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Abstract001

Grounding is central to AI agents on smart-002
phones and requires recognizing relevant UI003
elements on graphical interfaces. However, ex-004
isting grounding methods typically prioritize005
either efficiency or accuracy, and struggle to006
balance both under real-world UI variations. To007
address this challenge, we adopt a dual-system008
approach: System 1 efficiently recognizes UI009
elements using predefined rules, while System010
2 provides deeper analytical reasoning when011
System 1 fails. To bridge the two systems, we012
propose GroundCoder, a multi-agent system013
that extracts representative UI features (e.g., vi-014
sual appearance and layout) based on System015
2’s reasoning and generates executable code for016
System 1. The generated code transfers System017
2’s analytical capabilities to System 1 by en-018
coding them as executable rules, enabling fast019
and efficient recognition of UI elements beyond020
predefined patterns. To systematically evalu-021
ate our approach, we construct Eleva, a dataset022
of UI elements collected from popular mobile023
applications, covering diverse devices, display024
modes, and application modes. Experiments025
on Eleva show that our method preserves effi-026
ciency comparable to rule-based methods while027
improving recognition accuracy by 34.6% over028
existing mainstream methods. We further dis-029
cuss implications for using generative code in030
UI recognition to support more robust ground-031
ing in dynamic mobile environments.032

1 Introduction033

Grounding on GUIs is a fundamental capability034

for GUI agents. The efficiency and accuracy of035

recognizing the appropriate UI elements based on036

task requirements are crucial to the performance of037

AI agents (Cangelosi, 2010; Zheng et al., 2024).038

Prior AI agents rely on hard-coded rules, or lo-039

cal models to recognize UI elements. While effec-040

tive in stable environments, these methods strug-041

gle with rich UI variations (Huang et al., 2023).042

While LLM-based methods improve the general- 043

ization ability, they typically require significant 044

computational resources, suffer from efficiency is- 045

sues (Wang et al., 2023a), and display instability 046

(Huang et al., 2025), making them impractical for 047

real-time scenarios. Thus, a critical challenge re- 048

mains: how to enable AI agents to achieve both 049

efficiency and accuracy in UI element recognition? 050

To address this, we emulate human UI recog- 051

nition strategies that balance efficiency and accu- 052

racy via a dual-process mechanism (Sharp et al., 053

2007). Followed by Kahneman’s theory (Kahne- 054

man et al., 2002), our approach employs System 1, 055

which leverages prior experience for rapid feature 056

extraction (e.g., expecting search bars at the top), 057

and System 2, which performs deliberate seman- 058

tic refinement to resolve ambiguities. This hierar- 059

chical approach enables rapid engagement while 060

maintaining robust understanding. 061

To maximize both efficiency and accuracy, we in- 062

troduce GroundCoder, a multi-agent system that 063

acts as a bridge between System 2 and System 1, as 064

shown in Figure 1. GroundCoder leverages System 065

2’s advanced LLM intelligence to dynamically gen- 066

erate and update UI recognition code for System 067

1’s efficient recognition. When new UI variations 068

are encountered, GroundCoder can update the exist- 069

ing code using new cases, continuously enhancing 070

System 1’s capabilities and improving the overall 071

system’s efficiency and accuracy. 072

GroundCoder is designed to abstract represen- 073

tative features from limited samples and use them 074

to generate executable code. It leverages multi- 075

agent collaboration and multimodal LLMs to select 076

useful features from numerous low-level features 077

from UI images and layouts, and high-level fea- 078

tures generated through lightweight models and 079

tools. Additionally, to ensure the effectiveness of 080

the generated code, GroundCoder relies on multi- 081

ple agents for code inspection and analysis. 082

In this work, we demonstrate how to combine 083
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human cognitive strategies, large model reasoning,084

and generative code methods to create an adap-085

tive system that efficiently recognizes UI elements086

while flexibly responding to UI variations. Our087

work contributes valuable insights into AI agents’088

grounding, providing a potential pathway for the089

trade-off between efficiency and accuracy.090

This paper makes the following contributions:091

• We introduce Eleva 1, a highly targeted dataset092

that contains 10 popular applications and 3,182093

classes of UI elements, with a total of 32,807 sam-094

ples distributed across these classes. These sam-095

ples span diverse UI variations across multiple096

devices, apps and display modes, and have been097

carefully filtered to include challenging cases that098

existing static rules cannot fully cover.099

• We propose a UI recognition method that com-100

bines a dual-system approach with dynamic code101

generation, inspired by human cognitive strate-102

gies. By leveraging System 1’s fast code execu-103

tion and System 2’s LLM-based deep analysis,104

we provide a solution that balances efficiency and105

accuracy. The dynamic generation and updating106

of recognition code underpin System 1’s oper-107

ation, ensuring continuous optimization of the108

entire system.109

• We implement our dual system powered by110

GroundCoder. Evaluation on the Eleva dataset111

demonstrates that our system improves recogni-112

tion accuracy by over 34.6% compared to main-113

stream methods, while maintaining efficiency114

comparable to rule-based methods. Based on115

these experimental insights, we summarize sev-116

eral points for further optimizing code generation117

tailored to UI recognition.118

2 Task Formulation and Dataset119

Construction120

Building on prior work((Deka et al., 2017a; Chen121

et al., 2021)), we formalize our task and construct122

the corresponding dataset as follows:123

2.1 Task Formulation124

Given the requirements for AI agents grounding125

on GUIs, our task is to recognize UI elements on a126

GUI page G that match a given semantic label. Let127

{e1, e2, . . . , en} represent the set of UI elements128

in G, where each ei has a corresponding semantic129

label σ(ei). Given an input query s, the goal is to130

identify the ei such that: σ(e) ≈ s, e ∈ G.131

1https://anonymous.4open.science/r/Eleva-C751

Most existing approaches relying on large multi- 132

modal models address this task by mapping seman- 133

tics to UI elements (Song et al., 2024; Wang et al., 134

2023a), effectively simulating the inverse mapping 135

σ̂−1 in real-time, and identifying ê = σ̂−1(s). 136

However, these methods require significant com- 137

putational resources and are prone to instability 138

issues (Wang et al., 2023b). 139

To address this, our approach is as follows. 140

For all known UI elements, we record their cor- 141

responding semantic labels, forming a semantic 142

label set S = {s1, s2, . . . , sm}. For each semantic 143

label si, all UI elements e that satisfy σ(e) = si 144

are considered to belong to the same class, and they 145

share a common recognition code Rsi . This recog- 146

nition code is generated using efficient features and 147

rules, supporting fast execution. The recognition 148

condition is satisfied only when σ(e) = si, i.e., 149

Rsi(e) = true if and only if σ(e) = si. 150

Thus, for the given task, we first find ŝ such 151

that ŝ ≈ s and ŝ ∈ S. Then, we enumerate all 152

UI elements in G and identify the one for which 153

Rŝ(ê) = true, and ê is the recognized UI element. 154

2.1.1 Handling UI Element Classification 155

The concept of semantic similarity among UI ele- 156

ments is critical for this task. While prior studies 157

define UI elements of the same class based on static 158

attributes such as visual appearance or metadata 159

(Hao et al., 2014; Li et al., 2017), we take a more 160

functional approach. In this paper, two UI elements 161

are classified as belonging to the same class if they 162

serve the same role in executing a task operation. 163

Figure 2 illustrates several UI elements labeled as 164

“share.” Although their appearances differ, they are 165

semantically the same class, performing the same 166

function in the task. 167

From a UI grounding perspective, a complete 168

task involves a sequence of operations. UI ele- 169

ments triggered by the same operation in a task are 170

considered to belong to the same class, even across 171

different UI variations. However, if a UI update 172

significantly changes the sequence of operations 173

required to complete the task, the affected elements 174

may no longer be classified in the same class. 175

2.1.2 Handling Personalized Parameters 176

In certain cases, UI elements may exhibit minor 177

variations. For instance, a username field display- 178

ing “User A” versus “User B” should still be con- 179

sidered a similar UI element, as both serve the same 180

functional role (e.g., selecting a recipient in a mes- 181
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Figure 1: Human-inspired dual-system approach for UI element recognition. The task is to display a QR code, and
the system must recognize the corresponding UI element. System 1 focuses on efficiency but cannot identify the
element alone, while System 2 performs semantic analysis to locate the correct UI element. GroundCoder extracts
efficient features from System 2 to generate executable code that improves System 1’s efficiency in future tasks.

saging task). However, the distinguishing text acts182

as a parameter unique to each instance.183

Thus, within our formalization, UI elements of184

the same class may contain parameterized differ-185

ences, where the varying text is treated as a spe-186

cific feature rather than an indicator of a distinct187

element class. This implies that for UI elements188

with personalized attributes, the code for recog-189

nition requires additional parameters as input for190

differentiation. Furthermore, these parameters are191

inherently part of the input semantics.

Figure 2: Samples of UI elements with the semantic
label “share” across different UI variations.

192

Figure 3: Distribution of the number of samples across
different UI element classes.

2.2 Eleva: Data Collection for UI Variations193

Given the task formulation, we emphasize the need194

to recognize UI elements based on semantic labels195

across different UI variations. However, existing 196

datasets do not meet these requirements. Many 197

available datasets, such as Rico (Deka et al., 2017a) 198

and APM (Zhang et al., 2021), have two main limi- 199

tations: firstly, their semantic annotations are too 200

coarse to support the level of granularity required 201

for task execution; secondly, they do not focus on 202

UI variations across different versions or states. 203

To address this gap, we collected Eleva, a dataset 204

that emphasizes UI variations, considering factors 205

including device model, display modes, and app- 206

specific modes. The details are shown in Table 2. 207

These variations reflect the cognitive challenges 208

humans encounter when interacting with UIs in 209

different contexts, providing broader coverage of 210

real-world usage scenarios. Table 3 highlights the 211

main advantages of Eleva compared to existing 212

mainstream datasets, making it more aligned with 213

the task formulation. Due to factors including de- 214

vices, app settings and page states, the number of 215

samples for each UI element class varies. The spe- 216

cific distribution is shown in Figure 3. The dataset 217

construction involves two main phases: raw data 218

collection and further semantic annotation. The 219

construction details can be found in Appendix A. 220

3 GroundCoder: Bridging Dual Systems 221

for UI Element Recognition 222

Inspired by Kahneman’s dual-process theory (Kah- 223

neman et al., 2002), our approach adopts a dual- 224

system design integrating complementary strengths 225

to achieve both runtime efficiency and adaptability 226

in UI element recognition tasks. Specifically, we 227

define two distinct yet collaborative systems: 228

• System 1 focuses on efficiency and speed. It 229

performs rapid UI element recognition using 230
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Figure 4: The workflow of our proposed dual system. System 1 uses existing Python code for efficient UI element
recognition. If it fails, System 2 applies a multimodal LLM for deeper semantic analysis. The GroundCoder system
extracts features from new or incorrect cases, updating the code for future use in System 1. The green agents
represent high efficiency, while the red agents, relying on LLMs, are less efficient but more intelligent.

Figure 5: The feature extractor extracts raw features of
UI elements and uses extensive tools to generate addi-
tional processed features. It also analyzes the features
of positive and negative examples, extracting common
and unique features from positive examples to assist in
the subsequent code generation.

lightweight, dynamically generated code, en-231

abling real-time interaction.232

• System 2 emphasizes accuracy and flexibility.233

When System 1 encounters unfamiliar or com-234

plex UI variations, System 2 leverages state-of-235

the-art multimodal LLMs to perform deeper se-236

mantic reasoning and accurately identify target237

UI elements.238

To effectively integrate these two systems, we239

propose GroundCoder, which dynamically ex-240

tracts insights obtained from System 2 and trans-241

lates them into efficient executable code for Sys-242

tem 1. This process not only allows System 1 to243

maintain its efficiency but also empowers System244

1 with semantic recognition capabilities that were245

traditionally associated with more computationally246

intensive systems. 247

As shown in Figure 4, GroundCoder integrates 248

the two systems (System 1 and System 2) through 249

dynamic code generation and iterative updates. At 250

runtime, System 1 initially attempts to recognize 251

the target UI element using previously generated 252

efficient code. If recognition succeeds, the task is 253

completed immediately. Otherwise, System 2 is 254

activated to conduct deeper semantic analysis using 255

advanced multimodal reasoning. The outcome of 256

the interaction with the recognized element deter- 257

mines its classification: successfully executed ac- 258

tions yield positive examples, whereas failed inter- 259

actions, indicating a misrecognition, are treated as 260

negative examples. These exapmles are then used 261

by GroundCoder’s internal agents to update and re- 262

fine the recognition code. Through this mechanism, 263

GroundCoder continuously enhances System 1’s 264

robustness to UI variations. 265

To support the generation of recognition code, 266

GroundCoder incorporates several specialized 267

agents, each tasked with different responsibilities. 268

The motivation behind these agents lies in three 269

core objectives: 270

• For code generation, we designed feature ex- 271

tractor and code generator. 272

• To gain more generalized recognition insights, 273

we designed recognition analyzer. 274

• To enable iterative optimization, we designed 275

code inspector and code analyzer. 276

Each agent serves a distinct role in generating 277

and refining recognition code, ensuring that the 278

system adapts efficiently to diverse UI structures. 279
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3.1 Feature Extractor280

The feature extractor is responsible for converting281

raw GUI data into a set of rich, high-efficiency282

features that facilitate UI element recognition.283

As shown in Figure 5, the agent includes the284

following designs:285

Multi-Source Raw Features: The feature ex-286

tractor collects features from multiple data sources,287

such as screenshots, layout trees accessed by Ac-288

cessibility APIs, and real-time system information.289

This multi-source approach ensures that even if one290

feature fails due to incomplete or inconsistent data,291

other features can provide compensatory informa-292

tion. For example, Accessibility API might fail293

to extract certain UI components if they’re not la-294

beled properly (Zhang et al., 2021). In such cases,295

image-based features can help fill in the gap.296

Extensible Processed Features: The feature297

extractor can use various lightweight tools to gen-298

erate additional features, such as text information299

processed via OCR. Some models can generate300

compact embeddings that capture critical visual301

features, such as color, shape, and positioning.302

These embeddings refined into high-level features303

through unsupervised methods like clustering or di-304

mensionality reduction (Li et al., 2021; Wang et al.,305

2021; Jiang et al., 2022). Additionally, manually306

designed heuristic rules can be applied to generate307

further features, such as calculating the aspect ratio308

of elements based on absolute coordinates or de-309

termining their relative size on the screen. These310

processed features can be easily extended as more311

lightweight tools or models are developed.312

Feature Analysis for Positive and Negative313

Examples: The feature extractor can process mul-314

tiple UI elements of the same class simultaneously,315

which we consider as positive examples. Addition-316

ally, we incorporate negative examples, which are317

other UI elements on the same page that are not318

the target element. These negative examples are fil-319

tered using a set of heuristic rules to exclude mean-320

ingless or invisible elements. The feature extractor321

extracts features from both the positive and nega-322

tive examples. To assist subsequent agents in select-323

ing the most representative features for code gen-324

eration, the feature extractor identifies both shared325

and unique features. Shared features are employed326

to differentiate positive examples from negative327

ones, while unique features ensure the code can328

handle subtle variations within the same class of329

UI elements.330

3.2 Code Generator 331

Given rich UI element features, the code generator 332

generates executable code for UI element recog- 333

nition by combining high-efficiency features into 334

instructions. The agent bridges the gap between the 335

reasoning phase and the practical implementation 336

required for UI recognition. 337

The agent includes the following designs: 338

Chain of Thought: As shown in Figure 9, the 339

code generator employs a chain of thought ap- 340

proach to guide the LLM in generating recognition 341

code. Firstly, the LLM is tasked with analyzing 342

the semantic meaning of each feature to ensure 343

a comprehensive understanding of the elements. 344

Secondly, the LLM prioritizes the use of relative 345

features over absolute ones, ensuring that the gener- 346

ated code is adaptable across diverse UI variations. 347

Thirdly, the LLM is asked to consider and select 348

the necessary shared features that effectively dis- 349

tinguish the positive elements from the negative 350

elements in the same page. The LLM must also 351

account for unique features within the same class 352

of UI elements, ensuring that the generated code 353

can handle variations by accommodating a suitable 354

range of values. 355

Parameterization: As mentioned in Section 2.1, 356

some UI elements require contextual parameters 357

to be identified correctly. In such cases, the code’s 358

parameters should include not only the UI elements 359

to be verified but also specific parameters relevant 360

to the current recognition task, such as the recipient 361

of a message or the name of a selected item. These 362

parameters are extracted from the input semantics. 363

Figure 6 illustrates an example of recognition code 364

for UI elements with parameters. 365

Figure 6: To recognize the “chat recipient” button,
the code needs to extract personalized parameters
from the input text through entity recognition. The
extract_entity function should be a predefined func-
tion in System 1.

3.3 Recognition Analyzer 366

The number of samples is much smaller compared 367

to the number of features, making it challenging 368

for the code generator to identify effective, gener- 369

alizable features from a limited set of samples. To 370
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address this, we designed the recognition analyzer,371

which leverages multimodal LLMs to mimick hu-372

man understanding of UI elements, guiding the373

extraction of the most relevant features.374

As shown in Figure 9, the recognition analyzer375

uses the LLM to perform a macro-level analysis376

of both positive and negative examples, identify-377

ing the methods used to distinguish similar from378

dissimilar elements. It explores the patterns that379

humans might use to recognize these UI elements,380

providing valuable insights to assist in generating381

recognition code.382

3.4 Code Inspector383

LLMs exhibit a phenomenon of “forgetting,” mean-384

ing that as the recognition code is continuously385

updated, it cannot always be guaranteed to work386

on previously encountered cases. To address this387

issue, we introduce the code inspector, which is388

responsible for verifying the effectiveness of the389

code. The code inspector ensures that updates to390

the code are only finalized when the results for391

all cases are correct, or when contradictions are392

handled manually.393

The agent includes the following designs:394

Batch Testing: Based on the data collected so395

far, batch testing is performed to validate the recog-396

nition code. The testing includes all accumulated397

UI elements of the target class (positive examples)398

as well as other UI elements on the same page399

(negative examples). The batch testing process400

identifies any “bad cases,” which are then fed back401

into the initial recognition process to update and402

refine the code. Since the recognition code is ef-403

ficient, batch testing consumes minimal time and404

resources.405

Error Analysis: The code inspector not only406

identifies “bad cases” but also provides an analysis407

of errors, including syntax issues in the code, the408

rules causing failures, and whether overly loose409

rules lead to misrecognition. It also checks for410

contradictions between cases. Based on this, the411

code inspector generates detailed error reports that412

help pinpoint root causes, enabling more efficient413

refinement and faster convergence of the code.414

Manual Intervention: If the number of iter-415

ations exceeds 5 and the code has not yet con-416

verged, manual intervention is requested. This is-417

sue may arise when contradictions exist between418

cases, which can typically be resolved by adding419

necessary features or by removing outdated cases.420

Another possibility is that the LLM’s ability to re-421

fine the code is limited. In such situations, manual 422

intervention involves reviewing and adjusting the 423

recognition code, adding or modifying rules to aid 424

convergence, or providing prompts to guide the 425

LLM in generating more accurate code. 426

3.5 Code Analyzer 427

The recognition code needs to be continuously up- 428

dated as new cases arise, whether discovered in 429

new recognition tasks or identified as bad cases 430

by the code inspector. Therefore, we designed the 431

code analyzer to interpret the existing code and 432

assist the code generator in understanding the orig- 433

inal rule logic when updating the code. It analyzes 434

errors reported by the code inspector and provides 435

insights for more effective code updates. 436

As shown in Figure 9, the code analyzer uses 437

the LLM to analyze the current code and the er- 438

ror cases, offering suggestions for code updates. 439

These suggestions are incorporated into the prompt 440

provided to the code generator, aiding in the code 441

update process and accelerating convergence. 442

4 Evaluation 443

We evaluate the performance of the dual system 444

powered by GroundCoder in UI element recogni- 445

tion, comparing it with the baseline systems. We 446

also provide an in-depth analysis of the effective- 447

ness of the code generated by GroundCoder. 448

4.1 System Implementation 449

We have implemented the dual system powered by 450

GroundCoder, along with several baseline systems, 451

including both efficiency-oriented and adaptability- 452

oriented approaches. As defined in Section 2.1, the 453

input to these systems is a GUI page and a given 454

semantic label, and the output is the UI element 455

corresponding to that label. 456

Our System: The code generated by Ground- 457

Coder is implemented in Python. System 2 utilizes 458

the GPT-4o multimodal model to recognize the UI 459

element. For the feature extractor in both System 1 460

and GroundCoder, the raw features of UI elements 461

include screenshots, system runtime information, 462

and layout trees accessed via the Accessibility API. 463

Processed features include a set of relative features 464

(such as aspect ratio and boundary positions rela- 465

tive to the screen) and structural features derived 466

from the layout tree (e.g., node depth, subtree size, 467

and path to the root node). In the GroundCoder, 468

the code analyzer and recognition analyzer utilize 469

GPT-4o, while other agents rely on DeepSeek-R1. 470
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Baselines: We selected efficiency-oriented and471

adaptability-oriented baselines, respectively. De-472

tails regarding baseline selection and experimental473

configurations are provided in Appendix B.474

4.2 Results475

We present the results of our experiments, includ-476

ing a comparison between our system and the base-477

line systems, as well as an in-depth analysis of our478

system’s performance with increasing cases and479

across different UI variations.480

4.2.1 Comparison with Baselines481

We assess the accuracy and average recognition482

time per UI element for each system on the test set.483

The results are presented in Table 1.484

In terms of accuracy, our system outperforms485

the best baseline Pixel by 34.6% in five-fold cross-486

validation. Compared to other evaluation results,487

the performance of these baselines on Eleva is gen-488

erally lower. This is because, during data collection,489

we intentionally selected UI elements with higher490

recognition difficulty and filtered them using prede-491

fined rules. Within our system, in cases where Sys-492

tem 1 fails to recognize a UI element, System 2 is493

triggered for further recognition. Among the cases494

correctly identified by our system, 84.6% were suc-495

cessfully recognized by System 1. In the cases496

where recognition failed, 98.7% were misidenti-497

fied, and 1.3% had extra elements identified.498

While Pixel also performed well, it deeply relies499

on template matching of images. When dealing500

with UI variations caused by skin-related changes,501

the method’s accuracy could significantly decrease,502

potentially dropping to zero. However, such varia-503

tions have no impact on our system, as skin-related504

changes do not affect the layout tree, which is cen-505

tral to the recognition code.506

In terms of runtime, even with 15.4% cases trig-507

gering System 2, the overall average time is com-508

parable to efficiency-oriented baselines, while the509

accuracy far exceeds them.510

Figure 7: The number of new errors made by System 1
as new cases are input under cold-start conditions.

Figure 8: For the progressive input method, each new
training case generates additional iterations.

4.2.2 Performance with Increasing Cases 511

Our results show that as the number of cases in- 512

creases, the performance of our system improves. 513

For the progressive input method, as shown in 514

Figure 10, accuracy improves with fluctuations as 515

the training set size increases, and the frequency 516

of System 2 calls decreases with similar fluctua- 517

tions. This suggests that GroundCoder enhances 518

System 1’s capability, and System 1 increasingly 519

takes over, resulting in improved accuracy and effi- 520

ciency for the entire system. The small fluctuations 521

may be due to the varying difficulty of recogniz- 522

ing different classes of UI elements, as well as the 523

differences in the training set sizes among classes. 524

As shown in Figure 8, the number of iterations 525

required for code refinement changes with the train- 526

ing set size. The upward trend gradually levels off, 527

indicating that the code’s effectiveness improves 528

and new cases no longer necessarily lead to code 529

updates. However, the volatility increases, which 530

we speculate is related to forgetting issues that arise 531

in LLMs after multiple iterations, as discussed in 532

Section C.3. 533

4.2.3 Performance Across Variations 534

We evaluate the system’s performance by splitting 535

the training and testing sets according to different 536

UI variations, including devices, display modes, 537

and app modes. The overall results are shown in 538

Table 1. Performance varies significantly across 539

apps, as illustrated in Table 4. 540

Compared to other train-test split methods, the 541

app-mode-based split results in poorer performance 542

for our system across most of the apps. This sug- 543

gests that the UI element differences between the 544

regular and easy modes within each app are sub- 545

stantial, leading to a reduction in the generalization 546
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Table 1: Comparison of our system and several baselines on the Eleva dataset.

System Accuracy Accuracy Accuracy Accuracy Time (in seconds)Five-fold (%) Device (%) Display Mode (%) App Mode (%)

Scale 26.47 17.63 24.72 32.85 0.0002
Pixel 59.18 54.79 57.23 47.06 0.628

SeeClick 4.73 5.02 3.68 5.24 0.392
Sim 16.42 18.13 21.05 18.79 0.0052

PureLLM (GPT-4o) 53.97 56.91 51.86 54.42 6.48
PureLLM (DeepSeek-R1) 68.67 69.52 68.31 62.85 92.92

Ours (one-time) 93.84 94.03 88.29 85.71 0.54
Ours (progressive) 89.96 81.37 81.98 75.73 1.37

of recognition code generated from one mode to547

another. The largest discrepancy is observed in548

WeChat, where the layout differences between the549

two modes are significant, causing the layout fea-550

tures that are beneficial for convergence in one551

mode to be ineffective in the other mode. With the552

device-based split, performance is more balanced553

across apps, possibly because layout tree structures554

remain relatively stable across different device ver-555

sions, thereby enabling stronger generalization.556

The results show that the required generalization557

across different variations influences feature selec-558

tion. Fortunately, our system supports dynamic559

code updates. When an unrecognized case is en-560

countered, the system can re-analyze representative561

features and iteratively update the code until it con-562

verges on all encountered cases.563

5 Limitations and Future Work564

Managing Semantic Relationships of UI Ele-565

ments: Currently, GroundCoder categorizes UI566

elements into discrete categories based on seman-567

tics. However, in real-world scenarios, the relation-568

ships between UI elements are often more complex.569

A key challenge is how to handle the varying states570

of UI elements. Many UI elements exhibit different571

states (e.g., selected vs. unselected, active vs. inac-572

tive), and determining whether such states should573

be classified as the same element or distinct entities574

is a fundamental question. This issue is inherently575

tied to the granularity of semantic recognition. Fu-576

ture improvements in GroundCoder will need to577

refine this granularity of semantic understanding,578

enabling better handling of UI elements with state-579

dependent semantics.580

Handling Page Classification: In this paper,581

identifying similar UI elements assumes that the582

page on which the element resides is correctly iden-583

tified, as outlined in Section 2.2 where pages are584

assumed to correspond one-to-one. In other words, 585

even if two UI elements appear visually similar, 586

they should not be considered as belonging to the 587

same class if they are located on different pages. 588

This is because they are likely to trigger different 589

tasks based on their page context. In the future, 590

we plan to extend GroundCoder to support page 591

recognition as well, classifying pages based on 592

their semantic content. This would enable a veri- 593

fication step to ensure the correct page correspon- 594

dence, further enhancing the system’s robustness 595

and adaptability. 596

Expanding the Capabilities of Generated 597

Code: The current generated code primarily con- 598

sists of logical expressions based on feature extrac- 599

tion, but it lacks the sophistication needed to handle 600

more complex recognition rules. To address this 601

limitation, we plan to develop an expert knowledge 602

base that will integrate with the code generator. 603

This knowledge base will support the generation 604

of more advanced logic and rules, improving the 605

code’s adaptability and generalization capabilities. 606

6 Conclusion 607

We presented a dual-system GUI grounding ap- 608

proach that balances efficiency and accuracy via 609

generative code. Our multi-agent system, Ground- 610

Coder, bridges cognitive-inspired System 1 (rule- 611

based recognition) and System 2 (semantic analy- 612

sis) by dynamically generating recognition rules. 613

To evaluate this, we introduced Eleva, a large-scale 614

dataset with 32,807 samples across 3,182 seman- 615

tic classes. Results show that our system achieves 616

a 34.6% accuracy improvement over mainstream 617

techniques while maintaining high efficiency and 618

robustness across UI variations. Future work will 619

focus on enhancing LLM capabilities to further 620

optimize code generation and system scalability. 621
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A DataSet Construction761

A.1 Raw Data Collection762

Although our dataset is not primarily intended to763

capture task workflows, we still collect data follow-764

ing predefined workflows. This approach ensures765

that corresponding pages from multiple samples of766

the same workflow can be directly aligned, facili-767

tating accurate identification and classification of768

UI elements across variations.769

The detailed procedure is as follows:770

1. The experts define multiple workflows for771

each application, ensuring comprehensive cov-772

erage of commonly encountered UI pages773

while minimizing overlap between similar774

pages across different workflows.775

2. We utilize crowdsourcing for data collection.776

We hired 8 annotators, each of whom used777

their own devices to exhaustively annotate778

all required applications and their variations779

(including display modes and app-specific780

modes), completing the data collection for all781

workflows.782

Notably, we only consider UI variations that783

affect visual appearance and layout. Significant784

differences—such as changes in the sequence of785

pages traversed during the workflow—are beyond786

the scope of our dataset, as these cases prevent 787

meaningful alignment of UI elements across differ- 788

ent UI variations. 789

A.2 Dataset Annotation 790

The raw data includes a rich set of UI pages ex- 791

hibiting many UI element variations. From this 792

dataset, we need to select a subset of meaningful 793

UI elements for targeted annotation, including both 794

classified and semantic labeling. 795

UI Element Selection and Classified Anno- 796

tation: Assume that for a given workflow, we 797

have collected n samples from different UI vari- 798

ations. The ith sample consists of a sequence of 799

m pages, {P i
1, P

i
2, ..., P

i
m}. The UI element trig- 800

gering the transition from page P i
j to P i

j+1(1 ≤ 801

j < m) is labeled as Ei
j . Naturally, the elements 802

{E1
j , E

2
j , ..., E

n
j } belong to the same UI element 803

class. 804

Since transition-triggering elements alone are 805

limited, the annotators manually select 5 represen- 806

tative UI element classes on each page P 1
j (1 ≤ 807

j ≤ m) in the first sample. For each selected 808

class, the annotators label corresponding UI ele- 809

ments of the same class on the other sample pages 810

{P 2
j , P

3
j , ..., P

n
j }. Consequently, each page is an- 811

notated with at least 5 UI element classes, each 812

represented by multiple samples corresponding to 813

different UI variations. To define “representative” 814

UI element classes, the annotation platform auto- 815

matically applies simple rules to assist the anno- 816

tators in selecting classes that are meaningful and 817

not easily identifiable through basic rules alone 818

(such as by tree path or coordinates). This ensures 819

that the selected UI element variations are more 820

representative. 821

Specifically, although the experts strive to mini- 822

mize duplicate pages in each workflow during data 823

collection, it is unavoidable that some pages are 824

revisited. Therefore, for pages that are traversed 825

multiple times and have similar UI elements anno- 826

tated, the class of those elements should be merged. 827

Semantic Annotation: After classifying UI ele- 828

ments, we assign a semantic textual label to each 829

class. The annotators are provided with visual- 830

izations, including both screenshots and layout in- 831

formation. GPT-4o generates an initial semantic 832

description based on visual input, which the anno- 833

tators subsequently verify and refine as needed. 834
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Table 2: Overview of the Eleva dataset. The mobile applications were selected based on popularity, page content
richness, and diversity of UI features.

Application Device Display Mode App Mode UI Element Classes UI Element Samples
TikTok 314 5380
Ctrip HUAWEI MatePad Pro-MRX-W39 596 3834

WeChat HUAWEI MatePad Pro WGRR-WO9 420 5776
Weibo HUAWEI MatePad Pro-GOT-W29

Light Regular
343 2528

Tecent Meeting REDMI Turbo 14 191 2250
Pinduoduo HONOR 90GT

Dark Easy
224 2590

12306 REDMI K70 Ultra 278 2641
Lark OPPO Reno9 Pro 413 2820

Taobao iQOO Neo5 226 3772
RedNote 177 1216

Table 3: Comparison of Eleva with existing UI datasets with semantic labeling.

Dataset UI Variations Granularity of Classes Number of Classes Number of Samples per Class

Rico (Deka et al., 2017b; Liu et al., 2018) Single device UX concepts of buttons 197 1~2720
APM (Zhang et al., 2021) 4 resolutions Common UI types 12 1808~41,285

Eleva
8 devices,

Task-related semantics 3182 5~222 display modes,
2 app modes

B Experiment Details835

B.1 Baseline Selection836

Efficiency-oriented Baselines: These baselines837

represent mainstream methods adopted for fast UI838

element recognition. They rely on basic methods:839

• Scale: It locates UI elements on the current page840

by matching their coordinates (x, y) relative to841

the screen size, based on values in the train-set.842

• Pixel: It converts the image to grayscale,843

scales the images in the training set across844

various scales, and uses the OpenCV function845

matchTemplate with the TM_CCOEFF_NORMED al-846

gorithm for template matching.847

• SeeClick: It uses a 9.6B model to recognize UI848

elements on the screenshot (Cheng et al., 2024).849

• Sim: It uses a similarity function based on the850

integration of layout trees and screenshots. For851

each UI element on the current page, it computes852

a weighted similarity score by comparing it to el-853

ements in the training set, based on all accessible854

features. An empirical threshold is applied for855

classification, where any element with a higher856

similarity score is considered a match. This857

method was initially utilized in prior works on858

accessibility enhancement (Zhang et al., 2017),859

and has since been commonly applied in systems860

with real-time efficiency requirements (Li et al.,861

2019; Huang et al., 2023).862

Adaptability-oriented Baselines: Adaptability-863

oriented methods usually leverage LLMs for deeper864

semantic understanding of UI elements, enabling865

better adaptation to UI variations. They align with 866

the majority of current LLM-based AI agents (Li 867

et al., 2022; Li and Li, 2023). We selected the GPT- 868

4o multimodal model as a representative, which 869

uses semantic inputs to identify corresponding UI 870

elements from images. The image is uniformly 871

divided into 144 sections (a 16× 9 grid), and GPT- 872

4o outputs the identifier for the target region, which 873

is then used to match the corresponding UI element. 874

B.2 Experiment Setup 875

We conduct the experiments using our proposed El- 876

eva dataset. For each UI element class, we split the 877

samples into training and testing sets. We use two 878

types of data splits: random 5-fold cross-validation 879

(80% for training, rounded down, and 20% for test- 880

ing, rounded up) and a variant-based split. In the 881

variant-based split, the data is divided based on 882

device model (each two devices used as a test set 883

once, with the remaining devices used for training), 884

display mode (alternating between light and dark 885

modes for testing and training), and app-specific 886

modes (alternating between regular and easy modes 887

for testing and training). The final evaluation is 888

based on the average performance across all rounds 889

of the split. 890

For Scale, Pixel, Sim and our proposed dual sys- 891

tem, the training set must be inputted. For our 892

system, there are two methods of inputting the train- 893

ing set: a one-time input of the entire training set 894

or a progressive input of individual training cases. 895
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Figure 9: Prompt design for the code generator, includ-
ing a description of the code generation task, guidance
provided by the recognition analyzer, and analysis of
the original code (if available), along with error analysis
and improvement suggestions from the code analyzer.

(a) Minimum, maximum, and average accuracy of the code
generated by GroundCoder as training set size changes.

(b) Minimum, maximum, and average frequency of System 2
calls during testing as training set size changes.

Figure 10: As the training data increases with the pro-
gressive input method, accuracy gradually improves,
and the frequency of System 2 calls decreases.

Table 4: Accuracy of each app under different train-test
splits, with the training set input all at once. For each
app, the bolded values represent the best performance,
the underlined values represent the worst performance,
and the dashed lines indicate the absence of correspond-
ing variations due to app limitations.

App Five-fold Device Display App
Mode Mode

TikTok 97.03 81.47 99.31 95.42
Ctrip 90.28 94.97 - -
WeChat 83.96 79.23 82.98 51.38
Weibo 94.51 97.18 73.64 -
Tencent Meeting 97.47 97.89 98.12 -
Pinduoduo 96.24 98.53 98.47 95.12
12306 95.98 87.52 - 95.73
Lark 92.54 93.07 80.85 -
Taobao 97.32 98.29 98.61 89.94
RedNote 88.63 91.87 78.49 -

Since UI elements of the same class share the same 896

semantic label in the dataset, as defined in Sec- 897

tion 2.1, the success rate of semantic matching dur- 898

ing testing can be considered 100%, as reference 899

samples can be directly found in the training set. 900

In contrast, SeeClick and the adaptability-oriented 901

baseline do not require a training set. Instead, they 902

directly use the LLM (or self-trained models) for 903

UI element recognition on the test set. UI element 904

recognition is considered successful if the center of 905

the recognized UI element falls within the bounds 906

of the ground-truth UI element. 907

Additionally, we evaluate the impact of includ- 908

ing or excluding key agents, namely the code in- 909

spector, and code analyzer, within the Ground- 910

Coder system. 911

C Insights from the Experiment Results 912

In this section, we present key insights derived 913

from a thorough analysis of the experimental re- 914

sults. These insights not only validate the effective- 915

ness of GroundCoder but also offer directions for 916

future optimization and improvements. 917

C.1 Code Analysis 918

We performed an in-depth analysis of the code 919

generated by GroundCoder to assess the logic and 920

relevance of the selected features. Through this 921

analysis, we identified both strengths and areas 922

for improvement in the system’s feature selection 923

process. 924

Within the generated codes of different UI ele- 925

ment classes, the frequency of various features is 926

shown in Figure 11. Certain features were overly 927

12



Figure 11: The top 10 most frequently used features in the code.

Table 5: Typical UI element classes and their corresponding recognition code. The red box highlights the UI
elements to be recognized, while the green box indicates the UI elements that assist in recognition.

Feature Type UI Element Recognition Code

Valid Ranges

Hierarchical Features

Spatial Relationships

Fuzzy Text Matching
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emphasized, leading to unnecessarily complex or928

inaccurate rules, while some crucial features were929

overlooked. While the code produced accurate930

recognition results, further optimization could im-931

prove its efficiency and accuracy.932

For example, the system tended to over-933

rely on “obvious” features, such as className,934

packageName, text, resourceId, and interaction935

attributes in the layout tree. While these features936

are useful, they are often common across many UI937

elements and can lead to misrecognition in more938

complex or irregular layouts. In contrast, dynamic939

features, such as relative positioning or spatial rela-940

tionships between elements, were often neglected.941

For instance, in layouts with multiple dynamic pop-942

ups, the relative positioning and nesting of UI el-943

ements became crucial. We also found that some944

processed features, although potentially significant945

differentiators in certain UI layouts, were underuti-946

lized by the GroundCoder.947

By analyzing both successful and failed cases,948

we identified key features that significantly im-949

pacted the success of UI element recognition. Cor-950

respondingly, Table 5 presents several typical cases,951

highlighting the following key feature types.952

• Valid ranges for relative and absolute coor-953

dinates: The position of UI elements is a cru-954

cial feature, but requires some tolerance for er-955

rors. By defining valid coordinate ranges, the956

system can ensure elements are located within957

expected spatial areas, reducing misidentifica-958

tion caused by screen resolution differences959

or dynamic layout changes.960

• Hierarchical structure-related features:961

These features capture the parent-child rela-962

tionships in the UI layout, such as the number963

of child elements, parent element features, and964

layout tree depth. Additionally, some sibling965

nodes are important, such as in recognizing966

icons, where the adjacent text label can be967

identified first, often found within the sibling968

subtree in the layout tree.969

• Spatial layout relationships: Accurate recog-970

nition heavily relies on the spatial and layout971

relationships between UI elements. An effec-972

tive strategy involves a hierarchical approach:973

first identifying a larger container like a navi-974

gation bar or a dialog, and subsequently locat-975

ing the target element, such as a ‘close’ button,976

within that container using simple features.977

• Fuzzy matching of text-based features: 978

Text-based features, such as the label of a 979

button, often require fuzzy matching due to 980

the dynamic nature of UI content. For in- 981

stance, the label of a “Chats” button may ap- 982

pear in the text, contentDescription, or 983

resourceId attributes, and may not always 984

match exactly. Variants of the label, like 985

“Chats” and “Chats(1)”, require the system to 986

recognize substrings, prefixes, or suffixes, and 987

in some cases, regular expressions are needed. 988

As a result, we believe the code should be further 989

refined to address biases and omissions in the gen- 990

erated code, improving the logical consistency of 991

the code. Additionally, enhancing the understand- 992

ing of feature meanings and building a professional 993

knowledge base could guide the LLM to generate 994

more generalizable code. 995

(a) Distribution of total features used in the code.

(b) Relationship between the upper limit of features in the code
and its accuracy. Note that the accuracy here refers to the
performance achieved by System 1 using the generated code,
without considering System 2’s assistance in case of failure.

Figure 12: Feature utilization in the code. Note: This
refers to the code automatically generated by Ground-
Coder, with the training set input all at once, and the
code having converged in the training set, without con-
sidering any manual corrections.

C.2 Redundancy in Code 996

During the experiments, we noticed that the gener- 997

ated code sometimes included redundant features 998

that did not positively impact recognition perfor- 999
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Table 6: Comparison of average iterations and human
intervention rates between one-time and progressive
input methods.

System Mean Human
Iterations Intervention (%)

Ours (one-time) 1.3 (sd=0.7) 17.6
Ours (progressive) 2.7 (sd=2.0) 11.7

mance. These redundant features not only com-1000

promised code readability but also increased the1001

risk of overfitting. For example, the enabled fea-1002

ture, which appears frequently in Figure 11, is not1003

a representative feature and can be removed.1004

The number of features used by the recognition1005

code is shown in Figure 12a. On average, each1006

recognition code used about 10.5 (sd = 4.4) fea-1007

tures, of which 2.6 (sd = 1.1) were found to be1008

non-essential according to expert evaluation.1009

We further compared the code’s performance1010

across different feature counts. As shown in Figure1011

12b, the code with 9 or fewer features achieved the1012

highest average accuracy. Beyond this point, as1013

the number of features increased, the accuracy no1014

longer improved, indicating a decline in generaliza-1015

tion ability.1016

We suggest introducing a code simplification1017

agent in future optimizations to reduce redundant1018

features, improving code readability and the sys-1019

tem’s generalization across UI variations.1020

C.3 Handling Overload and Forgetting1021

We found that when GroundCoder generates and1022

updates the recognition code, using multiple input1023

samples at once significantly outperforms the pro-1024

gressive input of individual training cases. Table 61025

compares the iterations required for the one-time1026

input and progressive input methods. As expected,1027

the one-time input method requires fewer iterations.1028

However, the number of iterations for the progres-1029

sive input method was much lower than we had1030

expected. Upon further analysis, we discovered1031

that 27.2% of the classes could generate effective1032

code for the entire training set using only a single1033

training case. This suggests that GroundCoder can1034

extract representative features and generate gener-1035

alizable code from limited samples.1036

For the one-time input method, 60.9% of UI ele-1037

ment classes converge within one iteration, 73.5%1038

within two iterations, and in 89.6% of the classes,1039

the one-time input method outperforms the pro-1040

gressive method. Furthermore, the accuracy of the1041

one-time method is higher than that of the progres- 1042

sive method. We attribute this improvement to the 1043

fact that multiple samples allow the LLM to learn 1044

parallel patterns from various UI layouts. 1045

Both input methods have their drawbacks: 1046

• One-time input faces the issue of LLM 1047

overload: We observed that inputting too 1048

many samples at once can negatively impact 1049

GroundCoder’s performance. For example, in 1050

UI element classes with more than 12 samples, 1051

85.3% of the classes failed to converge within 1052

5 iterations using the one-time input method. 1053

• Progressive input, while reducing overload, 1054

introduces issues of forgetting and internal 1055

contradictions: Although one-time input can 1056

also encounter these issues, progressive in- 1057

put, which requires more iterations by nature, 1058

is more likely to trigger LLM forgetting of 1059

earlier inputs. We found that 18.6% of UI ele- 1060

ments experienced code loss or conflicts. In 1061

these cases, the code inspector was triggered 1062

1153 times, helping GroundCoder “remember” 1063

the bad cases through further iterations. How- 1064

ever, the forgetting issue could not be fully 1065

resolved. Specifically, 88.3% of UI elements 1066

converged fully within 5 iterations, while the 1067

remaining elements required human interven- 1068

tion. 1069

Based on these analyses, we recommend a bal- 1070

anced strategy of using an appropriate number of 1071

samples for input, which can both improve accu- 1072

racy and reduce model training time. Additionally, 1073

while the code inspector has been proved to ef- 1074

fectively mitigate forgetting and contradictions, to 1075

fully address these issues, we suggest incorporating 1076

a dynamic memory mechanism or more intelligent 1077

prompt strategies in future improvements to main- 1078

tain long-term consistency in generative code. 1079

C.4 Manual Intervention during Runtime 1080

During the system’s operation, manual intervention 1081

may be required in two scenarios: 1082

• When System 2 lacks sufficient intelligence 1083

to identify UI elements, human intervention 1084

helps identify the correct elements. 1085

• When GroundCoder fails to converge after 1086

multiple iterations, human intervention assists 1087

in finalizing the code convergence. 1088
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In extreme or uncommon UI designs, expert in-1089

tervention can quickly identify the shortcomings1090

of the generated code and provide supplementary1091

rules based on real-world scenarios. For exam-1092

ple, in new UI versions, experts can annotate new1093

UI element types or important interaction changes,1094

helping the system better recognize these changes1095

in future training.1096

During the experiments, the proportion of hu-1097

man intervention is shown in Table 6. While the1098

goal is to improve the system’s interpretability and1099

reduce intervention costs, efforts should also focus1100

on enhancing the system’s intelligence to minimize1101

the need for human intervention.1102
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