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Abstract001

Automated GUI agents aim to streamline user002
interaction by automatically executing com-003
plex tasks across digital environments, such as004
web, mobile, and desktop devices. Given a tex-005
tual task instruction and a GUI description, the006
agent generates a sequence of executable ac-007
tions (e.g., clicks) and operation steps. Train-008
ing a GUI agent typically involves grounding009
and planning stages, where the GUI ground-010
ing stage focuses on locating the executable011
interface coordinates based on the given task,012
while the planning stage aims to predict the013
next action using the history of previous ac-014
tions. However, previous work suffers from in-015
sufficient training data for GUI grounding and016
overlooks the importance of backtracking his-017
torical behaviors in GUI planning. To handle018
the above challenges, we propose ScaleTrack,019
a training framework that integrates scalable020
grounding and backtracking planning for au-021
tomated GUI agents. Specifically, we system-022
atically collected GUI samples from a wide023
range of sources, with each source employ-024
ing distinct synthesis criteria, and unified them025
into a standardized template for training GUI026
grounding models. Moreover, ScaleTrack in-027
troduces a novel training strategy that predicts028
the next action based on the current GUI im-029
age while simultaneously backtracking the his-030
torical actions that led to it. This approach en-031
ables ScaleTrack to effectively capture the cor-032
respondence between GUI states and actions,033
modeling the dynamic evolution of the GUI en-034
vironment. Extensive experimental results on035
grounding tasks, as well as both offline and on-036
line agent evaluations, demonstrate the effec-037
tiveness of ScaleTrack.038

1 Introduction039

The development of native automated agents for040

Graphical User Interfaces (GUI), known as GUI041

agents, is driven by the increasing demand to au-042

tomate complex user tasks in digital environments,043
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Figure 1: Performance of ScaleTrack compared with
previous state-of-the-art methods. The online bench-
marks (AndroidWorld and MobileMiniWob) use GPT-
4 as the planner.

especially on mobile and desktop platforms. Their 044

ability to perform tasks accurately and enhance 045

user interaction has garnered widespread interest. 046

A key driver for this progress is the advancement 047

of large language models (LLMs) (Team et al., 048

2024; Achiam et al., 2023), whose emerging rea- 049

soning capabilities allow GUI agents to effectively 050

plan and execute multi-step actions from task in- 051

structions. 052

Early GUI agents (Kim et al., 2023; Zheng 053

et al., 2023) extract structured representations of 054

the GUI environment (e.g., website HTML), and 055

then leverage LLMs to perform reasoning and 056

planning for generating executable actions. In fact, 057

such structured textual representations are often 058

lengthy, not readily accessible, and lack critical at- 059

tribute information such as spatial layout and el- 060

ement locations. To address these limitations, re- 061

cent research (Cheng et al., 2024; Wu et al., 2024) 062

explores visual GUI agents based on multimodal 063

large language models (MLLMs), which interact 064

with users using only GUI screenshots. 065
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To train GUI agents using visual screenshots,066

existing methods (Xu et al., 2024; Qin et al., 2025)067

typically transfer general multimodal knowledge068

from MLLMs (e.g., QWen2-VL) to GUI environ-069

ments. Previous work often fine-tunes MLLMs070

on two types of GUI data: GUI grounding, which071

involves predicting coordinate positions based on072

task instructions, and GUI planning, which in-073

volves predicting multi-step executable actions to074

complete tasks. The former focuses on spatial075

localization, while the latter aims at sequential076

decision-making for automated task execution.077

Regarding the synthesis of GUI grounding078

data, existing methods primarily synthesize train-079

ing data using isolated criteria, leveraging exten-080

sive metadata, such as texts, icons, and widgets,081

across mobile, web, and desktop platforms, typ-082

ically with the aid of a powerful large language083

model (e.g., GPT-4o). For instance, Uground (Gou084

et al., 2024) synthesizes grounding data with085

multiple reference modes; Aria-UI (Yang et al.,086

2024) generates context-aware grounding data;087

and Augvis (Xu et al., 2024) leverages template-088

enhanced synthesis. However, these approaches089

often overlook the complementary strengths of dif-090

ferent synthesis methods, thereby limiting the scal-091

ability and effectiveness of GUI grounding train-092

ing.093

As for GUI planning, existing research only fo-094

cuses on forward-planning, predicting the next ac-095

tion based on task instructions and the current GUI096

state. This is typically achieved either through097

human-annotated action trajectories for various098

tasks (Deng et al., 2023), or by prompting MLLMs099

to produce detailed reasoning traces (Xu et al.,100

2024). However, GUI environments exhibit in-101

herent task-driven patterns that support not only102

forward planning but also back-tracing, the recon-103

struction of historical actions leading to the current104

state. Despite its potential, this backward dynamic105

remains largely underexplored.106

To handle the above challenges, we introduce107

ScaleTrack, a novel training framework that scales108

GUI grounding and incorporates backtracking into109

GUI planning. We enhance GUI grounding110

through several data-driven approaches, including111

element referring, context awareness, and func-112

tional descriptions. By unifying diverse ground-113

ing samples synthesized under distinct criteria, our114

method enables scalable training within a consis-115

tent training template. Moreover, we introduce a116

data template that annotates actions across consec-117

utive GUI images to facilitate planning. Specif- 118

ically, our method captures both next-actions for 119

forward planning and historical actions for back- 120

tracking (see Figure 2). Finally, we devise a hybrid 121

training strategy to jointly learn forward planning 122

and backtracking, allowing GUI agents to predict 123

both upcoming and previous actions based on the 124

current state. Empirical results demonstrate that 125

incorporating backtracking significantly enhances 126

task execution performance. 127

The main contributions of this work are as fol- 128

lows: 129

• We propose the first GUI agent with back- 130

tracking capability, and devise an effective 131

data construction as well as training strategy. 132

• We integrate several data synthesis criteria 133

to enrich GUI element descriptions, signifi- 134

cantly scaling the training process that leads 135

to consistent performance improvements. 136

• We conduct extensive experiments on sev- 137

eral benchmark datasets, including ground- 138

ing evaluation, offline and online evaluation, 139

and the experimental results verify the effec- 140

tiveness of our proposed ScaleTrack. 141

I'd like to browse

my favorite book,

Yellow Crocus.

Step 2: Enter text

Yellow Crocus

Input

Current
Observation

History
Step 1: Click on

the search box

User
Instruction

GU
I A

gent

Forward Planning

low level instruction: Click the search icon

Previous n(1) action：
Enter text Yellow Crocus

Action: Click(x=0.9204, y=0.9038)

low level instruction: Click the search icon

Action: Click(x=0.9204, y=0.9038)

Back Tracking

Figure 2: Comparison between forward-planning and
backtracking in a GUI agent task. The top section illus-
trates forward planning, where the agent predicts the
next action based on the current state (e.g., viewing
search results). The bottom section demonstrates back-
tracking, where the agent infers a sequence of previous
actions (e.g., search box interaction and query entry)
that led to the current state.

2 Related Works 142

2.1 Multimodal LLMs 143

Recent advances in closed-source and open-source 144

multimodal large-language models (MLLMs) 145

have significantly enhanced non-natural image 146

understanding and GUI task planning. Closed- 147

source models like GPT-4V (OpenAI, 2023) and 148
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GPT-4o (Hurst et al., 2024), with strong visual149

and task-planning abilities, often serve as the150

“brain” in planning and grounding decoupled GUI151

agent framework. Open-source models have en-152

abled domain-specific capability refinement for153

GUI agents. The Qwen-VL (Bai et al., 2023;154

Wang et al., 2024a; Bai et al., 2025) series distin-155

guishes itself through fine-grained visual compre-156

hension and multimodal capabilities, with Qwen2-157

VL (Wang et al., 2024a) notably serving as the158

foundational MLLM backbone for the majority of159

previous GUI agent implementations. Other open-160

source models have distinct technical advantages161

in the GUI agent field. InternVL-2 (Chen et al.,162

2024b) improves multimodal task performance163

through progressive alignment. CogVLM (Wang164

et al., 2024b) uses a visual expert module to fuse165

vision and language features. Ferret (You et al.,166

2023) boosts human-computer interaction preci-167

sion with enhanced spatial comprehension. The168

LLAVA (Liu et al., 2023, 2024; Li et al., 2024a)169

series is used for its lightweight projection layer,170

enabling fast training and multimodal understand-171

ing.172

2.2 GUI Agents173

Recent GUI agents, predominantly built on174

MLLMs, can execute autonomous operations on175

phones or computers as per human instructions,176

applicable in web, desktop, and mobile scenarios.177

Their operation involves planning and grounding178

phases. Based on whether these two phases are179

handled by separate models, existing GUI agent180

works can be categorized into pure GUI ground-181

ing models like Aria-UI (Yang et al., 2024) and182

Uground (Gou et al., 2024), and unified GUI agent183

frameworks such as Aguvis (Xu et al., 2024), OS-184

ATLAS (Wu et al., 2024) and UI-TARS (Qin et al.,185

2025).186

In terms of perceptual content, early works187

such as WebPilot (Zhang et al., 2025), Hybrid188

Agent (Song et al., 2024), WebDreamer (Gu et al.,189

2024), Agent-Q (Putta et al., 2024), LASER (Ma190

et al., 2023), and SeeAct (Zheng et al., 2024) con-191

centrated on web platforms to automate web in-192

teraction and navigation. They incorporated struc-193

tured text (e.g., accessibility trees, HTML-DOM)194

with environmental visual structures (screenshots),195

establishing a foundation in the GUI agent field.196

However, the difficulty of accessing structured text197

in real-world settings like desktop and iOS appli-198

cations, along with its token inefficiency impact-199

ing MLLM performance, has driven a shift to- 200

ward vision-only approaches. Claude 3.5 Sonnet 201

(Computer Use) (Hu et al., 2024)pioneered this 202

paradigm in desktop task automation, integrating 203

task planning and environmental interaction action 204

prediction into a single system. 205

The rise of vision-only methods has also 206

sparked cross-platform unified modeling. Re- 207

cent methods like Aguvis (Xu et al., 2024), UI- 208

TARS (Qin et al., 2025), and OS-ATLAS (Wu 209

et al., 2024) use a uniform action space and are 210

trained on multi-platform datasets. Aguvis in- 211

tegrates explicit planning and reasoning into its 212

framework, enhancing interaction with complex 213

digital environments. OS-ATLAS proposes a uni- 214

fied action space for standardized cross-platform 215

datasets, covering basic and custom actions. UI- 216

TARS apply diverse reasoning patterns in the 217

model’s planning phase, including task decompo- 218

sition, reflection, and milestone recognition. 219

3 Method 220

ScaleTrack follows the paradigm of a two-stage 221

training framework, including GUI grounding and 222

GUI planning. It learns GUI grounding capabil- 223

ity based on a basic vision-language model (i.e. 224

Qwen25-VL), and then continues to learn GUI 225

planning capability through trajectory data. 226

3.1 Task Formulation 227

Given a task description T and the initial environ- 228

ment observation o1, the autonomous GUI carries 229

out planning and predicts an action that belongs 230

to the action space, namely a1 ∈ A. Subsequently, 231

the client-side environment is updated upon receiv- 232

ing this action and provides a new observation o2. 233

The above process is repeated continuously until 234

the predicted action is terminate, which signifies 235

the completion of the task. The entire process can 236

be formatted as: 237

an ← (T, (o1, a1), ..., (on−1, an−1), on), (1) 238

here the task description T is textual input, and the 239

observation o is visual input. 240

3.2 GUI Grounding 241

GUI Grounding aims to maximize the training 242

scale through format unification, cross-platform 243

generalization, and multi-round operation, provid- 244

ing a sufficient training foundation for the next 245

stage of GUI planning. 246
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Instruction: I'd like to browse my favorite book  Yellow Crocus.Please generate the next move,

next action and the previous
n(1) action  according to the

previous UI screenshot <image> ,

current UI screenshot <image> ,

instruction and previous actions.

Instruction: 

I would like to browse my favorite

book, Yellow Crocus.

Previous Actions:  

Step 1: Click on the search box   

 Step 2: Enter text Yellow Crocus

User Prompt

Action: Click on the search box Enter text Yellow crocus Click the search icon

Generation

Forward-planning

 Back-tracking

Next action : 

Swipe up to browse the books.

Previous n(1) action : 

Step 3: Click on the search icon.

Operation: 

scroll(page=-0.1)

Figure 3: Overall description of our proposed ScaleTrack in processing task instruction and generating actions via
forward-planning and back-tracking, as well as the format of training data.

3.2.1 Format Unification247

How to represent the spatial information of texts,248

icons and controls in GUI screenshots is the249

primary issue that GUI agents need to address.250

We use absolute coordinates to train ScaleTrack,251

which helps the model build a sense of the real252

world.253

In the previous GUI grounding dataset annota-254

tion, the coordinates of the target element are typi-255

cally in the form of a box: (x1, y1, x2, y2), where256

(x1, y1) and (x2, y2) indicate the coordinates of257

the top-left and bottom-right corners of the small-258

est bounding box enclosing the element. However,259

in many GUI agent operations, click-based inter-260

action is more prevalent. For instance, when users261

click buttons or links on the GUI, it is essentially262

a point operation. Data in the form of boxes can263

help the agent have a better understanding of the264

boundaries and shapes of UI elements, and data in265

the form of points is helpful for more sophisticated266

operations such as clicking, so we combine data in267

these two formats for mixed training.268

3.2.2 Cross-platform Generalization269

However, compared with the large amount of gen-270

eral image data accumulated in the field of com-271

puter vision, the grounding data involved in the272

GUI agents field still has great limitations: data273

from different platforms and devices is difficult274

to generalize, and different tasks use isolated data275

synthesis criteria, which makes it difficult to com-276

plement each other.277

In order to solve the generalization problem278

in GUI grounding, we fused data from different279

sources and with different synthesis criteria in280

the field of GUI agents. Specifically, following281

Uground (Gou et al., 2024), we introduced a large 282

amount of website grounding data constructed by 283

integrating multiple reference modes. Following 284

Aria-UI (Yang et al., 2024), we introduced context- 285

aware grounding data constructed by integrating 286

context perception. Inspired by Aguvis (Xu et al., 287

2024), we introduced template-enhanced ground- 288

ing data constructed by a unified action space. As 289

shown in Table 1, our work unifies these data and 290

studies whether different data synthesis criteria 291

can complement each other, thereby improving the 292

generalization ability of agent positioning from all 293

aspects. 294

Data Source Data Type Grounding MultiStep

Elements Screenshots Trace avg steps

Uground Web 9M 773K / /

OS-Atlas
Web 7.8M 1.6M / /

Mobile 1.1M 107K / /
Desktop 11.3M 54K / /

Aria-UI
Web - 173K / /

Mobile - 104K / /
Desktop - 7.8K / /

Aguvis
Web 723K - 6.3k 6.7

Mobile 232K - 28.7K 8.5
Desktop 7K - / /

Ours Ours * 7.5M * 8.2

Table 1: Statistics of the open-source grounding and
planning data.

3.2.3 Multi-round Operation 295

In real-world scenarios, a complex screenshot may 296

contain hundreds of UI elements, and existing 297

open-source grounding datasets naturally include 298

multiple objects within a single image. To avoid 299

redundant operations of repeatedly loading images 300

and to reduce training overhead, we merged differ- 301

ent instruction/description-answer pairs from the 302
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same screenshot into a single conversation, thus303

creating multi-turn training data. Training with304

multi-round data not only reduces training compu-305

tational overhead but also enhances the model’s306

understanding of different elements in the UI307

scene.308

3.2.4 Training Paradigm309

We train from a vision-language model VLM to310

predict the grounding coordinates related to the311

task. It receives the user task T , the observa-312

tion o to predict a grounding coordinate T =<313

x1, y1, x2, y2 >, which can be formulated as:314

T = V LMθ(T, o), (2)315

The outputs are optimized using a generative316

loss in an auto-regressive manner:317

Lgrounding(θ) = − log p (T | Yg; θ) , (3)318

where Yg indicates the ground-truth coordinate to-319

kens, and θ indicates the trainable parameters.320

3.3 GUI Planning321

GUI planning captures both next actions for for-322

ward planning and historical actions for backtrack-323

ing, generating an action sequence to complete the324

task.325

3.3.1 Backtracking Planning326

As mentioned in the previous Section, the training327

of GUI agents’ planning stage is usually modeled328

as a partially observable Markov decision process.329

It provides the model with past behaviors and state330

perceptions, only requiring the model to perform331

forward-planning and predict the probabilities of332

future actions based on these. However, this ap-333

proach overlooks the model’s ability to reflect on334

and backtrack historical decisions. That is, the335

model is aware of the state it has reached but is336

unaware of how it arrived there. As a result, the337

model is unable to establish connections between338

the past, present, and future, making it difficult to339

generate consistent action predictions.340

To address this limitation, we extend the interac-341

tion between GUI agents and their environment by342

incorporating backtracking. Specifically, at each343

time step t, ScaleTrack not only predicts the next344

action under the current overall goal but also pre-345

dicts the historical actions that led to the current346

state. This can be formulated as follows:347

an−1, an ← (T, (o1, a1), ..., (on−1), on) (4)348

In the forward-planning aspect, similar to tradi- 349

tional methods, ScaleTrack takes the current state 350

and task instructions as input and generates the 351

next action probability distribution. This enables 352

the agents to determine the most likely next action 353

to perform in the current state, thereby achieving 354

step-by-step task execution. 355

In terms of backtracking, ScaleTrack introduces 356

a reverse prediction mechanism. Based on the cur- 357

rent state and instructions, it predicts the actions 358

that might have occurred before the current state. 359

By doing so, the agents can gain a clearer under- 360

standing of the path they took to reach the current 361

state, enabling them to assess the rationality of pre- 362

vious actions and adjust the subsequent planning 363

accordingly. 364

3.3.2 Chain-of-Thought 365

To enhance the model’s reasoning ability when 366

dealing with complex tasks and provide inter- 367

pretability of the model output, following (Xu 368

et al., 2024), we retain the thought process during 369

future trajectory prediction. Specifically, in addi- 370

tion to predicting actions, ScaleTrack also predicts 371

the rationale behind each action. The model’s out- 372

put format is as follows: 373

<think> Thought </think>
<tool_call> Actions </tool_call>

374

3.3.3 Training Paradigm 375

We train from the grounding model to predict an 376

and an−1 for backtracking planning in the n-th 377

step. Specifically, for the n-th step, it receives 378

the user task T , the observation on and the his- 379

torical actions {h0, h1, ..., hn−2} to predict actions 380

A =< an−1, an >, which can be formulated as: 381

A = V LMθ(T, on, {h0, h1, ..., hn−2}), (5) 382

Similarly, the outputs are optimized using a gen- 383

erative loss in an auto-regressive manner: 384

Lplanning(θ) = − log p (A | Yp; θ) , (6) 385

where Yp indicates the ground-truth tokens, and θ 386

indicates the same trainable parameters as in the 387

grounding stage. 388

4 Experiments 389

In this section, we conduct experiments on 390

GUI Grounding Evaluation and Offline/Online 391
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Method Data Source Mobile Desktop Web Avg
Text Icon/Widget Text Icon/Widget Text Icon/Widget

Agent Framework

GPT-4o
SeeClick Public 81.0 59.6 69.6 33.6 43.9 26.2 52.3
UGround Public 93.4 76.9 92.8 67.9 88.7 68.9 81.4

Agent Model

GPT-4o In-house 20.2 24.9 21.1 23.6 12.2 7.8 18.3
Claude In-house - - - - - - 83.0
Gemini 2.0 In-house - - - - - - 84.0
UI-TARS In-house 94.5 85.2 95.9 85.7 90.0 83.5 89.5
UI-TARS-72B In-house 94.9 82.5 89.7 88.6 88.7 85.0 88.4
Qwen2.5-VL-7B In-house - - - - - - 84.7

CogAgent Public 67.0 24.0 74.2 20.0 70.4 28.6 47.4
SeeClick Public 78.0 52.0 72.2 30.0 55.7 32.5 53.4
UGround Public 82.8 60.3 82.5 63.6 80.4 70.4 73.3
Aria-UI Public 92.3 73.8 93.3 64.3 86.5 76.2 82.4
OS-Atlas Public 93.0 72.9 91.8 62.9 90.9 74.3 82.5
Aguvis Public 95.6 77.7 93.8 67.1 88.3 75.2 84.4

ScaleTrack Public 92.3 85.6 93.3 75.0 90.0 80.6 87.0

Table 2: Comparison of various planners and grounding methods on ScreenSpot. Bold denotes the best perfor-
mances of GUI agents based on public data.

GUI Agent Evaluation, respectively. We chose392

Qwen2.5-VL-7B (Bai et al., 2025) as the base393

model for training and fine-tuned it using the394

merged grounding data. The training is divided395

into two steps: Grounding and Planning with back-396

tracking.397

4.1 Training Details398

Training Data. For training in the ground-399

ing stage, we integrated open-source data: OS-400

Atlas (Wu et al., 2024), Uground (Gou et al.,401

2024), Aguvis (Xu et al., 2024), and Aria-402

UI (Yang et al., 2024), and standardized them403

into the unified format. We provide basic data404

statistics for training in Table 1. For train-405

ing in the Planning stage, we selected Agu-406

vis (Xu et al., 2024), a dataset annotated with407

Observation, Thought, and low-level Instruc-408

tion as the data source, and performed back-409

tracking transformations. It includes trajectory410

data from AITW(Rawles et al., 2023), MM-411

Mind2Web(Deng et al., 2023), GUIAct(Chen412

et al., 2024a), AMEX(Chai et al., 2024), Android-413

Control (Li et al., 2024b) and GUI-Odyssey (Lu414

et al., 2024).415

4.2 Grounding Capability Evaluation 416

In order to evaluate the impact of data scaling on 417

the agent’s grounding ability, we conducted ex- 418

periments on the ScreenSpot (Cheng et al., 2024) 419

dataset. We first compared the accuracy of our 420

model with other baselines, and then evaluated the 421

changes in the model’s grounding ability under dif- 422

ferent data scales. 423

ScreenSpot. Table 2 reports the accuracy scores 424

of our proposed ScaleTrack and various base- 425

lines, including the open source models such as 426

UGround(Gou et al., 2024), Aria-UI (Yang et al., 427

2024), OS-Atlas(Wu et al., 2024), Aguvis (Xu 428

et al., 2024), and UI-TARS (Qin et al., 2025), 429

which uses In-house data. We can see from the ta- 430

ble that the performance of ScaleTrack clearly sur- 431

passes those of the baseline methods that use open- 432

source data and outperforms the previous state-of- 433

the-art(SOTA) model (Xu et al., 2024) by 2.6% in 434

the average Score. Moreover, ScaleTrack gains 435

a more obvious advantage in Icon/Widget sub- 436

items that are more difficult to generalize, with 437

improvements of 7.9%, 7.9%, and 5.4%, respec- 438

tively. The results demonstrate the generalization 439

ability gained by the data scaling. The compre- 440

hensive data synthesis strategy used by ScaleTrack 441

achieves better results than any isolated data syn- 442
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Agent Models Data Source AndroidControl-Low AndroidControl-High GUI Odyssey

Type Grounding SR Type Grounding SR Type Grounding SR

Agent Framework

GPT-4o
SeeClick Public - - 52.8 - - 41.8 - - -
UGround Public - - 62.4 - - 48.4 - - -

Agent Model

Claude In-house 74.3 0.0 19.4 63.7 0.0 12.5 60.9 0.0 3.1
GPT-4o In-house 74.3 0.0 19.4 66.3 0.0 20.8 34.3 0.0 3.3
InternVL-2 In-house 90.9 84.1 80.1 84.1 72.7 66.7 82.1 55.5 51.5
UI-TARS In-house 98.0 89.3 90.8 83.7 80.5 72.5 94.6 90.1 87.0
UI-TARS-72B In-house 98.1 89.9 91.3 85.2 81.5 74.7 95.4 91.4 88.6

SeeClick Public 93.0 73.4 75.0 82.9 62.9 59.1 71.0 52.4 53.9
Aria-UI Public - 87.7 67.3 - 43.2 10.2 - 86.8 36.5
OS-Atlas Public 93.6 88.0 85.2 85.2 78.5 71.2 84.5 67.8 62.0
Aguvis Public - - 80.5 - - 61.5 - - -

ScaleTrack Public 96.6 91.4 90.2 92.1 77.3 80.4 93.5 80.2 80.4

Table 3: Comparative results on AndroidControl and GUI Odyssey.

thesis criterion, and the superiority of our method443

also shows the advantage of combining data from444

different sources.
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Figure 4: Scaling curves over different base models.

445

The Effect of Grounding Data Scaling. To fur-446

ther analyze the effectiveness of grounding data447

scaling, we plot the accuracy scores of ScaleTrack448

on ScreenSpot in the different training steps. As449

illustrated in Figure 4, as the data scales up, the450

average accuracy score fluctuates, but overall it451

will gradually improve. The result suggests great452

potential for continuously expanding grounding453

data to improve performance. Especially when454

the initial capability of the base model is weak455

(e.g., Qwen2VL-7B), the GUI grounding capabil-456

ity of the model improves more significantly as the457

amount of training data increases.458

4.3 Offline Agent Capability Evaluation459

AndroidControl. We evaluate ScaleTrack on460

mobile devices using Android automation dataset461

AndroidControl (Li et al., 2024b), which encom- 462

passes 15,000 demonstrations from human raters 463

performing a diverse variety of tasks on 833 dif- 464

ferent apps spanning 40 app categories on An- 465

droid devices. Following (Li et al., 2024b; Xu 466

et al., 2024), we randomly sample 800 steps to 467

create a subset. We report the action type accu- 468

racy, grounding accuracy, and step success rate 469

on out-of-domain data within both high-level and 470

low-level tasks. As depicted in Table 3, Scale- 471

Track surpassed strong baselines that use available 472

data on both Low and High levels, achieving the 473

step success rate of 94.5% for the Low level and 474

82% for the High level. Notably, the data source of 475

the ScaleTrack’s planning stage is the same as that 476

of Aguvis, and no additional planning data anno- 477

tations are added, which proves the effectiveness 478

and scalability of our backtracking strategy. 479

GUI-Odyssey. GUI-Odyssey (Lu et al., 2024) is 480

a comprehensive dataset for evaluating cross-app 481

navigation agents. It consists of 7,735 episodes 482

from 6 mobile devices. Following (Xu et al., 483

2024), we randomly sample 500 episodes to cre- 484

ate a subset and report the action type accuracy, 485

grounding accuracy, and step success rate. Table 3 486

reports that ScaleTrack achieved the best perfor- 487

mance (80.4%) among the public data models on 488

step success rate. 489

4.4 Online Agent Capability Evaluation 490

To better test the performance of ScaleTrack in 491

real-world environments, we also tested Scale- 492
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Agent Models AndroidControl-Low AndroidControl-High GUI Odyssey

Type Grounding SR Type Grounding SR Type Grounding SR

ScaleTrack 96.6 91.4 90.2 92.1 77.3 80.4 93.5 80.2 80.4
w/o backtracking 94.0 90.7 88.0 86.7 79.5 75.9 87.3 75.9 71.7
diff -2.6 -0.7 -2.2 -4.1 2.2 -4.5 -6.2 -4.3 -8.7

Table 4: Ablation results of ScaleTrack.

Planner Grounding AndroidWorldSR

GPT-4-Turbo UGround 31.0
GPT-4o UGround 32.8
GPT-4o AGUVIS 37.1
GPT-4o Aria-UI 39.7
GPT-4o ScaleTrack 46.0

Table 5: Task Success Rates (SR) on AndroidWorld.

Track on the real-time interaction benchmarks. We493

use AndroidWorld (Rawles et al., 2024) and Mo-494

bileMiniWob(Rawles et al., 2023) for online mo-495

bile agent evaluation in an Android emulator envi-496

ronment. We use GPT-4o as the planner and Scale-497

Track to locate elements and instructions.498

AndroidWorld. (Rawles et al., 2024) contains499

a highly reproducible benchmark of 116 hand-500

crafted tasks across 20 apps and calculates the fi-501

nal state success rate on the device by checking502

the final system state. In our experiments, we503

employ GPT-4o as the planner and ScaleTrack as504

the grounder. As shown in Table 5, ScaleTrack505

achieves the highest average task success rate of506

46.0%, outperforming the baseline models, which507

further highlights that data-scaling and backtrack-508

ing help the model handle diverse element descrip-509

tions and instructions in real-world environments.510

Planner Grounding MobileMiniWobSR

GPT-4-Turbo Choice 59.7
Gemini 1.5 Pro SoM 40.3
GPT-4o AGUVIS 55.0
GPT-4o Aria-UI 60.4
GPT-4o ScaleTrack 62.0

Table 6: Task Success Rates (SR) on MobileMiniWob.

MobileMiniWob. (Rawles et al., 2023) con-511

taints 92 tasks from MiniWob++ (Zheng et al.,512

2023). As shown in Table 6, ScaleTrack outper-513

forms existing work in task success rate on Mo-514

bileMiniWobs when using GPT-4o as the planner, 515

with an average SR of 62.0% on MobileMiniWob. 516

This comparison particularly highlights the effec- 517

tiveness of the data scaling and backtracking in our 518

GUI agent model. 519

4.5 Ablation Study 520

We further studied how ScaleTrack improves the 521

model’s planning ability by tracking the history 522

of actions that led to the current state. We com- 523

pared the model performance before and after 524

backtracking data training on three offline evalu- 525

ation datasets. 526

We show the ablation results in Table 4. After 527

training on backtracking data, the accuracy of the 528

model on AndroidControl-Low, AndroidControl- 529

High, and GUI-Odyssey datasets increased by 530

2.2%, 4.5%, and 8.7% on step success rate, re- 531

spectively. Furthermore, the recognition accuracy 532

of the model after backtracking training in action 533

type has increased by 2.6%, 4.1%, and 6.2%, re- 534

spectively. The results demonstrate the action un- 535

derstanding and prediction abilities gained by the 536

backtracking training. 537

5 Conclusion 538

In this work, we introduce ScaleTrack for scaling 539

and backtracking automated GUI agents. We find 540

two widespread problems, including isolated data 541

synthesis criterion and unconsidered backtracking 542

capability. To alleviate these problems, we first 543

propose to integrate several data-driven GUI el- 544

ement enhancement methods to scale the train- 545

ing process of GUI grounding and unify a wide 546

range of grounding data into a fixed training tem- 547

plate. We then propose a hybrid training strat- 548

egy to learn forward-planning and backtracking ca- 549

pabilities simultaneously. We conduct extensive 550

experiments on several benchmark datasets, like 551

grounding evaluation, offline and online evalua- 552

tion, and the results demonstrate the effectiveness 553

of our proposed ScaleTrack. 554
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Limitations555

Although our approach has shown promising re-556

sults, there are several limitations that need to be557

addressed in future work. First, ScaleTrack es-558

tablishes connections between past, present, and559

future by backtracking previous actions, but this560

comes with increased token output costs. In prac-561

tical applications where cost and real-time per-562

formance are critical, this may become a bottle-563

neck and limit the efficiency of deployment. Sec-564

ond, ScaleTrack is based solely on algorithmic im-565

provements using open-source datasets, without566

designing new data annotation methods or provid-567

ing new data sources. In the future, it will be568

necessary to construct more high-quality ground-569

ing and planning data to achieve more data scale.570

Finally, ScaleTrack focuses on PC and mobile sce-571

narios, and does not cover all GUI agent scenarios572

such as browser. Future work should expand the573

ScaleTrack approach to more scenarios and tasks574

to provide a more comprehensive evaluation of its575

generalizability.576

Ethic Statement577

We emphasise that research and application regard-578

ing the GUI Agent are conducted in a virtual en-579

vironment, strictly adhering to privacy protection580

protocols, and do not involve any leakage of pri-581

vate data or applications.582
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A Training Details753

Training Settings. We choose Qwen2.5-VL (Bai754

et al., 2025) as the base model for training and em-755

ploy the AdamW optimizer with a learning rate of756

1e−5 and employ a cosine learning rate scheduler757

with a warm-up ratio of 0.03 steps. We utilize a758

global batch size of 128 in the grounding stage759

and 64 in the planning stage and employ Deep-760

Speed ZERO3-style data parallelism. We train761

ScaleTrack following a two-stage procedure. First,762

all grounding data is used to train ScaleTrack’s763

basic GUI grounding capability. Then, based on764

the model trained in the grounding stage, planning765

data with forward-planning and historical back-766

tracking are input into the model to further en-767

hance the planning ability of the model. We train768

ScaleTrack on a cluster of 8 nodes with V100-80G769

GPUs.770

B ScaleTrack Unified Design771

Details of Action Space in ScaleTrack. In772

this section, we will introduce the unified action773

space of our training framework, ScaleTrack. As774

shown in Tables 7, our action space encompasses775

common actions in both web and mobile sce-776

narios, ensuring the generalizability of the agent777

model across different environments while main-778

taining flexibility in specific contexts. Specifically,779

for mobile, the actions include: ’key’, ’click’,780

’long_press’, ’swipe’, ’type’, ’system_button’,781

’open’, ’wait’, and ’terminate’. For computer,782

the actions include: "key", "type", ’mouse_move’,783

’left_click’, ’left_click_drag’, ’right_click’, ’mid-784

dle_click’, ’double_click’, ’scroll’, ’wait’, ’termi-785

nate’, ’answer’ .786

Action functions in mobile environments as an787

example Following (Bai et al., 2025), we use788

prompts in JSON format to inform the model of789

the available functions and their corresponding pa-790

rameters, which facilitates extensibility. We pro-791

vide the following action functions for ScaleTrack792

in the mobile environment, along with their corre-793

sponding descriptions.794

C Data Curation of ScaleTrack Data795

Collection796

Detailed Source Dataset Statistics. The statis-797

tics of our Stage 1 grounding training data are pre-798

sented in Table 1 of the main text. The Stage 2799

planning data consists of three components:800

• AGUVIS data processed with backtrack aug- 801

mentation(see Figure 6). We add constraints 802

to the user prompt: derive the previous ac- 803

tion based on the previous UI screenshot and 804

the current UI screenshot, and output it in the 805

form of low-level instructions. 806

• AndroidControl data supplemented with low- 807

level instruction descriptions in the user 808

prompts(see Figure 7). Adding the low-level 809

instructions of the current action to the user 810

prompt can significantly improve the model’s 811

low-level prediction ability. 812

• GUI Odyssey data enhanced by incorporat- 813

ing historical screenshots in the action his- 814

tory(see Figure 8). In each step of the histori- 815

cal actions within the user prompt, add histor- 816

ical screenshots and represent the historical 817

actions in a high-level form, thereby enhanc- 818

ing the model’s understanding of the task and 819

the accuracy of planning. 820
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Data Type Action Space (JSON format)

Web

{"name": "computer_use", "arguments": {"action": "key", "keys": ["ctrl", "a"]}}
{"name": "computer_use", "arguments": {"action": "left_click", "coordinate": [x, y]}}

{"name": "computer_use", "arguments": {"action": "type", "text": "text"}}
{"name": "computer_use", "arguments": {"action": "answer", "text": "text"}}

{"name": "computer_use", "arguments": {"action": "terminate", "status": ["success"]}}
{"name": "computer_use", "arguments": {"action": "wait", "time": "time"}}

(Total 15 action types...)

Mobile

{"name": "mobile_use", "arguments": {"action": "system_button", "button": "enter"}}
{"name": "mobile_use", "arguments": {"action": "click", "coordinate": [x, y]}}

{"name": "mobile_use", "arguments": {"action": "type", "text": "text"}}
{"name": "mobile_use", "arguments": {"action": "swipe", "coordinate": [x, y], "coordinate2": [x, y]}}

{"name": "mobile_use", "arguments": {"action": "type", "text": "text"}}
{"name": "mobile_use", "arguments": {"action": "status", "button": "success"}}

{"name": "mobile_use", "arguments": {"action": "wait", "time": "time"}}
(Total 11 action types...)

Table 7: Action space specifications for Web and Mobile environments

Action Functions for ScaleTrack in the Mobile Environment

You are a helpful assistant.
Tool
You may call one or more functions to assist with the user query.
You are provided with function signatures within XML tags:
{"type": "function", "function": {"name_for_human": "mobile_use", "name": "mobile_use",
"description": "Use a touchscreen to interact with a mobile device, and take screenshots.
This is an interface to a mobile device with touchscreen. You can perform actions like
clicking, typing, swiping, etc.
Some applications may take time to start or process actions, so you may need to wait and
take successive screenshots to see the results of your actions.
The screen's resolution is 644x1400.
Make sure to click any buttons, links, icons, etc with the cursor tip in the center of the
element. Don't click boxes on their edges unless asked.", "parameters": {"properties":
{"action": {"description": "The action to perform. The available actions are:
key: Perform a key event on the mobile device. This supports adb's keyevent
syntax. Examples: "volume_up", "volume_down", "power", "camera", "clear".
click: Click the point on the screen with coordinate (x, y).
long_press: Press the point on the screen with coordinate (x, y) for specified seconds.
swipe: Swipe from the starting point with coordinate (x, y) to the end point with
coordinates2 (x2, y2).
type: Input the specified text into the activated input box.
system_button: Press the system button.
open: Open an app on the device.
wait: Wait specified seconds for the change to happen.
terminate: Terminate the current task and report its completion status."
...

For each function call, return a json object with function name and arguments within XML
tags:
{"name": , "arguments": }

Resolution

Figure 5: System prompt in mobile environments.

Figure 6: AGUVIS data processed with backtrack augmentation.
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Figure 7: AndroidControl data supplemented with low-level instruction descriptions in the user prompts.

Figure 8: GUI Odyssey data enhanced by incorporating historical screenshots in the action history.
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