n"986
f" - If any check is ’Yes’, select the SINGLE987

most applicable error type based on procedure988
guidelines.\n\n"989

f"Output Format:\n"990

f"Output ONLY the final error type name. No991

reasoning, no punctuation, no extra text."992

993

In the two-stage strategy, the model first deter-994

mines whether an error exists based on predefined995

error-type definitions. If no error is detected, it996

responds “correct”; otherwise, it identifies the spe-997

cific error type in a fixed sequence. The Two-stage998

Prompt text is as follows:999

1000

f"Perform a two-stage reasoning process:\n\n"1001
f"Stage 1 - Is there any procedural error in1002

this step?\n"1003
f" - Evaluate based on clear definitions of1004

error types in PROCEDURAL_ERROR_GUIDANCE.\n"1005
f" - If NO error is present, immediately1006

conclude with ’correct’ and do not proceed1007
further.\n\n"1008

f"Stage 2 - If an error exists, determine its1009
primary type:\n"1010

f" - Does the error stem from HOW the action is1011
performed? → Likely ’Wrong action’.\n"1012

f" - Does the error stem from WHEN the step1013
occurs or if it’s missing? → Likely ’Wrong order’1014
or ’Omission’.\n"1015

f" - Does the error stem from USING THE WRONG1016
OBJECT? → Likely ’Wrong object’.\n"1017

f" → Choose the SINGLE dominant error type that 1018
best explains the observed issue.\n\n" 1019

f"Output Format:\n" 1020

f"Output ONLY the final error type name. If no 1021

error, output ’correct’. Nothing else." 1022

1023

The two aforementioned methods introduce ex- 1024

plicit error-type terminology, which may interfere 1025

with and mislead the model. To mitigate this, we 1026

propose a No-distraction CoT strategy. In this set- 1027

ting, the model first describes what actually oc- 1028

curred, then infers what should have occurred ac- 1029

cording to the prescribed procedure, and finally 1030

compares the two to reach a judgment. Throughout 1031

this process, no explicit error-type terminology is 1032

used. Prompt text is as follows: 1033

1034

f"Please reason step by step based solely on 1035
what is observed in the video and the expected 1036
procedure:\n\n" 1037

f"Step 1 - What is actually happening?\n" 1038
f" - Describe precisely how the action is 1039

performed (e.g., hand motion, tool usage, object 1040
interaction).\n" 1041

f" - List the objects involved and the timing 1042
relative to other steps.\n\n" 1043

f"Step 2 - What should be happening?\n" 1044
f" - According to the full task procedure, what 1045

is the correct way to perform this step?\n" 1046
f" - What objects should be used, and at what 1047

point in the sequence?\n\n" 1048
f"Step 3 - Compare reality vs. expectation:\n" 1049
f" - Are there any discrepancies in how, when, 1050

or with what the step is carried out?\n" 1051
f" - If everything matches the expected behavior, 1052

there is no error.\n\n" 1053
f"Step 4 - Final judgment:\n" 1054
f" - If no discrepancy exists, output 1055

’correct’.\n" 1056
f" - If a discrepancy exists, determine 1057

which single error category (as defined in your 1058
guidelines) best captures the core issue.\n\n" 1059

f"Output Format:\n" 1060

f"Output ONLY the final error type name. No 1061

explanation, no intermediate text." 1062

1063
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Figure 9: A heatmap of open-end VQA evaluation results.

Figure 10: Heatmaps of the Pearson and Spearman correlations, intuitively illustrating the inter-rater relationships.
Spearman correlation is a non-parametric statistic that quantifies the strength and direction of a monotonic association
between two variables. In addition, it shows the score distribution for each rater, where Human Final Score denotes
the final score representing the human evaluation standard obtained via the voting mechanism described above, and
LLM Judges Avg Score denotes the average score of the two judge models.

Method TP FP TN FN Accuracy Precision Recall F1
Vinci (zero-shot) 22 321 1093 407 60.0 6.4 5.1 5.7
Vinci (Few-shot) 44 374 1046 379 58.7 10.53 10.4 10.5

Vinci (Zero-shot+Check-list-CoT) 95 1140 452 156 29.5 7.7 37.9 12.8
Vinci (Zero-shot+Two-stage-CoT) 6 144 1221 472 66.1 4.0 1.3 1.9

Vinci (Zero-shot+No-distraction-CoT) 134 1490 183 36 17.1 8.3 78.8 14.9
Vinci (Few-shot+No-distraction-CoT) 76 573 871 323 31.7 11.7 19.1 14.5

Table 7: Table shows how, within the EgoError-CoT framework, zero-shot and few-shot settings, together with
different types of CoT, lead to different effects on the results.
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