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Abstract001

Existing Graphical User Interface (GUI) rea-002
soning tasks remain challenging, particularly003
in UI understanding. Current methods typ-004
ically rely on direct screen-based decision-005
making, which lacks interpretability and over-006
looks a comprehensive understanding of UI007
elements, ultimately leading to task failure. To008
enhance the understanding and interaction with009
UIs, we propose an innovative GUI reason-010
ing paradigm called UI-in-the-Loop (UILoop).011
Our approach treats the GUI reasoning task as012
a cyclic Screen-UI elements-Action process.013
By enabling Multimodal Large Language Mod-014
els (MLLMs) to explicitly learn the localiza-015
tion, semantic functions, and practical usage016
of key UI elements, UILoop achieves precise017
element discovery and performs interpretable018
reasoning. Furthermore, we introduce a more019
challenging UI Comprehension task centered020
on UI elements with three evaluation metrics.021
Correspondingly, we contribute a benchmark022
of 26K samples (UI Comprehension-Bench)023
to comprehensively evaluate existing methods’024
mastery of UI elements. Extensive experiments025
demonstrate that UILoop achieves state-of-the-026
art UI understanding performance while yield-027
ing superior results in GUI reasoning tasks.028

1 Introduction029

GUI automation leverages Artificial Intelligence030

to simulate user interactions with device screens,031

reducing human workload (Nguyen et al., 2025).032

Recent advances in MLLMs have significantly en-033

hanced GUI agents (Wang et al., 2023), demon-034

strating substantial potential in web browsing, mo-035

bile apps, and office automation (Qin et al., 2025),036

while advancing Artificial General Intelligence de-037

velopment (Hu et al., 2025).038

Existing GUI agents leverage advanced MLLMs039

(e.g., GPT-4o (Hurst et al., 2024) and the Qwen-040

VL series (Bai et al., 2025)) to interpret user in-041

structions and perform reasoning. However, these042

methods struggle with the complex layouts and di- 043

verse UI elements prevalent in real-world screens 044

(Zhang et al., 2024a). They typically follow a 045

“Screen-Action" paradigm, where decisions and 046

actions (e.g., click (123, 204), type “text", scroll 047

down) are generated directly from screen inputs 048

(Wang et al., 2025b; Sun et al., 2025; Pahuja et al., 049

2025; Qi et al., 2024). This black-box decision- 050

making process lacks interpretability and fails to 051

foster a comprehensive understanding of UI ele- 052

ments (Wang et al., 2024). Consequently, models 053

often fail to accurately locate key elements and 054

grasp their semantics and functions. Ultimately, 055

this inability to effectively utilize these elements 056

leads to task failure. 057

Evaluation of current GUI agents reveals signifi- 058

cant deficiencies in UI element comprehension. As 059

depicted in Fig. 1 Left, advanced models exhibit 060

poor performance (average score below 0.1) across 061

three critical dimensions: UI element localization, 062

semantic function description, and practical-usage. 063

Based on this, we provide these models with both 064

beneficial and misleading UI element descriptions 065

during user instruction execution. Fig. 1 Mid- 066

dle demonstrates that correct UI understanding 067

substantially enhances reasoning across all scenar- 068

ios—including zero-shot MLLMs, GUI expert, and 069

models of varying scales. Conversely, incorrect 070

descriptions significantly increase task failure rates. 071

These findings underscore the critical role of UI 072

element comprehension in GUI reasoning. 073

To address the “Missing in the Screen-to-Action" 074

limitation inherent in current GUI models, we 075

propose UI-in-the-Loop (UILoop)—an innovative 076

paradigm that reframes GUI reasoning around the 077

mastery of UI elements. As illustrated in Fig. 2, 078

UILoop conceptualizes this process as a cyclic 079

“Screen–UI Elements–Action" process, where UI 080

elements serve as the critical bridge from screen to 081

action, enabling more accurate reasoning based 082

on correct UI elements. Leveraging reinforce- 083
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Figure 1: Left: Evaluation of existing methods on UI element localization, semantic function description, and
practical usage. Middle: Performance gains with correct vs. misleading UI info compared to without UI info. Right:
Comparison of UILoop against existing “Screen-to-Action" methods on SR metric for Android Control-High.

Instruction 𝓘: In the Office Suite Pro app, rename the 'PPT on Management Training' document to 'Skill Training'.

<ui> Located at (84, 1061), this element is an icon that likely represents an optio
n to edit or save the document. </ui> <think> Based on UI elements, I will

click the icon that represents edit 
or save option. </think> <answer> ac
tion: click, box: (84, 1061) </answer>

Current Screen 𝓢! Next Screen 𝓢!"#

Screen-to-Action Paradigm
<think> I cannot understand the UI elements on screen, I 
may need to click the ‘PPT on Management Training’ text. 
</think> <answer> action: click, box: (25, 743) </answer>

UI-in-the-Loop Paradigm
<ui> Located at (25, 697), this element represents the beginning of the documen
t title ‘PPT on Management Training‘. </ui>

UI elements

Action

Analyzing screen

𝓘, 𝓢!

Action

Figure 2: Compared to the existing “Screen-to-Action" paradigm, our UI-in-the-Loop reframes GUI reasoning as
“Screen-UI Elements-Action".

ment learning’s strength in handling complex se-084

quential decisions (Shao et al., 2024), we design085

UI-Element-Driven Reinforcement Fine-Tuning,086

which teaches UILoop to locate key UI elements,087

infer their semantic functions, and master their088

practical usage, thereby achieving precise UI pars-089

ing and interpretable reasoning. Furthermore, rec-090

ognizing the difficulty of understanding and apply-091

ing UI elements, we introduce the more challenging092

UI Comprehension task along with three evalua-093

tion metrics, and contribute a 26K benchmark (UI094

Comprehension-Bench) to comprehensively eval-095

uate the UI localization, semantic understanding,096

and practical-usage capabilities of existing models.097

Our major contributions are as follows:098

• We demonstrate that comprehensive UI under-099

standing significantly enhances reasoning in ex-100

isting GUI agents. Building on this insight, we101

propose the innovative UILoop paradigm, which102

moves beyond conventional “Screen-to-Action"103

approaches by reframing GUI reasoning as cyclic104

“Screen–UI Elements–Action" loop. Through105

UI Element–Driven Reinforcement Fine-Tuning,106

UILoop improves model comprehension of in-107

terface elements, thereby advancing mutimodal108

GUI reasoning and interpretability.109

• We introduce the more challenging UI Compre- 110

hension task with three dedicated evaluation met- 111

rics (UI Locate, Lingualize, and Leverage) to as- 112

sess how existing methods master UI elements. 113

To support this, we advance community research 114

by contributing UI Comprehension-Bench, a 26K 115

benchmark for comprehensive UI capability as- 116

sessment. 117

• Extensive experiments demonstrate that UILoop 118

achieves state-of-the-art (SOTA) performance in 119

UI comprehension, while delivering superior re- 120

sults in GUI reasoning tasks. 121

2 Related Work 122

Screen-to-Action GUI Agent. Current ap- 123

proaches enhance GUI reasoning through large- 124

scale pretraining (GUI-OWL (Ye et al., 2025)) 125

and supervised fine-tuning (Aguvis (Xu et al., 126

2024), CoCo-Agent (Ma et al., 2024), Show-UI 127

(Lin et al., 2025), Aria-UI (Yang et al., 2025)). 128

Moreover, recent work (UI-R1 (Lu et al., 2025), 129

GUI-R1 (Luo et al., 2025), InfiGUI-R1 (Liu et al., 130

2025b), InfiGUI-G1 (Liu et al., 2025c)) designs re- 131

inforcement learning for robust sequential decision- 132

making. Several datasets such as Meta-GUI (Sun 133

et al., 2022), AITW (Rawles et al., 2023), GUIAct 134
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(Chen et al., 2025), OmniACT (Kapoor et al.,135

2024), Android Control (Li et al., 2024), AITZ136

(Zhang et al., 2024b) have been proposed to en-137

hance SFT or RL training for the “Screen-to-138

Action" paradigm. However, this paradigm im-139

plicitly embeds UI comprehension within action140

prediction, lacking explicit UI element focus and141

limiting interpretability.142

UI Elements-Enhanced GUI Agent. Existing143

methods focus on UI element localization but144

ignore semantic functions and practical usage.145

SeeClick (Cheng et al., 2024) improves local-146

ization via ScreenSpot dataset. GUI-explorer147

(Xie et al., 2025) retrieves UI information exter-148

nally but doesn’t enhance intrinsic understanding.149

ScreenSpot-Pro (Li et al., 2025), MMBench-GUI150

(Wang et al., 2025a), UI-E2I-Bench (Liu et al.,151

2025a), UI-Vision (Nayak et al., 2025), OS-Atlas152

(Wu et al., 2024), and UGround (Gou et al., 2025)153

improve localization but neglect their semantic and154

functional understanding, resulting in incorrect in-155

teractions such as clicking a scrollbar instead of156

dragging it. To address this, we propose UILoop, a157

“Screen-UI Element-Action" paradigm that explic-158

itly teaches models to master UI elements, achiev-159

ing superior GUI reasoning performance.160

3 Preliminary161

GUI Reasoning. Given a user instruction I, we162

formulate the GUI reasoning task as a multi-turn163

iterative decision-making process. At each step, the164

GUI Agent needs to interact with the current screen165

Si and output an action. Therefore, our objective166

is to train the policy model πθ to output the correct167

action ai to complete the user instruction:168

θ∗ = argmax
θ

∏
i

Pπθ
(ai|I,Si),169

where i is the i-th iteration cycle. Meanwhile,170

πθ needs to analyze the UI elements in Si171

that are beneficial for task completion: U =172 {
ui =

[
uloci ∈ U loc, ulini ∈ U lin, ulevi ∈ U lev

]}
,173

where U loc,U lin,U lev represent location (e.g., (84,174

1061)), semantic and functional description (e.g.,175

“this element is an icon that likely represents an176

option to edit or save the document"), and usage177

(e.g., action: click, box: (84, 1061)), respectively.178

By using U to obtain ai, we can therefore model179

the objective as a “Screen–UI Elements–Action"180

iteration loop as follows:181

θ∗ = argmax
θ

∏
i

Pπθ
(ai|I, uj)

∏
j

Pπθ
(uj |I,Si)182

Group Relative Policy Optimization (GRPO) 183

(Guo et al., 2025) is a reinforcement learning algo- 184

rithm for training models to improve performance 185

on complex sequential decision-making (e.g., GUI 186

reasoning). We employ GRPO to optimize our 187

model. GRPO estimates the relative advantage of 188

each response within a group of responses to the 189

same prompt, eliminating the need for a value func- 190

tion. The optimization objective is: 191

L(θ) = E{oi}Gi=1∼πθold (O|I,S)

=
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

{
min

[
πθ(oi,t|I, oi,<t)

πθold(oi,t|I, oi,<t)

AU
i,t, clip

(
πθ(oi,t|I, oi,<t)

πθold(oi,t|I, oi,<t)
, 1− ϵ, 1 + ϵ

)
AU

i,t

]
− β DKL(πθ∥πref)

}
,

192

where G is the number of responses per I, oi is 193

the i-th response, πθold is the old policy, πθ is 194

the current policy, AU
i,t is the UI advantage of the 195

i-th response at position t, ϵ is the clipping range, 196

and DKL (πθ||πref ) denotes the KL divergence 197

penalty. 198

4 UI-in-the-Loop Framework 199

As shown in Fig. 3, our GUI reasoning paradigm, 200

UI-in-the-Loop (UILoop), consists of two main 201

stages. In the first stage, we design a Scaling Data 202

for UI Comprehension synthesis pipeline to con- 203

struct the UI Comprehension-Bench, serving to 204

enhance the model’s ability to understand and uti- 205

lize UI elements. In the second stage, with this 206

benchmark, we propose UI Element-Driven Rein- 207

forcement Fine-Tuning to address the “Missing in 208

the Screen-to-Action" limitation of existing mod- 209

els and strengthen the model’s UI comprehension 210

capabilities. 211

4.1 Scaling Data for UI Comprehension 212

Data Collection. Existing GUI Reasoning 213

datasets serve the “Screen-to-Action" paradigm. 214

Therefore, they lack fine-grained information 215

regarding the location, semantic functionality, and 216

practical usage of key UI elements on the screen. 217

Consequently, we conduct a comprehensive 218

augmentation of UI element information for 219

existing GUI reasoning datasets. 220

Specifically, we collect training and testing data 221

from Android Control (Li et al., 2024), OmniAct 222

(Kapoor et al., 2024), GUI-Act (Chen et al., 2025), 223

ScreenSpot (Cheng et al., 2024), ScreenSpot-Pro 224
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Stage 1: Scaling Data for UI Comprehension

Stage 2: UI Element-Driven Reinforcement Fine-Tuning

Our UI-in-the-Loop (UILoop) Framework

Webpages Mobile OS Datasets

screen
<instruction>

screen

<instruction> Increase the number of adults from 1 to 2 </instruction> <ui> 
(232, 201), the "adult" selection button indicating the number of adults. 
</ui> <think> Key UI elements (225, 204) relevant to modifying the num
ber of adults, specifically the "adult" label and the button to increase t
he number. </think> <answer> click (225, 204) </answer><think> <answer>

UI Elements Candidate Set
Source Data

UILoop-Bench-26K

ℳ"#$

UI Elements Locate, Lingualize, Leverage

Policy Model

Reference 
Model

UI Element 
Reward

Location
Reward

Lingualization
Reward

Leverage
Reward

𝓘𝓢

𝑜%

𝑜&

𝑜'

𝑟%

𝑟&

𝑟'

𝐴%

𝐴&

𝐴'

Group Com
putation

... ... 

... 

Policy Loss
KL Loss

Set-of-Marks Model ℳ!"#$

UILoop-Bench-26K Train Set

𝜋(

𝜋)#*

𝒰

𝒰∗

Figure 3: Overview of our UI-in-the-Loop (UILoop) framework.

(Li et al., 2025), and OS-Atlas (Wu et al., 2024)225

as source data, whose original data format is pre-226

sented as (I,S, a). Based on this, we apply the227

set-of-marks model Mmark to S (e.g., OmniParser228

V2 (Yu et al., 2025)) to mark the locations of all229

identifiable UI elements as follows:230

Mmark (S) → U loc231

We employ GPT-4o as the selection model Msel232

to filter out key UI elements that are beneficial233

for completing user instruction I, and supplement234

the semantic functionality of these UI elements235

(as shown in Fig. 2, included in <ui> along with236

location information) and practical usage (in the237

<think> and <answer> parts) described as follows:238

Msel
(
I,S,U loc, a

)
→ U∗ ,239

where U∗ represents the key UI elements. In240

addition, we perform fine-grained augmentation241

of UI element information for the dataset based242

on three different sources: Webpages, Mobile,243

and Operating System, following the same pro-244

cedure as described above. Construction details245

are provided in the Appendix A. Finally, we aug-246

ment the fine-grained UI information and con-247

struct UI Comprehension-Bench, with data format:248

(I,S,U∗, a). Details are in Appendix B.249

More than Action Prediction: UI Comprehen- 250

sion. Existing GUI reasoning methods focus 251

solely on “Screen-to-Action" prediction, leaving 252

the reasoning process a black box. Even when mod- 253

els output reasoning traces, they lack explicit mod- 254

eling and evaluation of intermediate steps. Current 255

evaluations measure only final action accuracy, ne- 256

glecting UI element understanding and utilization, 257

thus lacking interpretability. To address this, we 258

propose a novel task: UI Comprehension, which 259

provides interpretable intermediate representations 260

based on UI elements, establishing a transparent 261

“Screen-UI Element-Action" reasoning paradigm. 262

We design three evaluation metrics: Locate, Lin- 263

gualize, and Leverage, assessing UI element local- 264

ization, semantic function understanding, and uti- 265

lization accuracy, respectively. The calculation of 266

metrics is detailed in Sec. 4.2. We define the final 267

score as: Overall = Locate ∗ Lingualize ∗ Leverage. 268

Furthermore, we contribute UI Comprehension- 269

Bench 26K for this task. 270

Statistics of UI Comprehension-Bench. Tab. 1 271

compares our large-scale 26K UI Comprehension- 272

Bench with existing GUI reasoning datasets. We 273

are the first to provide Ground Truth (GT) UI ele- 274

ments (i.e., key UI elements) for screens and offer 275
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Figure 4: Statistics of Our UI Comprehension-Bench. Left: Proportion and distribution of GT UI elements; token
length of their semantic descriptions. Right: Proportion of GT UI elements effectively used in action inference.

a fully interpretable “Screen-UI Elements-Action"276

reasoning chain: locating GT UI elements, describ-277

ing their semantic functions and practical usage,278

and finally deriving the action.279

Fig. 4 presents detailed statistics. The bench-280

mark contains 1,576,068 UI elements, with only281

57,332 GT UI elements (<4%), demonstrating iden-282

tification difficulty. Fig. 4 Left visualizes the dis-283

tribution of GT UI element proportions. When284

only 1 GT UI element exists, it comprises merely285

3.1% of total elements, requiring models to identify286

it among numerous irrelevant layouts. Such sam-287

ples constitute 26.5% of UI Comprehension-Bench,288

highlighting the difficulty. To verify our UI element289

effectiveness, we visualize text coverage rates of290

GT UI elements during reasoning, grouped by ac-291

tion type. Fig. 4 Right show coverage rates exceed-292

ing 90% for most action types, with only minimal293

actions below 80% (e.g., long_press with 14 sam-294

ples). This demonstrates that UI Comprehension-295

Bench provides high-quality UI elements with log-296

ical coherence and interpretability.297

4.2 UI Element-Driven Reinforcement298

Fine-Tuning299

To address the “Missing in the Screen-to-Action"300

limitation, we leverage reinforcement learning’s301

strength in handling complex sequential decisions302

and propose UI Element-Driven Reinforcement303

Fine-Tuning to enhance the model’s UI Compre-304

hension capability. Specifically, we design Loca-305

tion, Lingualization, and Leverage Rewards to re-306

spectively strengthen the model’s ability to locate307

UI elements, understand their semantic functions,308

and utilize them effectively. Firstly, we employ309

Format Reward to encourage the model to output310

in the expected format.311

Format Reward. We require the model to output 312

in the following format. 313

Format
<ui> Located at [x, y], describe the UI element’s seman-
tics and function. </ui> <think> ... </think> <answer>
[{‘action’: , ‘point’: , ‘input_text’: }] </answer>

314

If the output matches the expected format, the 315

format reward is 1; otherwise, it is 0. 316

Location Reward. We use the Euclidean dis- 317

tance between the predicted UI element coordinates 318

and the ground truth UI element coordinates as the 319

location reward, defined as follows: 320

rloc =
1

|U∗|

|U∗|∑
i=1

1D(u
pred
j ) ∗ [1−√

(uloc
∗

i [x]− uloc
pred

j [x])2 + (uloc
∗

i [y]− uloc
pred

j [y])2

√
w2 + h2

],

321

where w and h denote the width and height of 322

the screen, respectively, and 1D(·) is an indicator 323

function that equals 1 when upred is the nearest 324

predicted UI element to u∗, and 0 otherwise. 325

Lingualization Reward. We calculate the se- 326

mantic similarity between the text descriptions of 327

the predicted UI elements and the ground truth UI 328

elements as follows: 329

rlin =
1

|U∗|

|U∗|∑
i=1

1D

(
upredj

)
∗ sim

(
ulin

∗

i , ulin
pred

j

)
330

Leverage Reward. We adopt different calcula- 331

tion methods for action types in UI element utiliza- 332

tion as follows. When the action type is ‘click’: 333

rlev = 1A

(
ulev

pred

j

)(
ulev

pred

j [point] == ulev
∗
[point]

)
334

When the action type is one of ‘scroll’, ‘type’, 335

‘open_app’, or ‘select’: 336

rlev = 1A

(
ulev

pred

j

)(
ulev

pred

j [text] == ulev
∗
[text]

)
337
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Datasets # Episodes # Unique
Instructions

Annotation
Screen
Desc.

Key UI Element Action
Coord

Action
Desc.

Action
ThinkLoc. Lin. Lev.

AITW 715142 30378 ✗ ✗ ✗ ✗ ✓ ✗ ✗

Android Control 15283 15283 ✓ ✗ ✗ ✗ ✓ ✓ ✗

MMBench-GUI 8123 8123 ✗ ✓ ✗ ✗ ✓ ✓ ✓

ScreenSpot-Pro 1581 1581 ✗ ✓ ✗ ✗ ✗ ✗ ✗

UI-E2I-Bench 1477 1477 ✗ ✓ ✗ ✗ ✗ ✗ ✗

UI-Vision 8227 ∼450 ✓ ✓ ✗ ✗ ✓ ✓ ✗

Ours 26207 15735 ✔ ✔ ✔ ✔ ✔ ✔ ✔

Table 1: Comparison of our UI Comprehension-Bench with existing GUI reasoning benchmarks.

For other actions, rlev = 1A

(
ulev

pred

j

)
. Here,338

1A(·) is an indicator function that equals 1 when the339

action type of ulev
pred

j matches that of ulev
∗

j , and 0340

otherwise. We specifically note that the Location,341

Lingualize, and Leverage evaluation metrics of342

UI Comprehension-Bench are consistent with343

the calculation methods of the Location, Lin-344

gualization, and Leverage Rewards described345

above. We define the overall reward as follows:346

r = rformat + α1 ∗ rloc ∗ rlin + α2 ∗ 1U
(
rloc ∗ rlin

)
∗ rlev347

1U (·) is an indicator function that equals 1 when348

rloc ∗ rlin > η, and 0 otherwise. This design en-349

sures that during training, the model prioritizes350

locating key UI elements on the screen and un-351

derstanding their semantic functions, and then352

learns to utilize these elements for accurate353

decision-making.354

Finally, we compute the advantage function us-355

ing the obtained rewards as follows:356

AU
i =

ri −mean ({r1, r2, ..., rG})
std ({r1, r2, ..., rG})

357

where mean and std denote the mean and standard358

deviation, respectively.359

5 Experiments360

5.1 Experiment Setting361

Datasets. We evaluate on the test splits of An-362

droid Control-High and ScreenSpot-Pro, which as-363

sess high-difficulty multi-step GUI reasoning and364

cross-platform grounding, respectively. For UI365

Comprehension, we use UI Comprehension-Bench366

26K, with statistics reported in Appendix B.367

Evaluation Metrics. We use action type accu-368

racyw (Type), point accuracy (Ground Rate, GR),369

and step success rate (SR). Type measures action370

accuracy, GR assesses grounding capability, and371

SR evaluates overall accuracy of actions, coordi-372

nates, and text. For ScreenSpot-Pro, we use GR.373

For UI Comprehension, we use Locate, Lingualiza- 374

tion, and Leverage to assess UI element grounding, 375

semantic understanding, and utilization accuracy. 376

Baselines. We compare: (1) Zero-shot general 377

MLLMs performing GUI reasoning without train- 378

ing; (2) Screen-to-Action models—trained on GUI 379

datasets to directly output actions from screens. 380

Implementation Details. We use Qwen2.5-VL- 381

3B and 7B as base models, trained on UI 382

Comprehension-Bench’s training set (Details in 383

Appendix B). We perform RFT using Verl (Sheng 384

et al., 2024) until reward convergence (3∼6 epochs) 385

with 5 rollouts. Prompts are detailed in the Ap- 386

pendix C. All experiments run on 8 A100 80G 387

GPUs. α1 and α2 are set to 4, 5 separately. The UI 388

indicator threshold η is 0.5. 389

5.2 Main Result 390

As shown in Tab. 2, zero-shot MLLMs generally 391

underperform training-based MLLMs due to lack 392

of GUI training. Our method surpasses “Screen-to- 393

Action" models on both datasets. On ScreenSpot- 394

Pro, our 3B and 7B models outperform similarly- 395

sized Qwen2.5-VL and GUI-R1 by 13.3%, 2% and 396

13.3%, 3.2% in overall scores, respectively. On 397

Android Control-High, our 7B model exceeds GUI 398

expert models OS-Atlas-7B, OS-Atlas-Pro-7B, and 399

GUI-OWL-7B by 46.5%, 58.0%, and 38.8% in SR, 400

respectively. These results demonstrate the superi- 401

ority of the “Screen-UI Element-Action" paradigm. 402

5.3 Ablation Study 403

We conducted ablation studies to examine the im- 404

pact of different UI Rewards on reasoning perfor- 405

mance, as shown in Fig. 5. We evaluated: (1) 406

Direct SFT; (2) Direct RFT with Leverage Reward 407

only; (3) Locate + Leverage Rewards; (4) Full 408

UILoop. Results show that Leverage Reward im- 409

proves all metrics by teaching models to analyze 410

and utilize UI elements. Adding Locate Reward 411

increases GR by 7.9% and 8.6% for 3B and 7B 412
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Methods
ScreenSpot-Pro AndroidControl-High

Dev Creative CAD Sci. Office OS Overall
Type SR GR

Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon Avg.
Zero-Shot Models

Claude-CU 22.0 3.9 25.9 3.4 14.5 3.7 33.9 15.8 30.1 16.3 11.0 4.5 23.4 7.1 17.1 63.7 12.5 -
GPT-4o 1.3 0.0 1.0 0.0 2.0 0.0 2.1 0.0 1.1 0.0 0.0 0.0 1.3 0.0 0.8 63.1 21.2 30.9
Qwen2.5-VL-3B 16.2 1.4 23.3 1.4 10.2 4.7 38.2 6.4 24.3 3.8 15.0 1.1 21.2 3.1 12.2 47.8 38.9 46.5
Qwen2.5-VL-7B 33.1 2.1 23.7 3.5 12.2 6.3 36.8 7.3 37.8 7.5 30.8 6.9 29.1 5.6 17.4 68.7 47.1 59.7

Screen-to-Action Training Models
SeeClick 0.6 0.0 1.0 0.0 2.5 0.0 3.5 0.0 1.1 0.0 2.8 0.0 1.8 0.0 1.1 82.9 59.1 62.9
GUI-Owl-7B 37.0 5.5 32.8 1.4 23.9 4.7 37.5 10.0 33.9 11.3 18.7 3.4 31.0 5.5 21.3 72.9 37.5 53.7
OS-Atlas-Pro-7B 1.4 0.0 1.1 0.0 2.7 0.0 1.5 0.0 1.8 2.0 0.0 0.0 1.4 0.3 0.9 69.7 18.3 16.8
OS-Atlas-4B 7.1 0.0 3.0 1.4 2.0 0.0 9.0 5.5 5.1 3.8 5.6 0.0 5.0 1.7 3.7 49.0 22.8 49.5
OS-Atlas-7B 33.1 1.4 28.8 2.8 12.2 4.7 37.5 7.3 33.9 5.7 27.1 4.5 28.1 4.0 18.9 57.4 29.8 54.9
Qwen2.5-VL-3B∗ 20.3 1.8 24.6 2.8 11.2 4.7 39.5 6.4 28.6 5.7 17.8 2.2 23.8 3.9 13.9 52.1 41.2 49.5
Qwen2.5-VL-7B∗ 31.4 1.8 27.3 3.5 15.7 5.1 40.7 7.9 39.7 8.9 32.4 6.9 31.2 5.7 18.5 69.2 48.1 58.7
ShowUI-2B 16.9 1.4 9.1 0.0 2.5 0.0 13.2 7.3 15.3 7.5 10.3 2.2 10.8 2.6 7.7 - - -
Aria-UI 16.2 0.0 23.7 2.1 7.6 1.6 27.1 6.4 20.3 1.9 4.7 0.0 17.1 2.0 11.3 - 10.2 43.2
UI-R1-3B 22.7 4.1 27.3 3.5 11.2 6.3 43.4 11.8 32.2 11.3 13.1 4.5 25.0 6.9 17.8 57.9 45.4 55.7
UGround-7B 26.6 2.1 27.3 2.8 14.2 1.6 31.9 2.7 31.6 11.3 17.8 0.0 25.0 2.8 16.5 - - -
GUI-R1-3B 33.8 4.8 40.9 5.6 26.4 7.8 61.8 17.3 53.6 17.0 28.1 5.6 40.7 9.7 25.2 58.0 46.6 56.2
GUI-R1-7B 49.4 4.8 38.9 8.4 23.9 6.3 55.6 11.8 58.7 26.4 42.1 16.9 44.8 12.4 28.6 71.6 51.7 65.6

UILoop Training Models
UILoop-3B 46.1 4.8 45.6 7.8 32.5 8.5 48.2 15.0 49.3 10.8 26.4 7.7 41.3 9.1 27.2 85.3 70.5 68.9
UILoop-7B 52.6 9.7 47.4 9.1 38.3 12.5 49.6 15.2 51.1 12.7 34.8 8.1 45.5 11.2 31.8 88.9 76.3 81.8

Table 2: Performance comparison of UILoop with zero-shot and “Screen-to-Action" paradigm models on ScreenSpot-
Pro and AndroidControl-High. ∗ denotes SFT models trained on (Luo et al., 2025). Underline and bold indicate the
best results among 3B and 7B models, respectively.

Figure 5: Ablation Study on Android Control-High and UI Comprehension-Bench. We demonstrate the individual
contributions of the Locate, Lingualize, Leverage Rewards on reasoning performance and UI comprehension.

models, enhancing key UI element localization and413

action positioning accuracy. Further adding Lin-414

gualize Reward improves SR by 11.1% and 13.7%,415

strengthening semantic understanding of key UI416

elements and action text accuracy. These results417

validate that each reward effectively enhances rea-418

soning by improving UI element mastery.419

5.4 Impact of UI Elements420

As shown in Tab. 3, we examined three UI inter-421

vention approaches: (1) key UI element info., (2)422

false UI element info., and (3) UILoop Training.423

Results show false UI info. impairs GUI reason-424

ing, while key UI info. as context significantly425

improves accuracy, demonstrating that enhancing426

key UI mastery benefits GUI reasoning. Moreover,427

UILoop Training surpasses merely providing key 428

UI info., achieving improvements of 31.6% and 429

22.8% on Qwen2.5-VL-3B and 7B (versus 16.0% 430

and 18.7%), and 17.8% and 29.0% on GUI-Owl-7B 431

and OS-Atlas-Pro-7B (versus 12.8% and 20.7%) 432

for context alone, demonstrating its superiority in 433

enhancing intrinsic UI comprehension and reason- 434

ing performance. 435

5.5 Experiment of UI Comprehension-Bench 436

We evaluated existing models on our UI 437

Comprehension-Bench, as shown in Tab. 4. Re- 438

sults reveal that current “Screen-to-Action" mod- 439

els perform poorly across Locate, Lingualize, and 440

Leverage tasks, all scoring below 10%. In contrast, 441

UILoop achieves a SOTA score of 26.1 on the 7B 442
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Methods
Android Control-High Impact
Type SR GR Avg. Ratio

GPT-4o-mini(Zero-shot)
base 68.1 20.9 6.9 -
w/ UI info. 69.9 51.4 62.9 +29.4
w/ false UI info. 67.2 18.4 5.8 -1.5

Qwen2.5-VL-3B-Instruct(Zero-shot)
base 58.2 32.7 39.0 -
w/ UI info. 73.8 48.3 55.8 +16.0
w/ false UI info. 55.9 32.1 37.6 -1.4
w/ UILoop 85.3 70.5 68.9 +31.6

Qwen2.5-VL-7B-Instruct(Zero-shot)
base 68.3 53.6 56.7 -
w/ UI info. 86.0 72.3 76.5 +18.7
w/ false UI info. 66.4 49.6 53.5 -3.0
w/ UILoop 88.9 76.3 81.8 +22.8

GUI-Owl-7B(GUI Expert)
base 72.9 37.5 53.7 -
w/ UI info. 82.6 53.8 66.1 +12.8
w/ false UI info. 71.2 35.8 48.4 -2.9
w/ UILoop 84.9 64.7 68.0 +17.8

OS-Atlas-Pro-7B(GUI Expert)
base 69.7 18.3 16.8 -
w/ UI info. 73.3 45.1 48.5 +20.7
w/ false UI info. 54.6 16.7 15.0 -6.2
w/ UILoop 80.3 57.6 53.9 +29.0

Table 3: Impact of different UI element intervention
methods on GUI reasoning performance.

Open the Pizza Max app and add a 10 inch medium pizza to 
your cart with a thin and crispy crust.

Located at [526, 1426], ele
ment shows "Medium 10" Pi
zza" option, matching size 
requirement.

Located at [514, 1703], "
ADD" button adds select
ed pizza to cart.

Located at [523, 865], ele
ment shows ”P.Pan 7" Pizz
a" option

Located at [525, 2106], ele
ment shows ”Large 13" Piz
za" optionLocated at [215, 2106], the 

element displays an image 
of "Large 13" Pizza.

Located at [215, 1077], the 
element displays an image 
of ”P.Pan 7" Pizza.

Located at [244, 372], the 
element displays a homepa
ge recommendation image 
of "P.Pan 7" Pizza.

click: (514, 1703)

click: (244, 372)

<think> Identify 10-inch me
dium pizza with thin crust, 
locate "Medium 10" Pizza" 
option, and click "ADD" at 
[514, 1703] <think>

Figure 6: Comparative Case Study between UILoop and
“Screen-to-Action".

model, and boosts the overall scores of GUI-Owl-443

7B and OS-Atlas-Pro-7B by 18.4 and 9.0 (under-444

line parts), demonstrating its superiority in enhanc-445

ing UI comprehension. Our UI Comprehension-446

Bench will advance GUI agents from “Screen-447

to-Action" toward the more superior “Screen-UI448

Element-Action" paradigm, providing the first ro-449

Methods
UI Comprehension-Bench

Loc. Lin. Lev. Overall
Zero-shot Models

GPT-4o 22.5 30.7 11.8 0.8
Qwen2.5-VL-3B-Instruct 48.7 9.5 36.6 1.7
Qwen2.5-VL-7B-Instruct 46.8 27.5 29.1 3.7

Screen-to-Action Training Models
GUI-Owl-7B 61.9 21.1 41.0 5.4

w/ UILoop 87.4 51.1 53.4 23.8
OS-Atlas-Pro-7B 49.6 48.2 18.9 4.5

w/ UILoop 71.4 54.2 34.9 13.5
UI-R1-3B 47.1 39.7 33.7 6.3
GUI-R1-3B 47.4 37.9 35.9 6.4
GUI-R1-7B 62.6 47.6 35.3 10.5

UILoop Training Models
UILoop-3B 80.3 44.7 50.2 18.0
UILoop-7B 86.4 49.3 61.3 26.1

Table 4: Overall performance of different paradigm
methods on UI element Locate, Lingualize, and Lever-
age capabilities in our UI Comprehension-Bench.

bust benchmark for UI comprehension capabilities. 450

5.6 Case Study 451

We conducted a case study as shown in Fig. 6. For 452

the instruction “Open the Pizza Max app and add 453

a 10 inch medium pizza to your cart with a crust," 454

key UI elements (Green) and misleading ones 455

(Red) have minimal visual differences. “Screen- 456

to-Action" methods incorrectly click “P. PAN 7", 457

while UILoop correctly identifies “Medium 10" 458

by analyzing UI element semantics and the “ADD" 459

button’s function. UILoop also explicitly shows the 460

reasoning process from Screen to key UI elements 461

to Action, demonstrating superior interpretability. 462

6 Conclusion 463

In this paper, we highlight that comprehensive UI 464

understanding significantly enhances GUI agent 465

reasoning. We propose UI-in-the-Loop (UILoop), 466

an innovative paradigm that reframes GUI reason- 467

ing from conventional “Screen-to-Action" to a 468

cyclic “Screen–UI Elements–Action" loop. We 469

design UI Element-Driven Reinforcement Fine- 470

Tuning to improve interface element comprehen- 471

sion, advancing multimodal GUI reasoning and 472

interpretability. To facilitate this research, we intro- 473

duce the UI Comprehension task with three evalua- 474

tion metrics (UI Locate, Lingualize, and Leverage) 475

and contribute UI Comprehension-Bench, a 26K 476

benchmark for comprehensive UI assessment. Ex- 477

tensive experiments show UILoop achieves state- 478

of-the-art performance in UI comprehension and 479

delivers superior results in GUI reasoning tasks. 480
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Limitations481

The primary limitations of our method encompass482

the following two aspects:483

(1) UILoop primarily enhances the model’s mas-484

tery of fine-grained UI elements but lacks consider-485

ation of UI layouts at different granularities within486

the screen, such as coarse-grained UI layouts com-487

posed of multiple fine-grained UI elements. In488

future work, we will further investigate the impact489

of UI elements at varying granularities on GUI490

reasoning capabilities.491

(2) Current experiments predominantly focus on492

Qwen2.5-VL. In future work, we will explore the493

performance of UILoop across a broader range of494

MLLMs.495

Ethics Statement496

In this paper, we introduce UI Comprehension-497

Bench, which is derived from existing GUI reason-498

ing datasets Android Control, OmniAct, GUI-Act,499

ScreenSpot, ScreenSpot-Pro, and OS-Atlas, com-500

bined with externally collected webpages, mobile501

apps, and OS data. Furthermore, we conducted502

manual verification and excluded low-quality or503

non-compliant data, ensuring that our synthesized504

data does not violate any ethics. All UI screenshots505

were carefully reviewed to exclude or anonymize506

any personal or sensitive information. To promote507

transparency and reproducibility, we commit to re-508

leasing all code, models, and datasets upon publica-509

tion of this paper, enabling the research community510

to verify our findings and build upon our work.511

References512

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wen-513
bin Ge, Sibo Song, Kai Dang, Peng Wang, Shijie514
Wang, Jun Tang, and 1 others. 2025. Qwen2. 5-vl515
technical report. arXiv preprint arXiv:2502.13923.516

Andrea Burns, Deniz Arsan, Sanjna Agrawal, Ranjitha517
Kumar, Kate Saenko, and Bryan A. Plummer. 2022.518
A dataset for interactive vision-language navigation519
with unknown command feasibility. In Computer520
Vision – ECCV 2022: 17th European Conference, Tel521
Aviv, Israel, October 23–27, 2022, Proceedings, Part522
VIII, page 312–328, Berlin, Heidelberg. Springer-523
Verlag.524

Wentong Chen, Junbo Cui, Jinyi Hu, Yujia Qin, Junjie525
Fang, Yue Zhao, Chongyi Wang, Jun Liu, Guirong526
Chen, Yupeng Huo, Yuan Yao, Yankai Lin, Zhiyuan527
Liu, and Maosong Sun. 2025. GUICourse: From528
general vision language model to versatile GUI agent.529
In Proceedings of the 63rd Annual Meeting of the530

Association for Computational Linguistics (Volume 1: 531
Long Papers), pages 21936–21959, Vienna, Austria. 532
Association for Computational Linguistics. 533

Kanzhi Cheng, Qiushi Sun, Yougang Chu, Fangzhi Xu, 534
Yantao Li, Jianbing Zhang, and Zhiyong Wu. 2024. 535
Seeclick: Harnessing gui grounding for advanced vi- 536
sual gui agents. In Annual Meeting of the Association 537
for Computational Linguistics. 538

De Chezelles, Thibault Le Sellier, Sahar Omidi 539
Shayegan, Lawrence Keunho Jang, Xing Han Lù, 540
Ori Yoran, Dehan Kong, Frank F Xu, Siva Reddy, 541
Quentin Cappart, and 1 others. 2024. The browser- 542
gym ecosystem for web agent research. arXiv 543
preprint arXiv:2412.05467. 544

Boyu Gou, Ruohan Wang, Boyuan Zheng, Yanan Xie, 545
Cheng Chang, Yiheng Shu, Huan Sun, and Yu Su. 546
2025. Navigating the digital world as humans do: 547
Universal visual grounding for GUI agents. In The 548
Thirteenth International Conference on Learning 549
Representations. 550

Sagar Gubbi Venkatesh, Partha Talukdar, and Srini 551
Narayanan. 2024. UGIF-DataSet: A new dataset 552
for cross-lingual, cross-modal sequential actions on 553
the UI. In Findings of the Association for Computa- 554
tional Linguistics: NAACL 2024, pages 1390–1399, 555
Mexico City, Mexico. Association for Computational 556
Linguistics. 557

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao 558
Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shi- 559
rong Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025. 560
Deepseek-r1: Incentivizing reasoning capability in 561
llms via reinforcement learning. arXiv preprint 562
arXiv:2501.12948. 563

Xueyu Hu, Tao Xiong, Biao Yi, Zishu Wei, Ruix- 564
uan Xiao, Yurun Chen, Jiasheng Ye, Meiling Tao, 565
Xiangxin Zhou, Ziyu Zhao, and 1 others. 2025. 566
Os agents: A survey on mllm-based agents for 567
general computing devices use. arXiv preprint 568
arXiv:2508.04482. 569

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam 570
Perelman, Aditya Ramesh, Aidan Clark, AJ Ostrow, 571
Akila Welihinda, Alan Hayes, Alec Radford, and 1 572
others. 2024. Gpt-4o system card. arXiv preprint 573
arXiv:2410.21276. 574

Raghav Kapoor, Yash Parag Butala, Melisa Russak, 575
Jing Yu Koh, Kiran Kamble, Waseem AlShikh, and 576
Ruslan Salakhutdinov. 2024. Omniact: A dataset and 577
benchmark for enabling multimodal generalist au- 578
tonomous agents for desktop and web. In Computer 579
Vision – ECCV 2024: 18th European Conference, Mi- 580
lan, Italy, September 29–October 4, 2024, Proceed- 581
ings, Part LXVIII, page 161–178, Berlin, Heidelberg. 582
Springer-Verlag. 583

Kaixin Li, Ziyang Meng, Hongzhan Lin, Ziyang Luo, 584
Yuchen Tian, Jing Ma, Zhiyong Huang, and Tat-Seng 585

9

https://doi.org/10.1007/978-3-031-20074-8_18
https://doi.org/10.1007/978-3-031-20074-8_18
https://doi.org/10.1007/978-3-031-20074-8_18
https://doi.org/10.18653/v1/2025.acl-long.1065
https://doi.org/10.18653/v1/2025.acl-long.1065
https://doi.org/10.18653/v1/2025.acl-long.1065
https://api.semanticscholar.org/CorpusID:267069082
https://api.semanticscholar.org/CorpusID:267069082
https://api.semanticscholar.org/CorpusID:267069082
https://openreview.net/forum?id=kxnoqaisCT
https://openreview.net/forum?id=kxnoqaisCT
https://openreview.net/forum?id=kxnoqaisCT
https://doi.org/10.18653/v1/2024.findings-naacl.89
https://doi.org/10.18653/v1/2024.findings-naacl.89
https://doi.org/10.18653/v1/2024.findings-naacl.89
https://doi.org/10.18653/v1/2024.findings-naacl.89
https://doi.org/10.18653/v1/2024.findings-naacl.89
https://doi.org/10.1007/978-3-031-73113-6_10
https://doi.org/10.1007/978-3-031-73113-6_10
https://doi.org/10.1007/978-3-031-73113-6_10
https://doi.org/10.1007/978-3-031-73113-6_10
https://doi.org/10.1007/978-3-031-73113-6_10


Chua. 2025. Screenspot-pro: Gui grounding for pro-586
fessional high-resolution computer use. In Proceed-587
ings of the 33rd ACM International Conference on588
Multimedia, pages 8778–8786.589

Wei Li, Will Bishop, Alice Li, Christopher Rawles,590
Folawiyo Campbell-Ajala, Divya Tyamagundlu, and591
Oriana Riva. 2024. On the effects of data scale on592
ui control agents. Advances in Neural Information593
Processing Systems 37.594

Yang Li, Jiacong He, Xin Zhou, Yuan Zhang, and Jason595
Baldridge. 2020. Mapping natural language instruc-596
tions to mobile ui action sequences. arXiv preprint597
arXiv:2005.03776.598

Kevin Qinghong Lin, Linjie Li, Difei Gao, Zhengyuan599
Yang, Shiwei Wu, Zechen Bai, Stan Weixian Lei,600
Lijuan Wang, and Mike Zheng Shou. 2025. ShowUI:601
One Vision-Language-Action Model for GUI Visual602
Agent . In 2025 IEEE/CVF Conference on Computer603
Vision and Pattern Recognition (CVPR), pages 19498–604
19508, Los Alamitos, CA, USA. IEEE Computer605
Society.606

Xinyi Liu, Xiaoyi Zhang, Ziyun Zhang, and Yan Lu.607
2025a. Ui-e2i-synth: Advancing gui grounding608
with large-scale instruction synthesis. arXiv preprint609
arXiv:2504.11257.610

Yuhang Liu, Pengxiang Li, Congkai Xie, Xavier Hu, Xi-611
aotian Han, Shengyu Zhang, Hongxia Yang, and Fei612
Wu. 2025b. Infigui-r1: Advancing multimodal gui613
agents from reactive actors to deliberative reasoners.614
arXiv preprint arXiv:2504.14239.615

Yuhang Liu, Zeyu Liu, Shuanghe Zhu, Pengxiang Li,616
Congkai Xie, Jiasheng Wang, Xueyu Hu, Xiaotian617
Han, Jianbo Yuan, Xinyao Wang, and 1 others. 2025c.618
Infigui-g1: Advancing gui grounding with adap-619
tive exploration policy optimization. arXiv preprint620
arXiv:2508.05731.621

Zhengxi Lu, Yuxiang Chai, Yaxuan Guo, Xi Yin, Liang622
Liu, Hao Wang, Guanjing Xiong, and Hongsheng623
Li. 2025. Ui-r1: Enhancing action prediction of gui624
agents by reinforcement learning. arXiv preprint625
arXiv:2503.21620.626

Run Luo, Lu Wang, Wanwei He, Longze Chen, Jiaming627
Li, and Xiaobo Xia. 2025. Gui-r1: A generalist r1-628
style vision-language action model for gui agents.629
arXiv preprint arXiv:2504.10458.630

Xinbei Ma, Zhuosheng Zhang, and Hai Zhao. 2024.631
Coco-agent: A comprehensive cognitive mllm agent632
for smartphone gui automation. In Annual Meeting633
of the Association for Computational Linguistics.634

Shravan Nayak, Xiangru Jian, Kevin Qinghong Lin,635
Juan A Rodriguez, Montek Kalsi, Rabiul Awal, Nico-636
las Chapados, M Tamer Özsu, Aishwarya Agrawal,637
David Vazquez, and 1 others. 2025. Ui-vision: A638
desktop-centric gui benchmark for visual perception639
and interaction. arXiv preprint arXiv:2503.15661.640

Dang Nguyen, Jian Chen, Yu Wang, Gang Wu, Namy- 641
ong Park, Zhengmian Hu, Hanjia Lyu, Junda Wu, 642
Ryan Aponte, Yu Xia, Xintong Li, Jing Shi, Hongjie 643
Chen, Viet Dac Lai, Zhouhang Xie, Sungchul Kim, 644
Ruiyi Zhang, Tong Yu, Mehrab Tanjim, and 11 others. 645
2025. GUI agents: A survey. In Findings of the As- 646
sociation for Computational Linguistics: ACL 2025, 647
pages 22522–22538, Vienna, Austria. Association 648
for Computational Linguistics. 649

Vardaan Pahuja, Yadong Lu, Corby Rosset, Boyu Gou, 650
Arindam Mitra, Spencer Whitehead, Yu Su, and 651
Ahmed Hassan. 2025. Explorer: Scaling exploration- 652
driven web trajectory synthesis for multimodal web 653
agents. In Findings of the Association for Computa- 654
tional Linguistics: ACL 2025, pages 6300–6323. 655

Zehan Qi, Xiao Liu, Iat Long Iong, Hanyu Lai, Xue- 656
qiao Sun, Wenyi Zhao, Yu Yang, Xinyue Yang, Ji- 657
adai Sun, Shuntian Yao, and 1 others. 2024. We- 658
brl: Training llm web agents via self-evolving online 659
curriculum reinforcement learning. arXiv preprint 660
arXiv:2411.02337. 661

Yujia Qin, Yining Ye, Junjie Fang, Haoming Wang, 662
Shihao Liang, Shizuo Tian, Junda Zhang, Jiahao Li, 663
Yunxin Li, Shijue Huang, and 1 others. 2025. Ui- 664
tars: Pioneering automated gui interaction with native 665
agents. arXiv preprint arXiv:2501.12326. 666

Christopher Rawles, Alice Li, Daniel Rodriguez, Ori- 667
ana Riva, and Timothy Lillicrap. 2023. An- 668
droidinthewild: A large-scale dataset for android 669
device control. Advances in Neural Information Pro- 670
cessing Systems, 36:59708–59728. 671

Zhihong Shao, Peiyi Wang, Qihao Zhu, Runxin Xu, 672
Junxiao Song, Xiao Bi, Haowei Zhang, Mingchuan 673
Zhang, YK Li, Yang Wu, and 1 others. 2024. 674
Deepseekmath: Pushing the limits of mathematical 675
reasoning in open language models. arXiv preprint 676
arXiv:2402.03300. 677

Guangming Sheng, Chi Zhang, Zilingfeng Ye, Xibin 678
Wu, Wang Zhang, Ru Zhang, Yanghua Peng, Haibin 679
Lin, and Chuan Wu. 2024. Hybridflow: A flexible 680
and efficient rlhf framework. arXiv preprint arXiv: 681
2409.19256. 682

Liangtai Sun, Xingyu Chen, Lu Chen, Tianle Dai, 683
Zichen Zhu, and Kai Yu. 2022. Meta-gui: Towards 684
multi-modal conversational agents on mobile gui. In 685
Conference on Empirical Methods in Natural Lan- 686
guage Processing. 687

Qiushi Sun, Kanzhi Cheng, Zichen Ding, Chuanyang 688
Jin, Yian Wang, Fangzhi Xu, Zhenyu Wu, Chengyou 689
Jia, Liheng Chen, Zhoumianze Liu, Ben Kao, Guo- 690
hao Li, Junxian He, Yu Qiao, and Zhiyong Wu. 2025. 691
OS-genesis: Automating GUI agent trajectory con- 692
struction via reverse task synthesis. In Proceedings 693
of the 63rd Annual Meeting of the Association for 694
Computational Linguistics (Volume 1: Long Papers), 695
pages 5555–5579, Vienna, Austria. Association for 696
Computational Linguistics. 697

10

https://api.semanticscholar.org/CorpusID:270285816
https://api.semanticscholar.org/CorpusID:270285816
https://api.semanticscholar.org/CorpusID:270285816
https://doi.org/10.1109/CVPR52734.2025.01816
https://doi.org/10.1109/CVPR52734.2025.01816
https://doi.org/10.1109/CVPR52734.2025.01816
https://doi.org/10.1109/CVPR52734.2025.01816
https://doi.org/10.1109/CVPR52734.2025.01816
https://api.semanticscholar.org/CorpusID:267751306
https://api.semanticscholar.org/CorpusID:267751306
https://api.semanticscholar.org/CorpusID:267751306
https://doi.org/10.18653/v1/2025.findings-acl.1158
https://api.semanticscholar.org/CorpusID:248986378
https://api.semanticscholar.org/CorpusID:248986378
https://api.semanticscholar.org/CorpusID:248986378
https://doi.org/10.18653/v1/2025.acl-long.277
https://doi.org/10.18653/v1/2025.acl-long.277
https://doi.org/10.18653/v1/2025.acl-long.277


Lei Wang, Chengbang Ma, Xueyang Feng, Zeyu Zhang,698
Hao ran Yang, Jingsen Zhang, Zhi-Yang Chen, Ji-699
akai Tang, Xu Chen, Yankai Lin, Wayne Xin Zhao,700
Zhewei Wei, and Ji rong Wen. 2023. A survey701
on large language model based autonomous agents.702
Frontiers of Computer Science, 18.703

Shuai Wang, Weiwen Liu, Jingxuan Chen, Yuqi Zhou,704
Weinan Gan, Xingshan Zeng, Yuhan Che, Shuai Yu,705
Xinlong Hao, Kun Shao, and 1 others. 2024. Gui706
agents with foundation models: A comprehensive707
survey. arXiv preprint arXiv:2411.04890.708

Xuehui Wang, Zhenyu Wu, JingJing Xie, Zichen Ding,709
Bowen Yang, Zehao Li, Zhaoyang Liu, Qingyun710
Li, Xuan Dong, Zhe Chen, and 1 others. 2025a.711
Mmbench-gui: Hierarchical multi-platform evalu-712
ation framework for gui agents. arXiv preprint713
arXiv:2507.19478.714

Yiqin Wang, Haoji Zhang, Jingqi Tian, and Yansong715
Tang. 2025b. Ponder & press: Advancing visual GUI716
agent towards general computer control. In Find-717
ings of the Association for Computational Linguis-718
tics: ACL 2025, pages 1461–1473, Vienna, Austria.719
Association for Computational Linguistics.720

Hao Wen, Hongming Wang, Jiaxuan Liu, and Yuanchun721
Li. 2023. Droidbot-gpt: Gpt-powered ui automation722
for android. arXiv preprint arXiv:2304.07061.723

Zhiyong Wu, Zhenyu Wu, Fangzhi Xu, Yian Wang,724
Qiushi Sun, Chengyou Jia, Kanzhi Cheng, Zichen725
Ding, Liheng Chen, Paul Pu Liang, and 1 others.726
2024. Os-atlas: A foundation action model for gener-727
alist gui agents. arXiv preprint arXiv:2410.23218.728

Bin Xie, Rui Shao, Gongwei Chen, Kaiwen Zhou,729
Yinchuan Li, Jie Liu, Min Zhang, and Liqiang Nie.730
2025. GUI-explorer: Autonomous exploration and731
mining of transition-aware knowledge for GUI agent.732
In Proceedings of the 63rd Annual Meeting of the733
Association for Computational Linguistics (Volume734
1: Long Papers), pages 5650–5667, Vienna, Austria.735
Association for Computational Linguistics.736

Yiheng Xu, Zekun Wang, Junli Wang, Dunjie Lu, Tian-737
bao Xie, Amrita Saha, Doyen Sahoo, Tao Yu, and738
Caiming Xiong. 2024. Aguvis: Unified pure vision739
agents for autonomous gui interaction. arXiv preprint740
arXiv:2412.04454.741

Yuhao Yang, Yue Wang, Dongxu Li, Ziyang Luo, Bei742
Chen, Chao Huang, and Junnan Li. 2025. Aria-UI:743
Visual grounding for GUI instructions. In Findings of744
the Association for Computational Linguistics: ACL745
2025, pages 22418–22433, Vienna, Austria. Associa-746
tion for Computational Linguistics.747

Jiabo Ye, Xi Zhang, Haiyang Xu, Haowei Liu, Jun-748
yang Wang, Zhaoqing Zhu, Ziwei Zheng, Feiyu Gao,749
Junjie Cao, Zhengxi Lu, Jitong Liao, Qi Zheng, Fei750
Huang, Jingren Zhou, and Ming Yan. 2025. Mobile-751
agent-v3: Fundamental agents for gui automation.752
Preprint, arXiv:2508.15144.753

Wenwen Yu, Zhibo Yang, Jianqiang Wan, Sibo Song, 754
Jun Tang, Wenqing Cheng, Yuliang Liu, and Xiang 755
Bai. 2025. Omniparser v2: Structured-points-of- 756
thought for unified visual text parsing and its gen- 757
erality to multimodal large language models. arXiv 758
preprint arXiv:2502.16161. 759

Chaoyun Zhang, Shilin He, Jiaxu Qian, Bowen Li, 760
Liqun Li, Si Qin, Yu Kang, Minghua Ma, Guyue 761
Liu, Qingwei Lin, and 1 others. 2024a. Large lan- 762
guage model-brained gui agents: A survey. arXiv 763
preprint arXiv:2411.18279. 764

Jiwen Zhang, Jihao Wu, Teng Yihua, Minghui Liao, 765
Nuo Xu, Xiao Xiao, Zhongyu Wei, and Duyu Tang. 766
2024b. Android in the zoo: Chain-of-action-thought 767
for GUI agents. In Findings of the Association for 768
Computational Linguistics: EMNLP 2024, pages 769
12016–12031, Miami, Florida, USA. Association for 770
Computational Linguistics. 771

11

https://api.semanticscholar.org/CorpusID:261064713
https://api.semanticscholar.org/CorpusID:261064713
https://api.semanticscholar.org/CorpusID:261064713
https://doi.org/10.18653/v1/2025.findings-acl.76
https://doi.org/10.18653/v1/2025.findings-acl.76
https://doi.org/10.18653/v1/2025.findings-acl.76
https://doi.org/10.18653/v1/2025.acl-long.282
https://doi.org/10.18653/v1/2025.acl-long.282
https://doi.org/10.18653/v1/2025.acl-long.282
https://doi.org/10.18653/v1/2025.findings-acl.1152
https://doi.org/10.18653/v1/2025.findings-acl.1152
https://doi.org/10.18653/v1/2025.findings-acl.1152
https://arxiv.org/abs/2508.15144
https://arxiv.org/abs/2508.15144
https://arxiv.org/abs/2508.15144
https://doi.org/10.18653/v1/2024.findings-emnlp.702
https://doi.org/10.18653/v1/2024.findings-emnlp.702
https://doi.org/10.18653/v1/2024.findings-emnlp.702


A Details of UI Comprehension-Bench772

Collection773

We elaborate on the data synthesis pipeline of UI774

Comprehension-Bench in this section. Our pipeline775

primarily consists of three steps: Source Data Col-776

lection, Key UI Element Identification and Parsing,777

and Human Verification.778

Source Data Collection. Our data sources779

mainly include webpages, mobile applications,780

operating systems, and existing GUI reasoning781

datasets. For webpages, we capture screens from782

real browsers using BrowserGym (Chezelles et al.,783

2024) and Playwright 1, randomly simulate ac-784

tions such as clicking, scrolling, and typing on785

the screens, and retain successfully executed ac-786

tions. For mobile and OS data, we employ Droid-787

Bot2 (Wen et al., 2023) to perform the same788

screen capture and action execution procedures on789

real Android applications and operating systems.790

We also incorporate training data from existing791

datasets—Android Control, OmniAct, GUI-Act,792

ScreenSpot, ScreenSpot-Pro, and OS-Atlas—as793

part of our source data. We normalize the format794

of all source data, with each sample containing the795

following data fields: (instruction, screen, action).796

Key UI Element Identification and Parsing.797

We process the screens obtained from the source798

data by employing a set-of-marks model, specifi-799

cally OmniParser V2, to annotate all identifiable800

UI elements on the screen. This enables us to ob-801

tain coordinate information for all candidate UI802

elements. We then utilize GPT-4o as a selection803

model to identify UI elements that are beneficial804

for completing the given instruction and to provide805

reasoning processes explaining how these UI ele-806

ments contribute to task completion. Specifically,807

we input (instruction, screen, UI element coordi-808

nate information, action) into the selection model to809

identify key UI elements and generate their seman-810

tic functions and practical usage (detailed prompts811

are provided in Appendix C). Consequently, we ex-812

pand the data format of the source data to (instruc-813

tion, screen, key UI element information, action).814

Human Verification. We conduct manual screen-815

ing of the obtained data to exclude samples816

with incorrect instructions, erroneous answers,817

or misidentified key UI elements. Through this818

1https://github.com/microsoft/playwright
2https://github.com/honeynet/droidbot

verification process, we ultimately curate UI 819

Comprehension-Bench, which comprises 26,207 820

samples, including a training set of 3,471 sam- 821

ples (selected from the training sets of An- 822

droid Control, OmniAct, GUI-Act, ScreenSpot, 823

ScreenSpot-Pro, and OS-Atlas) and a test set of 824

22,736 samples, ensuring complete data isola- 825

tion between the two sets. 826

B Demonstrations of UI 827

Comprehension-Bench 828

In this section, we compare UI 829

Comprehension-Bench with existing GUI reason- 830

ing datasets and present UI Comprehension-Bench 831

through detailed example instances. Existing 832

GUI-reasoning datasets (including PixelHelp (Li 833

et al., 2020), MoTIF (Burns et al., 2022), UGIF 834

(Gubbi Venkatesh et al., 2024), Meta-GUI (Sun 835

et al., 2022), AITW (Rawles et al., 2023), GUIAct 836

(Chen et al., 2025), OmniACT (Kapoor et al., 837

2024), Android Control (Li et al., 2024), AITZ 838

(Zhang et al., 2024b), MMBench-GUI (Wang 839

et al., 2025a), ScreenSpot (Cheng et al., 2024), 840

ScreenSpot-V2 (Cheng et al., 2024), ScreenSpot- 841

Pro (Li et al., 2025), UI-E2I-Bench (Liu et al., 842

2025a), UI-Vision (Nayak et al., 2025)) follow the 843

“Screen-to-Action" paradigm. Consequently, they 844

lack fine-grained information about the location, 845

semantic functionality, and practical usage of key 846

UI elements on the screen, as shown in Tab. 5. 847

Meanwhile, we present UI Comprehension- 848

Bench through detailed sample examples. We 849

demonstrate the data fields and values for sam- 850

ples corresponding to common actions including 851

“open_app", “type", and “click", as shown in Fig. 852

7, 8, 9. The blue parts indicate the data fields from 853

the existing “Screen-to-Action" paradigm datasets, 854

whereas our UI Comprehension-Bench addition- 855

ally incorporates Key UI Elements and Reason- 856

ing_Chains, which represent the Locate, Lingual- 857

ize, and Leverage information of UI elements, re- 858

spectively. 859

C Prompt Details 860

Since different tasks have different action spaces, 861

we specify the corresponding actions in prompts 862

for each task. 863

For GUI grounding tasks (e.g., ScreenSpot-Pro 864

dataset). 865
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Instruction Browse Leonardo Da Vinci Mona lisa's painting for me on the Artsy app.

image <Image data - type: dict>

gt_action open_app

gt_bbox [-100, -100]

gt_input_text Artsy

history None

image_size [1080, 2400]

group android

Key UI Elements

[
"Located at [369, 634], this element displays the text \"Mona Lisa, by Ambroise Dubois\" and serves as a reference to a pa
inting, but not the one by Leonardo Da Vinci.",
"Located at [239, 1051], this element displays the text \"by Leonardo da Vinci,\" indicating the artist of the original Mona 
Lisa painting.",
"Located at [134, 1207], this element displays the text \"Versions,\" which is part of the description related to the Mona L
isa painting.",
"Located at [207, 1522], this element displays the text \"Monna Lisa is on,\" which is part of the description related to th
e Mona Lisa painting.",
"Located at [518, 1155], this element displays the text \"The history of the painting can explain how rare are its,\" which 
is part of the description related to the Mona Lisa painting."
]

Reasoning_Chains

[
"Analyze the user instruction which requests browsing Leonardo Da Vinci's Mona Lisa painting on the Artsy app.",
"Locate key UI elements related to the Mona Lisa and Leonardo Da Vinci within the interface.",
"The UI elements mentioning \"Leonardo da Vinci\" and \"Monna Lisa\" are relevant as they directly relate to the user's r
equest to browse the painting by Leonardo Da Vinci.",
"Determine that the correct action type is \"open_app\" with the target area being the Artsy app, as the user wants to b
rowse within this specific application.",
"Input text \"Artsy\" is necessary to identify the app to open for browsing the Mona Lisa painting by Leonardo Da Vinci.”
]

Figure 7: Case with open_app actions in our UI Comprehension-Bench.

Instruction Browse Leonardo Da Vinci Mona lisa's painting for me on the Artsy app.

image <Image data - type: dict>

gt_action type

gt_bbox [-100, -100]

gt_input_text Leonardo

history Step 1: Open the artsy app.
Step 2: Click on the search icon at the bottom.

image_size [1080, 2400]

group android

Key UI Elements

[
"Located at [508, 263], this element is the search bar where users can type queries to find artists, artworks, galleries, etc.
",
"Located at [327, 513], this element displays the text \"Leonardo da Vinci,\" indicating a recent search or suggestion relat
ed to the user's query.",
"Located at [229, 565], this element is labeled \"Artist,\" suggesting the category or type of the search result related to 
Leonardo da Vinci."
]

Reasoning_Chains

[
"Analyze the user instruction which requires searching for Leonardo Da Vinci's Mona Lisa painting on the Artsy app.",
"Locate the search bar UI element at [508, 263] as the primary area to input the search query.",
"The search bar allows users to type queries, and the presence of \"Leonardo da Vinci\" at [327, 513] suggests it is a relev
ant search term.",
"Determine the action type as 'type' with the target area being the search bar, and input text \"Leonardo\" to initiate the 
search.",
"The search bar is the correct UI element to interact with, as it facilitates the input of search queries, aligning with the u
ser's instruction."
]

Figure 8: Case with type actions in our UI Comprehension-Bench.
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Datasets # Episodes # Unique
Instructions

Annotation
Screen
Desc.

Key UI Element Action
Coord

Action
Desc.

Action
ThinkLoc. Lin. Lev.

PixelHelp 187 187 ✗ ✗ ✗ ✗ ✓ ✗ ✗

MoTIF 4707 270 ✗ ✗ ✗ ✗ ✓ ✗ ✗

UGIF 523 420 ✗ ✗ ✗ ✗ ✓ ✗ ✗

Meta-GUI 4684 1125 ✗ ✗ ✗ ✗ ✓ ✓ ✗

AITW 715142 30378 ✗ ✗ ✗ ✗ ✓ ✗ ✗

GUIAct 5696 5696 ✗ ✗ ✗ ✗ ✓ ✓ ✗

OmniACT 9802 - ✗ ✗ ✗ ✗ ✓ ✓ ✗

Android Control 15283 15283 ✓ ✗ ✗ ✗ ✓ ✓ ✗

AITZ 2504 2504 ✓ ✗ ✗ ✗ ✓ ✓ ✓

MMBench-GUI 8123 8123 ✗ ✓ ✗ ✗ ✓ ✓ ✓

ScreenSpot 1272 1272 ✗ ✓ ✗ ✗ ✗ ✗ ✗

ScreenSpot-V2 1272 1272 ✗ ✓ ✗ ✗ ✗ ✗ ✗

ScreenSpot-Pro 1581 1581 ✗ ✓ ✗ ✗ ✗ ✗ ✗

UI-E2I-Bench 1477 1477 ✗ ✓ ✗ ✗ ✗ ✗ ✗

UI-Vision 8227 ∼450 ✓ ✓ ✗ ✗ ✓ ✓ ✗

Ours 26207 15735 ✔ ✔ ✔ ✔ ✔ ✔ ✔

Table 5: Detailed comparison of our UI Comprehension-Bench with existing GUI reasoning benchmarks.

Instruction There is an upcoming Amazon sale on November 10 where I have planned to buy a music system. Set a reminder for the 
date.

image <Image data - type: dict>

gt_action click

gt_bbox [719, 1236]

gt_input_text no input text

history

Step 1: Open the to-do list app.
Step 2: Open the to-do list app.
Step 3: Click on the plus icon at the bottom right.
Step 4: Enter the reminder, which is the Amazon Sale.
Step 5: Now tap on the due date to select the date.

image_size [1080, 2400]

group android

Key UI Elements

[
"Located at [721, 1239], this element represents the date \"10\" on the calendar, which is the target date for setting the 
reminder.",
"Located at [5, 911], this element displays \"November 2023,\" indicating the month and year context for the calendar.",
"Located at [22, 1801], this element is the \"OK\" button, which confirms the selection of the date for the reminder."
]

Reasoning_Chains

[
"Analyze the instruction requirements to identify the need to set a reminder for the Amazon sale on November 10.",
"Locate key UI elements that correspond to the date and confirmation actions, such as the date \"10\" and the \"OK\" bu
tton.",
"The UI element at [721, 1239] helps complete the task by allowing the user to select the correct date, November 10, on 
the calendar.",
"Determine the action type as \"click,\" with the target area being [719, 1236], which is slightly adjusted to ensure precis
e interaction with the date element.",
"Clicking the \”10\" button at [721, 1239] confirms the date selection, completing the reminder setup process."
]

Figure 9: Case with click actions in our UI Comprehension-Bench.

Prompt for Grounding

You are UILoop, a reasoning GUI Agent Assis-
tant. In this UI screenshot <image>, I want you
to continue executing the command ’text’, with
the action history being ’history’.
Please provide the action to perform (enumerate
from [’click’]), the point where the cursor is
moved to (integer) if a click is performed, and
any input text required to complete the action.

866

Output the location, semantics, and function of
UI element(s) that you think are beneficial for
reasoning within <ui> </ui> tags, reason based
on the key UI element(s) and output the thinking
process in <think> </think> tags, and the final
answer in <answer> </answer> tags as follows:
<ui> Located at [x, y], describe the UI ele-
ment’s semantics and function. </ui> <think>
... </think> <answer>[’action’: enum[’click’],

867
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’point’: [x, y], ’input_text’: ’no input text [de-
fault]’]</answer>
Note: For each UI element, you must provide
its location [x, y], semantics, and functionality.
Example:
<ui> Located at [743, 724], this element rep-
resents the ’Slide Notes’ section where users
can click to interact with notes related to a slide.
</ui>
<ui> Located at [317, 501], this element is a text
label that reads D̈eveloper Tools,ïndicating the
section related to developer options. </ui>
Example of answer output:
[’action’: enum[’click’], ’point’: [123, 300],
’input_text’: ’no input text’]

868

For GUI reasoning tasks (e.g., Android Control-869

High dataset).870

Prompt for Reasoning

You are UILoop, a reasoning GUI Agent Assis-
tant. In this UI screenshot <image>, I want you
to continue executing the command ’text’, with
the action history being ’history’.
Please provide the action to perform (enumerate
from [’wait’, ’long_press’, ’click’, ’press_back’,
’type’, ’open_app’, ’scroll’]), the point where
the cursor is moved to (integer) if a click is per-
formed, and any input text required to complete
the action.
Output the location, semantics, and function of
UI element(s) that you think are beneficial for
reasoning within <ui> </ui> tags, reason based
on the key UI element(s) and output the thinking
process in <think> </think> tags, and the final
answer in <answer> </answer> tags as follows:
<ui> Located at [x, y], describe the UI ele-
ment’s semantics and function. </ui> <think>
... </think> <answer>[’action’: enum[’wait’,
’long_press’, ’click’, ’press_back’, ’type’,
’open_app’, ’scroll’], ’point’: [x, y], ’in-
put_text’: ’no input text [default]’]</answer>
Note: For each UI element, you must provide
its location [x, y], semantics, and functionality.
Example:
<ui> Located at [743, 724], this element rep-
resents the ’Slide Notes’ section where users
can click to interact with notes related to a slide.
</ui>
<ui> Located at [317, 501], this element is a text
label that reads D̈eveloper Tools,ïndicating the
section related to developer options. </ui>
Specific input text (no default) is necessary for
actions enum[’type’, ’open_app’, ’scroll’] Ex-
ample:
[’action’: enum[’wait’, ’press_back’], ’point’:

871

[-100, -100], ’input_text’: ’no input text’]
[’action’: enum[’click’, ’long_press’], ’point’:
[123, 300], ’input_text’: ’no input text’]
[’action’: enum[’type’, ’open_app’], ’point’: [-
100, -100], ’input_text’: ’shanghai shopping
mall’]
[’action’: enum[’scroll’], ’point’: [-100, -100],
’input_text’: enum[’up’, ’left’, ’right’, ’down’]]

872

When employing the selection model (e.g., GPT- 873

4o) to perform Key UI Element Identification and 874

Parsing, we design the prompt as follows. 875

Key UI Element Identification and Parsing

# UI Element Analysis and Action Reasoning
Task
## Task Description You need to analyze the
given user interface information, identify key
UI elements that help complete the specified
instruction, and explain how to reason about the
correct action based on these elements.
## Input Information **User Instruction:** in-
struction
**Action History:** history
**Ground Truth - Action Type:** gt_action
**Ground Truth - Target Area:** gt_bbox
**Ground Truth - Input Text:** gt_input_text
**UI Element Information:** ui_info
## Output Requirements
### 1. UI Element Functional Descriptions
Please provide a one-sentence description of
the UI element’s position in the image and its
semantic and functional description for each key
UI element that helps complete the instruction,
with each UI element description enclosed in
<ui></ui> tags:
<ui>Located at [x1,y1], this element [semantic
and functional description]</ui> <ui>Located at
[x2,y2], this element [semantic and functional
description]</ui> ...
### 2. Action Reasoning Process Based on the
identified correct UI elements, please explain
the reasoning process for deriving the correct
action in no more than 5 sentences, with each
thought enclosed in <think></think> tags:
<think> Analyze instruction requirements
</think>
<think> Locate key UI elements </think>
<think> Explain why the UI element(s) help(s)
complete the task </think>
<think> Determine action type, target area, input
text </think>
<think> Other necessary thoughts... </think>
## Important Notes 1. UI element descriptions
must be concise and clear, one sentence per
element 2. The reasoning process should be

876
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Figure 10: Error analysis of “Screen-to-Action" paradigm methods UI-R1-3B, GUI-R1-7B, GUI-OWL-7B and our
method UILoop. We demonstrate that the primary error types include: (1) Locate Error, (2) Lingualize Error, and
(3) Leverage Error.

logically clear, showing the complete reason-
ing chain from analysis to decision 3. Strictly
follow the specified XML tag format for out-
put 4. Focus on UI elements directly related to
completing the instruction

877

D Error Analysis878

In this section, we conduct a comparative error anal-879

ysis between current “Screen-to-Action" paradigm880

methods UI-R1-3B, GUI-R1-7B, GUI-OWL-7B881

and our “Screen-UI Elements-Action" paradigm882

method. Specifically, we investigate three primary883

error types related to UI elements: (1) Locate Error,884

(2) Lingualize Error, and (3) Leverage Error. We885

randomly sampled 100 instances from the Android886

Control-High test set and performed manual statis-887

tics, as shown in Fig. 10. The results demonstrate888

that our method achieves error counts of 1, 8, and889

31 for Locate, Lingualize, and Leverage Errors re-890

spectively, which are substantially lower than the891

error counts of UI-R1-3B, GUI-R1-7B, and GUI-892

OWL-7B. This demonstrates the advanced level of893

our method’s mastery over UI elements.894
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