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Abstract
Web automation is a significant technique that001
accomplishes complicated web tasks by au-002
tomating common web actions, enhancing op-003
erational efficiency, and reducing the need for004
manual intervention. Traditional methods, such005
as wrappers, suffer from limited adaptability006
and scalability when faced with a new web-007
site. On the other hand, generative agents em-008
powered by large language models (LLMs) ex-009
hibit poor performance and reusability in open-010
world scenarios. In this work, we introduce011
a crawler generation task for vertical informa-012
tion web pages and the paradigm of combining013
LLMs with crawlers, which helps crawlers han-014
dle diverse and changing web environments015
more efficiently. We propose AUTOCRAWLER016
, a two-stage framework that leverages the hier-017
archical structure of HTML for progressive un-018
derstanding. Through top-down and step-back019
operations, AUTOCRAWLER can learn from er-020
roneous actions and continuously prune HTML021
for better action generation. We conduct com-022
prehensive experiments with multiple LLMs023
and demonstrate the effectiveness of our frame-024
work.025

1 Introduction026

Web automation refers to the process of program-027

matically interacting with web-based applications028

or websites to execute tasks that would typically re-029

quire human intervention. Web automation stream-030

lines repetitive and time-consuming tasks, signifi-031

cantly enhancing efficiency, accuracy, and scalabil-032

ity across diverse online processes.033

In traditional web automation, methods predom-034

inantly rely on wrappers, which are scripts or soft-035

ware specifically designed to extract data from pre-036

determined websites or pages. This approach is037

characteristic of a closed-world scenario, where038

the automation system only interacts with a pre-039

defined, limited set of websites or pages and does040

not extend beyond this specified domain. Conse-041

quently, these traditional methods face limitations042

div

div

24.8

html

PPGspan

span

div

7.3

RPGspan

span

div

7.8

APGspan

span

div

<html>
 ...
    <div class="entity-title">
     <div class="title">
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        <span>#23 - SMALL FORWARD - LOS ANGELES LAKERS</span> 
        <div class="tab-mob-only-flex">
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         </div>
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            <span>7.8</span> <span>APG</span>
         </div>
        </div>
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    </div> <!---->
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Figure 1: Top: HTML have a hierarchical structure
DOM tree; Down: Existing web automation framework:
Olive arrows refer to handcraft/LLMs prompting pro-
cess, Violet arrows refer to parser.

in adaptability and scalability, struggling to func- 043

tion effectively when encountering new or altered 044

website structures. Given these limitations, both 045

rule-based wrappers and auto wrappers (Bronzi 046

et al., 2013), despite their differences, share a com- 047

mon dependency on manually annotated examples 048

for each website (Gulhane et al., 2011). For ex- 049

ample, more than 1,400 annotations of webpages 050

are used for information extraction (Lockard et al., 051

2019). 052

The advent of LLMs has revolutionized web au- 053

tomation by introducing advanced capabilities such 054

as planning, reasoning, reflection, and tool use. 055

Leveraging these capabilities, web automation em- 056

ploys LLMs to construct generative agents that can 057
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autonomously navigate, interpret, and interact with058

web content. This effectively solves open-world059

web-based tasks through sophisticated language un-060

derstanding and decision-making processes. How-061

ever, despite these advancements, this paradigm062

faces two major issues. On one hand, existing web063

agent frameworks often demonstrate poor perfor-064

mance, with a success rate mentioned as 2.0 (Deng065

et al., 2023) on open-world tasks. On the other066

hand, a significant weakness encountered in this067

approach is its insufficient reusability. This implies068

that these agents are overly dependent on LLMs069

even when dealing with similar tasks, leading to070

low efficiency when managing a large volume of071

repetitive and similar webpages.072

In this work, we propose a crawler generation073

task for vertical information web pages. The goal074

of this task is to automatically generate a series of075

predefined rules or action sequences to automati-076

cally extract target information. This task calls for077

a paradigm that LLMs generate crawlers. Com-078

pared to traditional wrappers, this paradigm can079

be quickly adjusted according to different web-080

sites and task requirements. This flexibility en-081

ables crawlers to handle diverse and changing web082

environments more efficiently. Compared to the083

generative agent paradigm, it introduces interme-084

diate rules to enhance reusability and reduce the085

dependency on LLMs when dealing with similar086

tasks, thereby improving efficiency when handling087

a large number of web tasks.088

Although LLMs possess strong webpage infor-089

mation extraction ablities, there are still the follow-090

ing challenges in generating crawlers for LLMs:091

First, LLMs are primarily pre-trained on massive092

corpora of cleansed, high-quality pure text, lack-093

ing exposure to markup languages such as HTML.094

As a result, LLMs exhibit a limited understanding095

of the complex structures and semantics inherent096

in HTML. Second, HTML, as a semi-structured097

data, contains elements of both structured (tags098

and attributes) and unstructured (textual content),099

concurrently encompassing multilayered informa-100

tion nested. It augments the complexity of crawler101

generation. Third, although LLMs excel in com-102

prehending textual content, they still fall short in103

understanding the structural information of lengthy104

documents. This indicates a potential challenge in105

accurately capturing and utilizing the hierarchical106

structure inherent in long HTML documents.107

Therefore, we introduce AUTOCRAWLER , a108

two-stage framework designed to address the 109

crawler generation task. An overview of AU- 110

TOCRAWLER is presented in Figure 2. Our frame- 111

work leverages the hierarchical structure of HTML 112

for progressive understanding. Specifically, we 113

propose a heuristic algorithm consisting of top- 114

down and step-back operation based on LLMs. It 115

first tries to refine down to the specific node in the 116

DOM tree containing the target information, and 117

then moves up the DOM tree when execution fails. 118

This process can correct erroneous executions and 119

progressively prune irrelevant parts of the HTML 120

content until it successfully executes. 121

Our contributions can be summarized as follows: 122

• We propose the web crawler generation task 123

and the paradigm of utilizing LLMs for gen- 124

erating crawlers, and we make an analysis on 125

extraction efficiency. 126

• We introduce AUTOCRAWLER , a two-phase 127

framework with progressive understanding to 128

generate executable action sequences. 129

• Comprehensive experimental results demon- 130

strate the effectiveness of our framework in 131

the web crawler generation task. 132

2 Preliminaries 133

In this section, we first define the crawler gener- 134

ation task and then present the dataset collection 135

process and its corresponding evaluation metrics. 136

2.1 Task Formulation 137

First, we formulate our crawler generation task. 138

Given a set of webpages on the same website 139

w ∈ W describing a subject entity s (also called a 140

topic entity in the previous literature), and its corre- 141

sponding predefined target attribute r ∈ R, the task 142

objective is to generate an executable rule/action 143

sequence A to extract target information o from all 144

webpages. 145

2.2 Datasets 146

We adopt the semi-structure information extraction 147

task as a testbed for the crawler generation task. 148

SWDE (Hao et al., 2011) is a Structured Web 149

Data Extraction dataset that contains webpages and 150

golden labels from 80 websites in 8 domains, with 151

124,291 webpages. Each of the websites from the 152

same domains focuses on 3-5 attributes in the web- 153

pages. 154
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Action Sequence
Step1:  //*[text()='PPG’]
Step2: ./ancestor
Step3: ./span[1]/text()

Action Sequence
Step1:  //*[text()='PPG’]
Step2: ./ancestor
Step3: ./span[1]/text()

Where to find the average point 
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Whether the HTML contains the 
average point of James Harden?

No.

//*[text()='PPG']/../s
pan[1]/text()

PPG:17.4
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Phase1: Progressive Generation Phase2: Synthesis

Action Sequence
Step1:  //*[text()='PPG’]
Step2:  ./ancestor
Step3:  ./span[1]/text()

Result of Action 
Sequence 3
Webpage1:  17.4
Webpage2: 28.3
Webpage3:  22.6
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Result of Action 
Sequence 1
Webpage1:  17.4
Webpage2: 28.3
Webpage3:  22.6
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best?

Action Sequence

Action Sequence 1 
is best.

LLM Prompting 
& Output

Parse webpage

Webpages 
dataflow

Figure 2: Our framework for the generation of crawler. Left: Progressive generation process, consists of a cycle
of top-down and step-back to progressively generate an executable action sequence; Right: Synthesis process,
generates a stable action sequence generated based on ones from seed websites.

EXTENDED SWDE (Lockard et al., 2019) in-155

volves fine-grained manual annotation of 21 sites156

in 3 domains from SWDE. While SWDE contains157

an average of 4,480 triples for 3 predicates per web-158

site, the EXTENDED SWDE dataset averages 41K159

triples for 36 predicates per site.160

DS1 (Omari et al., 2017) contains 166 annotated161

webpages from 30 real-life large-scale websites cat-162

egorized into books, shopping, hotels, and movies.163

We transform the dataset with the following set-164

tings. First, we design instructions for each of the165

domains, and for each of the attributes as the input166

information for LLMs1. Second, for each website167

in each domain, we sample 100 webpages as the168

whole test set. We consider the set of webpages on169

the same websites and the corresponding extraction170

instruction as a case. For example, for the ESPN171

websites2 in NBA player domains, the sampled172

100 detail webpage of players and the instruction173

Please extract the team of the player he plays now174

is a complete test case of our crawler generation175

task. Third, we pre-process the websites by re-176

moving those elements in a webpage that do not177

contribute to the semantics. We filter out all DOM178

element nodes with <script> and <style>, as179

well as delete all attributes in the element node180

1Further details about the prompt is in Appendix D.1
2https://global.espn.com/nba/

except @class. We replace the original escape 181

characters in the annotations to ensure consistency 182

with the corresponding information on the web. 183

Ultimately, we collect three datasets containing 184

320 / 294 / 83 test cases, covering 32 / 221 / 11 185

different extraction tasks, and comprising a total of 186

61,566 webpages from 10 different domains. 187

2.3 Evaluation Metrics 188

A single generation from an LLM is capable of 189

directly extracting value from web pages and gen- 190

erating sequences of actions. However, the exist- 191

ing evaluation schemes for web page extraction 192

tasks still follow the traditional metrics of text in- 193

formation extraction tasks, namely precision, recall, 194

and F1 score. They limit the assessment of meth- 195

ods for the crawler generation task to two aspects. 196

First, it focuses on extraction with a single web- 197

page, rather than considering the generalizability 198

from the perspective of a collection of webpages. 199

Second, it does not effectively measure the transfer- 200

ability when adopting the action sequence to other 201

webpages. 202

To address this issue, we transform the tradi- 203

tional IE task evaluation into an executable eval- 204

uation. Based on the traditional IE evaluation on 205

a collection of webpages, we categorize the exe- 206

cutability of action sequences into the following 207

3
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six situations. Specifically, for each extraction task208

on a website, the result is classified based on the209

extraction result on precision, recall, and f1-score.210

(1) Correct, both precision, recall and f1-score211

equal 1, which indicates the action sequence is pre-212

cisely; (2) Precision(Prec.), only precision equals213

1, which indicates perfect accuracy in the instances214

extracted following the action sequence, but misses215

relevant instances; (3) Recall(Reca.), only recall216

equals 1, which means that it successfully identi-217

fies all relevant instances in the webpage but incor-218

rectly identifies some irrelevant instances; (4) Un-219

executable(Unex.), recall equals 0, which indi-220

cates that the action sequence fails to identify rel-221

evant instances; (5) Over-estimate(Over.), preci-222

sion equals 0, which indicates that the action se-223

quence extracts the instances while ground truth is224

empty; (6) Else: the rest of the situation, including225

partially extracting the information, etc.226

Since the above classifications are mutually ex-227

clusive, we use the ratio metric to calculate the228

proportion of each result in our task.229

MR =
# case of situation

# total case
(1)230

We are more concerned with success rate, so for the231

Correct metric, higher values indicate a better pro-232

portion of generated execution paths; whereas for233

the Un-executable metric, lower values are prefer-234

able.235

3 AUTOCRAWLER236

In this section, we describe our framework AU-237

TOCRAWLER for generating a crawler to extract238

specific information from semi-structured HTML.239

Our approach is divided into two phases: first, we240

adopt a progressive generation framework that uti-241

lizes the hierarchical structure of web pages; sec-242

ond, we employ a synthesis framework based on243

results from multiple web pages. The overall frame-244

work is presented in Figure 2.245

3.1 Modeling246

Unlike the wrapper method that generates an XPath,247

we model the crawler generation task as an action248

sequence generation task. In specific, we generate249

an action sequenceAseq that consists of a sequence250

of XPath3 expression from a set of seed webpages251

(i.e., a small portion of webpages in the test case252

3https://en.wikipedia.org/wiki/XPath

Algorithm 1: Algorithm for progressive
understanding
Data: origin HTML code h0, task

instruction I , max retry times dmax

Result: Executable action sequence Aseq to
extract the value in the HTML

1 Initial history Aseq ← [], k = 0;
2 while True do
3 if k > dmax then break;

// Top-down

4 value, xpath← LLMg(hk, I);
5 result← Parsertext(hk, xpath);
6 if result == value then break;

// Step-back

7 repeat
8 xpath← xpath+ ”/..”;
9 hk+1 ← Parsernode(hk, xpath);

10 until h contains value;
11 Append(Aseq, xpath);
12 k ← k + 1;
13 end
14 return Aseq

for generating the sequence). 253

Aseq = [XPath1,XPath2, ...,XPathn] (2) 254

where n denotes the length of the action sequence. 255

We execute the XPath in the sequence using the 256

parser in order. In the sequence, all XPath expres- 257

sions except the last one are used for pruning the 258

webpage, and the last one is used for extracting the 259

corresponding element value from the pruned web 260

page. 261

3.2 Progressive Generation 262

Dealing with the lengthy content and hierarchical 263

structure of webpages, generating a complete and 264

executable crawler in one turn is difficult. How- 265

ever, the HTML content is organized in a DOM 266

tree structure, which makes it possible to prune 267

irrelevant page components and hence, limit the 268

length and height of the DOM tree to improve the 269

performance of LLM generation. 270

Specifically, we perform a traversal strategy 271

consisting of top-down and step-back operations. 272

Top-down refers to starting from the root node of 273

the current DOM tree, progressively refining down 274

to the specific node containing the target informa- 275

tion. Step-back refers to reassessing and adjusting 276

selection criteria by moving up the DOM tree to 277

4
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Models Method EXECUTABLE EVALUATION IE EVALUATION

Correct(↑) Prec Reca Unex.(↓) Over. Else Prec Reca F1

Closed-source LLMs

GPT-3.5-
Turbo

COT 36.75 8.83 6.71 43.46 0.71 3.53 89.45 50.43 47.99
Reflexion 46.29 11.66 2.83 37.10 0.71 1.41 94.67 55.85 55.10

AUTOCRAWLER 54.84 11.83 8.96 19.35 1.08 3.94 85.85 73.34 69.20

Gemini
Pro

COT 29.69 10.94 7.50 47.19 1.25 3.44 81.21 45.22 41.81
Reflexion 33.12 6.56 4.06 52.50 0.63 3.12 87.45 42.75 40.88

AUTOCRAWLER 42.81 11.87 4.69 34.38 1.25 5.00 85.70 57.54 54.91

GPT4
COT 61.88 12.50 7.19 14.37 0.94 3.12 87.75 79.90 76.95

Reflexion 67.50 13.75 4.37 10.94 0.94 2.50 93.28 82.76 82.40
AUTOCRAWLER 71.56 14.06 5.31 4.06 0.63 4.37 92.49 89.13 88.69

Open-source LLMs

Mistral 7B
COT 3.44 0.31 0.63 95.31 0.00 0.63 94.23 4.55 4.24

Reflexion 2.19 0.00 0.31 97.19 0.00 0.31 95.60 2.78 2.49
AUTOCRAWLER 2.87 0.00 0.00 96.77 0.36 0.00 98.57 3.23 2.87

CodeLlama
COT 17.98 3.75 2.25 74.53 0.00 1.50 79.75 21.98 21.36

Reflexion 18.08 4.80 2.95 73.06 0.00 1.11 78.96 23.26 22.44
AUTOCRAWLER 23.99 8.12 1.48 64.94 0.00 1.48 78.59 28.70 28.41

Mixtral
8×7B

COT 28.75 8.13 4.37 57.81 0.31 0.63 89.79 38.23 37.26
Reflexion 36.25 6.88 3.12 51.25 0.00 2.50 89.35 44.57 43.60

AUTOCRAWLER 46.88 10.62 7.19 30.31 0.63 4.37 87.32 62.71 59.75

Deepseek-
coder

COT 36.56 10.94 5.63 42.50 0.63 3.75 86.05 48.78 47.05
Reflexion 37.19 11.25 4.06 44.69 1.25 1.56 86.41 48.28 47.08

AUTOCRAWLER 38.75 11.25 5.31 39.69 0.63 4.37 84.91 52.11 49.68

Table 1: The executable evaluation and IE evaluation of LLMs with three frameworks in SWDE dataset. We examine
7 LLMs, including 3 closed-source LLMs and 4 open-source LLMs.

choose a more reliable and broadly applicable node278

as a foundation for more consistent and accurate279

XPath targeting. At each step, we first employ a280

top-down operation, guiding the LLMs to directly281

write out the XPath leading to the node contain-282

ing the target information and to judge whether the283

value extracted with XPath is consistent with the284

value it recognizes. If execution fails, then adopt a285

step-back operation to retreat from the failed node,286

ensuring the web page includes the target informa-287

tion, which is driven by LLMs. The detail is shown288

in Algorithm 1.289

3.3 Synthesis290

Although we gain an executable action sequence291

within the progressive generation process, there are292

still differences in the specific location of the tar-293

get information and the structure between different294

web pages. The action sequence may collect XPath295

with specific characteristics in a single HTML and296

lose generalizability. To enhance the reusability of297

the action sequence, we propose a synthesis phase.298

Specifically, we randomly select ns webpages299

from the test case as seed webpages. Then, we300

generate an action sequence for each of them. Sub-301

sequently, we execute multiple different action se- 302

quences to extract information from the seed web- 303

pages, respectively. We collect all action sequence 304

and their corresponding results and then choose 305

one action sequence that can extract all the target 306

information in the webpages as the final action se- 307

quence. 308

4 Experiment 309

Intending to put AUTOCRAWLER to practical 310

use, we investigate the following research ques- 311

tions: 1) How is the overall performance of AU- 312

TOCRAWLER in comparison to the current state-of- 313

the-art crawler generation task? 2) How does our 314

progressive understanding generation framework 315

improve performance? What is its relationship to 316

the size of LLM? 3) Can we rely entirely on LLMs 317

for web automation? 4) In which scenarios do cur- 318

rent frameworks still not perform well? 319

4.1 Experimental Settings & Evaluation 320

Metrics 321

We conduct our experiment on various LLMs 322

including closed-source LLMs: GPT-3.5- 323

Turbo (OpenAI, 2022), Gemini Pro(Team 324
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et al., 2023) and GPT4 (OpenAI, 2023) as325

well as open-source LLMs: Mistral-7B-326

Instruct-v0.2 (Jiang et al., 2023), CodeLlama-327

34B-Instruct (Rozière et al., 2024), Mixtral328

8×7B-Instruct-v0.1 (Jiang et al., 2024) and329

Deepseek-Coder-33B-Instruct (Guo et al., 2024).330

Furthermore, we apply different LLM-prompt-331

based web agents as our baselines, including332

ZS_COT (Wei et al., 2023) and Reflexion (Shinn333

et al., 2023) and AUTOCRAWLER to them.334

Due to the limited-length context of LLMs, all335

experiments are conducted under zero-shot settings.336

The full prompts can be found in Appendix D.2.337

We test them on three datasets: SWDE (Hao et al.,338

2011), EXTEND SWDE (Lockard et al., 2019) and339

DS1 (Omari et al., 2017). The experimental result340

of the last two can be found in Appendix A.1 and341

A.2. We set the size of seed webpages ns = 3 and342

max retry times dmax = 5.343

In addition to the execution evaluation metrics344

described in Section 2.3, we also employ tradi-345

tional evaluation metrics to more comprehensively346

assess the quality of different action sequences.347

Specifically, we adopt precision (P.), recall (R.),348

and macro-f1 (F1), which are calculated as the349

mean of the corresponding metrics for each case.350

4.2 Main Results on SWDE351

Results in Table 1 show that: 1) With AU-352

TOCRAWLER generating action sequence, LLMs353

can achieve better performance. Compared to the354

COT and Reflexion baseline, our method performs355

a higher ratio of correct and lower ratio of un-356

executable. Also, it should be noted that Mixtral357

8×7B + AUTOCRAWLER can outperform Chat-358

GPT + Reflexion, indicating the superiority of AU-359

TOCRAWLER in the generation of executable action360

sequences in the crawler generation task. 2) Mod-361

els with small parameter sizes have significant dif-362

ficulties in understanding and writing executable363

paths, so they can be considered challenging to364

apply in this task. On the contrary, large-scale365

models demonstrate a more stable ability in instruc-366

tion alignment, web structure comprehension, and367

reflection on execution results; 3) Traditional IE368

evaluation metrics cannot well describe the success369

rate of our task. Especially for the precision met-370

ric, it fails to reveal the performance gap among371

different methods with different models. This is372

because the extraction metrics only evaluate the373

results that have been extracted, ignoring that unex-374

Models Method EXECUTABLE EVALUATION

Correct(↑) Prec Reca Unex.(↓) Over. Else

Closed-source LLMs

GPT-3.5-
Turbo

COT 41.70 12.92 7.38 35.42 0.74 1.85
Reflexion 47.23 16.24 2.21 33.21 0.37 0.74

AUTOCRAWLER 56.89 19.43 5.65 13.43 0.71 3.89

Gemini
Pro

COT 33.44 9.38 9.06 44.69 0.94 2.50
Reflexion 35.31 9.38 6.88 43.75 1.56 3.12

AUTOCRAWLER 45.31 13.44 6.25 30.31 1.25 3.44

GPT4
COT 61.88 11.56 9.06 11.56 1.25 4.69

Reflexion 71.25 7.19 4.69 14.37 0.94 1.56
AUTOCRAWLER 75.31 10.94 4.37 4.06 0.63 4.69

Open-source LLMs

Mistral 7B
COT 2.19 0.00 0.31 97.19 0.00 0.31

Reflexion 2.19 0.00 0.00 97.50 0.31 0.00
AUTOCRAWLER 2.19 0.00 0.00 97.19 0.31 0.31

CodeLlama
COT 21.40 6.27 2.21 66.79 0.74 2.58

Reflexion 22.21 4.93 3.94 66.95 0.49 1.48
AUTOCRAWLER 26.20 12.55 5.54 53.51 0.00 2.21

Mixtral
8×7B

COT 27.50 7.50 5.31 56.87 0.94 1.87
Reflexion 34.69 8.13 5.31 49.06 0.63 2.19

AUTOCRAWLER 45.62 11.56 5.94 32.50 1.25 3.12

Deepseek-
coder

COT 35.00 18.75 5.31 36.25 0.63 4.06
Reflexion 38.75 11.87 2.81 42.19 0.63 3.75

AUTOCRAWLER 38.44 20.94 4.06 31.56 0.94 6.56

Table 2: The executable and IE evaluation with 7 LLMs
on SWDE dataset with golden label.

ecutable or empty extractions also greatly damage 375

the executability. 376

4.3 Generate with Golden Label 377

To better illustrate the effectiveness of our frame- 378

work in generating executable action sequences, we 379

compare the performance of the COT, Reflexion, 380

and our framework, while giving the golden label 381

of the instruction. By offering the same extraction 382

targets, we can effectively detect the actual effects 383

of different frameworks on generating action se- 384

quences. 385

Table 2 shows experimental results, from which 386

we can have the following observations: 1) Our 387

proposed progressive understanding framework 388

still effectively enhances the model’s performance 389

under this setting; 2) LLMs still suffer in accu- 390

rately understanding web page contents with semi- 391

structured markup languages, which illustrate the 392

performance gap between Table 1 and Table 2; 393

3) Compared to closed-source LLMs, even pro- 394

vided with golden labels, Open-source LLMs are 395

unable to achieve sustained performance improve- 396

ment. This phenomenon demonstrates that the bot- 397

tleneck for these models lies not in understanding 398

the webpage content but in understanding the web- 399

page’s hierarchical structure itself. 400

4.4 Further Study with AUTOCRAWLER 401

The length of the action sequence is dependent 402

on the LLMs capability. To comprehensively ex- 403

plore the performance of different LLMs in under- 404
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Models 1 2 3 4 5 Avg.

GPT4 214 61 13 18 10 1.57
GPT-3.5-Turbo 115 65 22 30 43 2.35
Gemini Pro 94 52 33 27 105 2.99
Mixtral 8×7B 89 53 43 24 104 3.00
Mistral 7B 28 7 11 7 84 3.82
Deepseek-coder 137 70 55 29 23 2.14
CodeLlama 75 35 32 18 80 2.97

Table 3: Length of action sequence of AUTOCRAWLER
based on different LLMs in SWDE dataset.
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Figure 3: The curve on length and height compression
ratio in SWDE dataset.

standing web page structure, we explore the impact405

of models on the number distribution of the steps.406

In particular, we collect all the action sequences407

and calculate the average steps of AUTOCRAWLER408

with different LLMs. The experimental result is409

reported in Table 3.410

We observe that AUTOCRAWLER with stronger411

LLMs generate fewer lengths of action sequence.412

AUTOCRAWLER with GPT4 generates 1.57 steps413

on average, while the AUTOCRAWLER with Mis-414

tral 7B generates 3.82 steps on average. This phe-415

nomenon can be interpreted as more powerful mod-416

els having a better understanding of the web page417

hierarchical structure, thus being able to accurately418

output the appropriate XPaths in longer/deeper web419

pages, thereby reducing the number of steps.420

The "U" curve of compression ratio We define421

the length of HTML as the number of tokens in the422

HTML, and its height as the height of the DOM423

tree represented by the HTML. we define the com-424

pression ratio of length and height as the ratio of the425

length/height of the original web page to that of the426

web page after being pruned by AUTOCRAWLER . 427

CompressionL =
#tokens of new HTML
#tokens of origin HTML

CompressionH =
#height of new HTML
#height of origin HTML

(3) 428

We calculate their compression ratio of the Cor- 429

rect case and rank LLMs based on their perfor- 430

mance. Figure 3 shows the result. It is interesting 431

to note that there is a "U" curve on both the length 432

and height compression ratios. This phenomenon 433

can be explained from two aspects: on one hand, 434

when LLM is powerful, it can generate the cor- 435

rect XPath without the process of step-back to re- 436

accessing the sub-DOM tree; on the other hand, 437

when the model is weak, it is unable to effectively 438

understand the hierarchical structure of web page, 439

and thus cannot generate reliable, effective XPaths 440

for the web page. 441

XPath fragility within AUTOCRAWLER The 442

fragility of XPath often refers to the characteristic 443

of XPath expressions becoming ineffective or inac- 444

curately matching the target element when faced 445

with new webpages. This is mainly due to XPath 446

specifying specific information through predicates, 447

such as text, @class, etc. 448

We mainly focus on the fragility of text because 449

these webpages are from the same websites (i.e. 450

@class is a good characteristic for generating 451

stable action sequences). Table 4 shows XPath 452

expressions that rely on text. We aim to explore 453

the reusability of generating XPath based on text 454

features. We manually calculated the proportion 455

of bad cases with two types of predicates, contains 456

and equal 4. The results in Table 5 show that the 457

stronger LLMs capability, the lower the proportion 458

of bad cases with AUTOCRAWLER . However, it 459

should be noted that the current SoTA LLM GPT-4 460

still suffers from an XPath fragility problem, which 461

indicates that relying entirely on LLMs to generate 462

reliable XPath still has some distance to go. 463

4.5 Error Analysis 464

We perform an analysis by looking at the recorded 465

action sequence of AUTOCRAWLER with GPT-4 466

and identify the following common failure modes. 467

We mainly focus on the case that is categorized as 468

unexecutable, over-estimate, and else. 469

4https://www.w3schools.com/xml/xpath_
syntax.asp
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Good case Bad case

Question Here’s a webpage on detail information with
detail information of an NBA player. Please
extract the height of the player.

Here’s a webpage with detailed information
about a university. Please extract the con-
tact phone number of the university.

Case //div[@class=’gray200B-dyContent’]/
b[ contains(text(),’Height:’) ]/following-
sibling::text()

//div[@class=’infopage’]//h5[ contains
(text(), ’703-528-7809’) ]

Table 4: Examples of XPath fragility. The green focuses on the common information across different webpages,
while the red focuses on specific information of seed webpages.

Models Contains Equal(=)

GPT4 0.61% 2.90%
GPT-3.5-Turbo 9.33% 9.78%
Gemini Pro 10.62% 14.29%
Mixtral 8×7B 12.88% 8.55%
Deepseek-Coder 11.63% 7.55%
CodeLlama 18.75% 14.29%
Mistral 7B 18.18% 33.33%

Table 5: Bad case ratio in two types of predicate.

Non-generalizability of webpages The target in-470

formation and corresponding webpage structures471

exhibit variations across different webpages, lead-472

ing to a lack of generalizability in AUTOCRAWLER473

(i.e., the inability to apply the same rules across all474

webpages in the same website) For instance, for475

the task "Please extract the name of the company476

that offers the job" in the website job-careerbuilder,477

most webpages contain the company name, but478

there is one webpage where the company name is479

listed as "Not Available" on another node of DOM480

tree.481

Miss in multi-valued Interesting Presented with482

the task of generating a crawler for extracting ad-483

dress in restaurant webpages or contact phone num-484

ber from university websites, the target informa-485

tion is located in multiple locations in the webpage,486

such as the information bar, title, etc. Although487

AUTOCRAWLER is capable of generating action se-488

quences to extract portions of information, crafting489

a comprehensive action sequence that captures all490

of the information remains a challenge.491

5 Related Work492

5.1 Web Automation with LLMs493

Many studies explore the concept of an open-world494

in web simulation environments (Shi et al., 2017;495

Yao et al., 2023; Deng et al., 2023; Zhou et al., 496

2023), encompassing a broad spectrum of tasks 497

found in real-life scenarios, such as online shop- 498

ping, flight booking, and software development. 499

Current web automation frameworks mainly aim 500

to streamline the web environment (Sridhar et al., 501

2023; Gur et al., 2023; Zheng et al., 2024) and to 502

devise strategies for planning and interacting with 503

the web (Sodhi et al., 2023; Ma et al., 2023). How- 504

ever, these frameworks exhibit a lack of reusability, 505

with agents heavily reliant on LLMs for even simi- 506

lar tasks, resulting in inefficiencies. 507

5.2 DOM-based Web Extraction 508

These methods utilize the hierarchical structure of 509

the webpage. Method of this category includes rule- 510

based (Zheng et al., 2008), learning wrappers(i.e a 511

DOM-specific parser that can extract content) (Gul- 512

hane et al., 2011; Kushmerick, 1997; Dalvi et al., 513

2011). Contemporary strategies employ distant 514

supervision to autonomously create training sam- 515

ples by matching data from existing knowledge 516

bases (KBs) with web sources (Lockard et al., 2018, 517

2019). While this significantly lowers the effort re- 518

quired for annotation, it unavoidably leads to false 519

negatives because of the incompleteness of knowl- 520

edge bases (KBs) (Xie et al., 2021). 521

6 Conclusion 522

In this paper, we introduce the crawler generation 523

task and the paradigm that combines LLMs and 524

crawlers to improve the reusability of the current 525

web automation framework. We then propose AU- 526

TOCRAWLER , a two-phase progressive understand- 527

ing framework to generate a more stable and exe- 528

cutable action sequence. Our comprehensive exper- 529

iments demonstrate that AUTOCRAWLER can out- 530

perform the state-of-the-art baseline in the crawler 531

generation task. 532
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Limitation533

We introduce a paradigm that combines LLMs with534

crawlers for web crawler generation tasks and pro-535

pose AUTOCRAWLER to generate an executable ac-536

tion sequence with progressively understanding the537

HTML documents. Though experimental results538

show the effectiveness of our framework, there are539

still some limits to our work.540

First, our framework is restricted to the paradigm541

in the information extraction task for vertical web-542

pages. LLMs with crawlers provide high effi-543

ciency in open-world web IE tasks, but can hardly544

transfer to existing web environments such as545

Mind2Web (Deng et al., 2023), WebArena (Zhou546

et al., 2023).547

Second, our framework rely on the performance548

of backbone LLMs. Enhancing LLMs’ ability to549

understand HTML is a very valuable research ques-550

tion, including corpus collection and training strat-551

egy. We will conduct research on HTML under-552

standing enchancement in future work.553

Ethic statement554

We hereby declare that all authors of this article are555

aware of and adhere to the provided ACL Code of556

Ethics and honor the code of conduct.557

Use of Human Annotations Human annotations558

are only utilized in the early stages of methodologi-559

cal research to assess the feasibility of the proposed560

solution. All annotators have provided consent for561

the use of their data for research purposes. We562

guarantee the security of all annotators throughout563

the annotation process, and they are justly remuner-564

ated according to local standards. Human annota-565

tions are not employed during the evaluation of our566

method.567

Risks The datasets used in the paper have been568

obtained from public sources and anonymized to569

protect against any offensive information. Though570

we have taken measures to do so, we cannot guar-571

antee that the datasets do not contain any socially572

harmful or toxic language.573
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A Experiments725

A.1 Main results on EXTENDED SWDE726

Because EXTENDED SWDE dataset focuses on727

OpenIE task (the relation is also expected to be ex-728

tracted), we first map relations into a predefined list729

of attributes and remove unusual ones. Specifically,730

we conducted experiments with 294 attributes from731

21 websites selected from the EXTENDED SWDE732

dataset.733

Table 8 shows the result. By comparing Table 1,734

we find that: 1) Under complex extraction task set-735

tings (multiple target values and ambiguous prob-736

lem description), the closed-source LLMs perform737

better in generating executable action sequences738

compared to the open-source LLMs. 2) There are739

some tasks with unclear descriptions, such as the740

"Calendar System" and "Facilities and Programs741

Offered" on university websites, which affect the742

wrapper generation performance of all methods.743

A.2 Main results on DS1744

Due to DS1 only contains 166 hand-crafted web-745

pages, and for each website, there are only two746

webpages, so we take one webpage for inference747

and the other for evaluation. Meanwhile, due to the748

number of the seed websites being equal to one, we749

test three methods without applying the synthesis750

module described in Section 3.3.751

Table 9 shows the result in the DS1 dataset.752

Among all LLMs with three methods, GPT4 + AU-753

TOCRAWLER achieves the best performance, and754

AUTOCRAWLER beats the other two methods in all755

LLMs, which is consistent with the conclusion we756

make above.757

B Analysis on AUTOCRAWLER758

B.1 Ablation Study759

To further justify the effectiveness of each com-760

ponent of AUTOCRAWLER , we perform an abla-761

tion study. The results are shown in Table 6. It762

shows that: 1) AUTOCRAWLER without a second763

module still beat the other two baseline methods764

among different LLMs. 2) The second module of765

AUTOCRAWLER , synthesis module, not only im-766

proves AUTOCRAWLER , but also improves the per-767

formance of other methods. Using more webpages768

for inference can make the generated wrapper more769

stable and have better generalization.770

Models Method EXEC EVAL IE EVAL

Correct(↑) Unex.(↓) F1

GPT-3.5-
Turbo

COT 36.75 43.46 47.99
- synthesis 27.56 57.24 34.44

Reflexion 46.29 37.10 55.10
- synthesis 28.62 59.01 35.01

AUTOCRAWLER 54.84 19.35 69.20
- synthesis 44.52 29.33 58.44

Gemini
Pro

COT 29.69 47.19 41.81
- synthesis 27.56 57.24 33.09

Reflexion 33.12 52.50 40.88
- synthesis 28.62 59.01 37.60

AUTOCRAWLER 42.81 34.38 54.91
- synthesis 39.46 31.56 56.48

GPT4

COT 61.88 14.37 76.95
- synthesis 46.88 30.00 61.20

Reflexion 67.50 10.94 82.40
- synthesis 56.87 25.31 69.78

AUTOCRAWLER 71.56 4.06 88.69
- synthesis 65.31 11.87 80.41

Table 6: Ablation study on our two-stage framework.
We report Correct, Unexecutable from the executive
evaluation, and F1 score from the IE evaluation in
SWDE dataset.

B.2 Seed Websites 771

In all previous experiments, we fixed the number 772

of seed websites ns = 3, which demonstrates the 773

effectiveness of the synthesis module. In this exper- 774

iment, we offer different numbers of seed webpages 775

and test the performance of AUTOCRAWLER with 776

GPT4. The result is shown in Figure 4. 777

As the number of seed webpages increases, the 778

correct ratio increases, while the unexecutable ra- 779

tio decreases. It suggests that the performance of 780

AUTOCRAWLER can still be further improved by 781

providing more seed webpages. In addition, the 782

performance improvement reduces as the number 783

increases, which shows that there is an upper limit 784

to improve the performance of AUTOCRAWLER by 785

increasing the number of seed webpages. 786

B.3 Extraction Efficiency 787

Suppose the number of seed webpages is ns, the 788

number of webpages on the same website is NW , 789

the time to generate a wrapper is Tg, the time to 790

synthesis is Ts, and the time for extract information 791

from a webpage with a wrapper is Te. The total 792

time for extracting all information from all websites 793

with AUTOCRAWLER is 794

T1 = TG + TE = (nsTg + Ts) +NWTe (4) 795

Besides, the time for LLMs directly extracting 796

information from a webpage is Td, and the total 797
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Figure 4: The performance of GPT4 + AUTOCRAWLER
with different number of seed websites in SWDE dataset.

time for extracting all information from all websites798

directly is799

T2 = NWTd (5)800

In real-world scenario, there are many webpages801

from the same websites to be extracted. Although802

generating a wrapper takes more time than extract-803

ing directly from a single webpage, the extraction804

efficiency of subsequent webpages would be signif-805

icantly improved. To explore how many webpages806

are needed to make AUTOCRAWLER more efficient807

in web IE, we calculate the threshold of NW . Sup-808

pose T1 ≤ T2, we have809

TG + TE = (nsTg + Ts) +NWTe ≤ NWTd (6)810

NW ≥
nsTg + Ts

Td − Te
(7)811

It should be noted that Tg depends on dmax812

in Algorithm 1 and can be roughly considered as813

Tg ≈ dmaxTd. In our experimental settings, we set814

dmax = 5 and ns = 3. Also, under the approxima-815

tion that Ts ≈ Td and Td ≫ Te, AUTOCRAWLER816

have better extraction efficiency when a website817

contains more than 16 webpages.818

B.4 Comparison with supervised baselines819

Table 7 shows the comparison with 5 baseline mod-820

els in web information extraction on supervised821

learning scenarios. These models are trained on822

webpages in some seed websites and tested on the823

other websites. Although the comparison is unfair824

because our methods is in zero-shot settings, AU-825

TOCRAWLER beat most of them on F1 scores. It826

shows that by designing an appropriate framework,827

LLMs can surpass supervised learning methods in828

some web information extraction tasks.829

Model F1

Render-Full (Hao et al., 2011) 84.30
FreeDOM (Lin et al., 2020) 82.32
SimpDOM (Zhou et al., 2021) 83.06
MarkupLMBASE (Li et al., 2022) 84.31
WebFormer (Wang et al., 2022) 92.46

Reflexion + GPT4 82.40
AUTOCRAWLER + GPT4 88.69

Table 7: Comparing the extraction performance (Preci-
sion, Recall and F1) of 5 baseline models to our method
AUTOCRAWLER using GPT4 on the SWDE dataset.
Each value of the supervised model in the table is trained
on 1 seed site.

B.5 Comparison with COT & Reflexion 830

Figure 5 more intuitively shows the specific dif- 831

ferences between different baselines in the exper- 832

iment. The most significant difference between 833

AUTOCRAWLER and other methods lies in whether 834

the hierarchical structure of web pages is utilized 835

to help LLMs reduce the difficulty of complex web 836

structures. COT only executes one turn while the 837

other executes multiple turns and can learn from 838

the failed execution of the wrapper. Compared to 839

the Reflexion method, AUTOCRAWLER employs 840

top-down and step-back operations to prune the 841

DOM tree during each XPath generation process, 842

thereby reducing the length of the web page. In 843

contrast, the Reflextion method can only reflect and 844

regenerate after producing an unexecutable XPath, 845

which does not effectively simplify the webpage. 846

C Dataset Statistic 847

Table 10, 11, 12 shows the detailed statistic about 848

the semi-structure web information extraction 849

dataset SWDE, EXTENDED SWDE and DS1. 850

D Prompt List 851

D.1 Task Prompt 852

Table 13 shows the task prompt we design for each 853

attribute for SWDE. 854

D.2 Module Prompt 855

We provide a comprehensive list of all the prompts 856

that have been used in this study, offering a clear 857

reference to understand our experimental approach. 858

Listing 1: Prompts for ZS_COT, Reflexion and Au-
toCrawler

12



AutoCrawler

Reflexion

COT
Instruction: What’s the average point of the player?

//*[text()=‘APG’]
/ span[1]/text()

5.1

Wrong
//*[text()=‘PPG’]
/ span[1]/text()

17.1

//*[text()=‘PTS’]
[1]/ text()

19

//*[text()=‘APG’]
/ span[1]/text()

5.1

Wrong

//*[text()=‘APG’]
/ span[1]/text()

5.1

Figure 5: Comparison with the other two baselines.

Prompt-crawler (for COT, Reflexion and859
AutoCrawler):860
Please read the following HTML code, and861
then return an Xpath that can recognize862
the element in the HTML matching the863

instruction below.864
Instruction: {0}865
Here are some hints:866
1. Do not output the xpath with exact867
value or element appears in the HTML.868
2. Do not output the xpath that indicate869
multi node with different value. It870

would be appreciate to use more @class871
to identify different node that may872
share the same xpath expression.873
3. If the HTML code doesn’t contain the874
suitable information match the875
instruction, keep the xpath attrs blank.876
4. Avoid using some string function such877
as ’substring()’ and ’normalize-space()878

’ to normalize the text in the node.879
Please output in the following Json880
format:881

882
{883

"thought": "", # a brief thought of884
how to confirm the value and885
generate the xpath886
"value": "", # the value extracted887
from the HTML that match the888
instruction889
"xpath": "", # the xpath to extract890
the value891

}892
Here’s the HTML code:893
‘‘‘894
{1}895

‘‘‘ 896
---------------------------------------- 897
Prompt-Reflexion (for Reflexion and 898
AutoCrawler): 899
Here’s the HTML extraction task: 900
Task description: Please read the 901
following HTML code, and then return an 902
Xpath that can recognize the element in 903
the HTML matching the instruction below. 904
Instruction: {0} 905
We will offer some history about the 906
thought and the extraction result. 907
Please reflect on the history trajectory 908
and adjust the xpath rule for better 909

and more exact extraction. Here’s some 910
hints: 911
1. Judge whether the results in the 912
history is consistent with the expected 913
value. Please pay attention for the 914
following case: 915

1) Whether the extraction result 916
contains some elements that is 917
irrelevent 918
2) Whether the crawler return a 919
empty result 920
3) The raw values containing 921
redundant separators is considered 922
as consistent because we will 923
postprocess it. 924

2. Re-thinking the expected value and 925
how to find it depend on xpath code 926
3. Generate a new or keep the origin 927
xpath depend on the judgement and 928
thinking following the hints: 929

1. Do not output the xpath with 930
exact value or element appears in 931
the HTML. 932
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Models Method EXECUTABLE EVALUATION IE EVALUATION

Correct(↑) Prec Reca Unex.(↓) Over. Else Prec Reca F1

Closed-source LLMs

GPT-3.5-
Turbo

COT 34.49 3.48 4.53 56.10 0.35 1.05 87.96 42.16 40.58
Reflexion 43.90 1.74 2.09 49.13 0.35 2.79 93.46 49.58 48.66

AUTOCRAWLER 45.30 4.18 8.01 35.89 0.35 6.27 83.60 60.84 56.69

Gemini
Pro

COT 34.49 2.09 6.62 49.13 0.35 7.32 81.09 46.55 42.40
Reflexion 34.15 2.09 6.97 51.57 0.35 4.88 84.43 45.19 41.66

AUTOCRAWLER 35.89 5.23 10.10 42.86 0.35 5.57 83.74 52.75 47.73

GPT4
COT 55.05 2.44 7.32 30.31 0.35 4.53 84.11 67.31 64.04

Reflexion 63.76 3.83 5.57 20.91 0.35 5.57 86.00 76.50 74.50
AUTOCRAWLER 63.07 3.48 5.92 16.72 0.35 10.45 81.29 78.77 74.77

Open-source LLMs

CodeLlama
COT 9.01 1.29 2.15 85.84 0.00 1.72 87.22 12.62 11.21

Reflexion 13.73 1.72 3.00 80.26 0.00 1.29 89.41 17.76 16.01
AUTOCRAWLER 11.16 0.00 1.72 85.84 0.00 1.29 92.49 13.29 12.52

Mixtral
8×7B

COT 31.36 1.05 4.88 58.19 0.35 4.18 86.83 40.16 37.25
Reflexion 29.62 1.05 4.18 62.02 0.35 2.79 83.44 36.44 33.64

AUTOCRAWLER 40.07 3.83 9.41 39.37 0.35 6.97 81.63 57.10 51.57

Deepseek-
coder

COT 38.33 3.83 6.62 47.74 0.35 3.14 81.32 48.52 44.80
Reflexion 36.24 3.48 3.83 51.92 0.00 4.53 83.53 45.03 43.64

AUTOCRAWLER 37.63 2.44 5.92 50.52 0.35 3.14 86.91 47.09 44.33

Table 8: The executable evaluation and IE evaluation of LLMs with three frameworks in EXTENDED SWDE dataset.
We examine 6 LLMs, including 3 closed-source LLMs and 3 open-source LLMs.

2. Do not output the xpath that933
indicate multi node with different934
value. It would be appreciate to use935
more @class and [num] to identify936

different node that may share the937
same xpath expression.938
3. If the HTML code doesn’t contain939
the suitable information match the940
instruction, keep the xpath attrs941
blank.942

943
Please output in the following json944
format:945
{946

"thought": "", # thought of why the947
xpaths in history are not work and948
how to adjust the xpath949
"consistent": "", # whether the950
extracted result is consistent with951
the expected value, return yes/no952
directly953
"value": "", # the value extracted954
from the HTML that match the task955
description956
"xpath": "", # a new xpath that is957
different from the xpath in the958
following history if not consistent959

}960
961

And here’s the history about the thought962
, xpath and result extracted by crawler.963
{1}964

965
Here’s the HTML code: 966
‘‘‘ 967
{2} 968
‘‘‘ 969
---------------------------------------- 970
Prompt-synthesis (for COT, Reflexion and 971
AutoCrawler): 972

You’re a perfect discriminator which is 973
good at HTML understanding as well. 974
Following the instruction, there are 975
some action sequence written from 976
several HTML and the corresponding 977
result extracted from several HTML. 978
Please choose one that can be best 979
potentially adapted to the same 980
extraction task on other webpage in the 981
same websites. Here are the instruction 982
of the task: 983
Instructions: {0} 984
The action sequences and the 985
corresponding extracted results with 986
different sequence on different webpage 987
are as follow: 988
{1} 989

990
Please output the best action sequence 991
in the following Json format: 992
{ 993

"thought": "" # brief thinking about 994
which to choose 995
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Models Method EXECUTABLE EVALUATION IE EVALUATION

Correct(↑) Prec Reca Unex.(↓) Over. Else Prec Reca F1

Closed-source LLMs

GPT-3.5-
Turbo

COT 32.65 4.08 8.16 53.06 0.00 2.04 90.56 43.54 41.16
Reflexion 36.73 8.16 4.08 51.02 0.00 0.00 95.56 44.22 43.75

AUTOCRAWLER 48.98 4.08 0.00 44.90 0.00 2.04 94.90 51.70 52.38

Gemini
Pro

COT 17.72 2.53 3.80 75.95 0.00 0.00 90.82 22.88 22.10
Reflexion 20.25 10.13 1.27 65.82 0.00 2.53 88.83 26.93 27.66

AUTOCRAWLER 43.04 15.19 3.80 34.18 0.00 3.80 93.76 55.97 56.92

GPT4
COT 50.60 9.64 6.02 30.12 0.00 3.61 93.60 65.75 64.73

Reflexion 50.60 10.84 4.82 33.73 0.00 0.00 96.85 62.65 63.50
AUTOCRAWLER 57.83 15.66 4.82 16.87 0.00 4.82 92.88 74.95 75.52

Open-source LLMs

CodeLlama
COT 2.70 2.70 5.41 89.19 0.00 0.00 78.72 10.62 9.19

Reflexion 8.82 0.00 5.88 85.29 0.00 0.00 94.12 14.41 12.69
AUTOCRAWLER 13.51 0.00 5.41 81.08 0.00 0.00 84.12 18.92 17.39

Mixtral
8×7B

COT 17.72 6.33 0.00 74.68 0.00 1.27 94.81 21.15 22.01
Reflexion 22.78 6.33 1.27 69.62 0.00 0.00 94.15 28.03 28.20

AUTOCRAWLER 36.71 11.39 6.33 43.04 0.00 2.53 91.59 48.52 48.23

Deepseek-
coder

COT 25.30 9.64 2.41 60.24 0.00 2.41 92.47 34.71 35.65
Reflexion 22.89 6.02 3.61 65.06 0.00 2.41 90.21 31.43 32.04

AUTOCRAWLER 39.76 10.84 6.02 42.17 0.00 1.20 90.43 51.39 50.28

Table 9: The executable evaluation and IE evaluation of LLMs with three frameworks in DS1 dataset. We examine
6 LLMs, including 3 closed-source LLMs and 3 open-source LLMs.

"number": "" # the best action996
sequence choosen from the candidates997
, starts from 0. If there is none,998
output 0.999

}1000
----------------------------------------1001
Prompt-judgement (for AutoCrawler):1002
Your main task is to judge whether the1003
extracted value is consistent with the1004
expected value, which is recognized1005
beforehand. Please pay attention for the1006
following case:1007

1) If the extracted result contains1008
some elements that is not in1009
expected value, or contains empty1010
value, it is not consistent.1011
2) The raw values containing1012
redundant separators is considered1013
as consistent because we can1014
postprocess it.1015

1016
The extracted value is: {0}1017
The expected value is: {1}1018

1019
Please output your judgement in the1020
following Json format:1021
{{1022

"thought": "", # a brief thinking1023
about whether the extracted value is1024
consistent with the expected value1025

"judgement": "" # return yes/no1026
directly1027

}} 1028
---------------------------------------- 1029
Prompt-stepback (for AutoCrawler): 1030
Your main task is to judge whether the 1031
following HTML code contains all the 1032
expected value, which is recognized 1033
beforehand. 1034
Instruction: {0} 1035
And here’s the value: {1} 1036
The HTML code is as follow: 1037
‘‘‘ 1038
{2} 1039
‘‘‘ 1040

1041
Please output your judgement in the 1042
following Json format: 1043
{ 1044

"thought": "", # a brief thinking 1045
about whether the HTML code contains 1046
expected value 1047

"judgement": "" # whether the HTML 1048
code contains all extracted value. 1049
Return yes/no directly. 1050

} 1051
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Domain Attribute Website Num Domain Attribute Website Num

Auto

model
price
engine
fuel_economy

aol 2000

Movie

ttitle
director
genre
mpaa_rating

allmovie 2000
autobytel 2000 amctv 2000
automotive 1999 boxofficemojo 2000
autoweb 2000 hollywood 2000
carquotes 2000 iheartmovies 2000
cars 657 imdb 2000
kbb 2000 metacritic 2000
motortrend 1267 msn 2000
msn 2000 rottentomatoes 2000
yahoo 2000 yahoo 2000

Book

title
author
isbn_13
publisher
pub_date

abebooks 2000

NBAPlayer

name
team
height
weight

espn 434
amazon 2000 fanhouse 446
barnesandnoble 2000 foxsports 425
bookdepository 2000 msnca 434
booksamillion 2000 nba 434
bookorders 2000 si 515
buy 2000 slam 423
christianbook 2000 usatoday 436
deepdiscount 2000 wiki 420
waterstone 2000 yahoo 438

Camera
model
price
manufacturer

amazon 1767

Restaurant

name
address
phone
cuisine

fodors 2000
beachaudio 247 frommers 2000
buy 500 zagat 2000
compsource 430 gayot 2000
ecost 923 opentable 2000
jr 367 pickaretaurant 2000
newegg 220 restaurantica 2000
onsale 261 tripadvisor 2000
pcnation 234 urbanspoon 2000
thenerd 309 usdiners 2000

Job

title
company
location
date_posted

careerbuilder 2000

University

name
phone
website
type

collegeboard 2000
dice 2000 collegenavigator2000
hotjobs 2000 collegeprowler 2000
job 2000 collegetoolkit 2000
jobcircle 2000 ecampustours 1063
jobtarget 2000 embark 2000
monster 2000 matchcollege 2000
nettemps 2000 princetonreview 615
rightitjobs 2000 studentaid 2000
techcentric 2000 usnews 1027

Table 10: Detail statistic of SWDE dataset.
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Domain Website # Attributes

Movie

allmovie 20
amctv 13
hollywood 12
iheartmovies 8
imdb 34
metacritic 17
rottentomatoes 10
yahoo 10

NBAPlayer

espn 10
fanhouse 14
foxsports 10
msnca 12
si 12
slam 12
usatoday 5
yahoo 9

University

collegeprowler 18
ecampustours 14
embark 23
matchcollege 15
usnews 19

Table 11: Detail statistic of EXTEND SWDE dataset.

Domain Attribute Website

Book
title
author
price

abebooks
alibris
barnesandnoble
fishpond
infibeam
powells
thriftbooks

E-commerce
title
price

amazoncouk
bestbuy
dabs
ebay
pcworld
tesco
uttings

Hotel
address
price
title

agoda
expedia
hotels
hoteltravel
javago
kayak
ratestogo
venere

Movie
actor
genre
title

123movieto
hollywoodreporter
imdb
mediastinger
metacritic
rottentomatoes
themoviedb
yidio

Table 12: Detail statistic of DS1 dataset.
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Domain Task prompt Prompt

Auto Here’s a webpage with detailed
information about an auto.

Please extract the model of the auto.
Please extract the price of the auto.
Please extract the engine of the auto.
Please extract the fuel efficiency of the auto.

Book Here’s a webpage with detailed
information about a book.

Please extract the title of the book.
Please extract the author of the book.
Please extract the isbn number of the book.
Please extract the publisher of the book.
Please extract the publication date of the book.

Camera Here’s a webpage with detail in-
formation of camera.

Please extract the product name of the camera.
Please extract the sale price of the camera.
Please extract the manufacturer of the camera.

Job
Here’s a webpage with detailed
information about a job.

Please extract the title of the job.
Please extract the name of the company that offers the job.
Please extract the working location of the job.
Please extract the date that post the job.

Movie Here’s a webpage with detailed
information about a movie.

Please extract the title of the movie.
Please extract the director of the movie.
Please extract the genre of the movie.
Please extract the MPAA rating of the movie.

NBAPlayer
Here’s a webpage with de-
tailed information about an
NBA player.

Please extract the name of the player.
Please extract the team of the player he plays now.
Please extract the height of the player.
Please extract the weight of the player.

Restaurant Here’s a webpage with detailed
information about a restaurant.

Please extract the restaurant’s name.
Please extract the restaurant’s address.
Please extract the restaurant’s phone number.
Please extract the cuisine that the restaurant offers.

University
Here’s a webpage on detailed
information about a university.

Please extract the name of the university.
Please extract the contact phone number of the university.
Please extract the website url of the university.
Please extract the type of the university.

Table 13: Prompts for crawler generation task in SWDE dataset.
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