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Abstract001

Driven by advances in Vision-Language Mod-002
els (VLMs), computer-using agents have re-003
cently demonstrated remarkable capabilities in004
complex reasoning, software control, and the005
automation of digital workflows. However, the006
existing step-by-step paradigm requires exten-007
sive interaction with the model, and the result-008
ing query latency emerges as a key bottleneck009
for real-world adoption. To address this limi-010
tation, we propose that agents should be able011
to output a sequence of actions after each ob-012
servation, enabling efficient execution without013
constant model queries. In this work, we intro-014
duce OS-CATALYST, a method that transforms015
standard computer-using models into agents016
with the capability of action sequence predic-017
tion. To enable this, we design a data collec-018
tion pipeline tailored for compressed action019
trajectories in computer-using environments.020
Building on this pipeline, we construct a large-021
scale dataset within the WorkArena benchmark022
and train computer-using agents for action se-023
quence prediction. Through extensive experi-024
ments, we show that OS-CATALYST enables up025
to 50% faster task completion on office-related026
benchmarks without sacrificing success rate.027
Our resources are available at link.028

1 Introduction029

In recent years, the rapid development of Large030

Language Models (LLMs) (Anthropic, 2025; Ope-031

nAI, 2025a; Bai et al., 2025) has driven LLM-based032

agents to become a key research focus in both033

academia and industry (OpenAI, 2025b; Manus,034

2025). These agents demonstrate strong capa-035

bilities in information processing and knowledge036

reasoning, with growing potential for handling037

complex tasks through direct interactions with op-038

erating systems and applications. In particular,039

“computer-using agents” (Cheng et al., 2024; An- 040

thropic, 2025; Qin et al., 2025; Sun et al., 2024b) 041

are designed to simulate human–computer interac- 042

tions by operating directly on Graphical User Inter- 043

faces (GUI), perceiving dynamic layouts, ground- 044

ing references to interface elements, and planning 045

subsequent actions. Such agents are expected to 046

reduce operational barriers for both daily affairs 047

and professional tasks, thereby advancing human– 048

computer collaboration. 049

Currently, GUI agents (OpenAI, 2025a; Liu 050

et al., 2025c) primarily interact through the step- 051

by-step paradigm shown in Figure 1 (a). Given 052

an instruction, the model processes inputs such as 053

screenshots or accessibility trees, and iteratively 054

produces reasoning and corresponding actions un- 055

til completion. Multi-agent frameworks (Agashe 056

et al., 2025a; Jia et al., 2024; Wu et al., 2024) follow 057

a similar paradigm with additional planning stages. 058

Such an interaction paradigm requires agents to 059

execute 10 to 30 steps to complete a single GUI 060

task, with model querying accounting for most of 061

the execution time. Consequently, completing a 062

single GUI task often takes at least several minutes, 063

introducing nontrivial bottlenecks for real-world 064

deployment and commercial adoption. 065

However, we observe that in many scenar- 066

ios, especially office-related tasks, this interactive 067

paradigm leaves significant room for compression. 068

In fact, it is often unnecessary to obtain a new 069

observation before every single action. For hu- 070

mans, when completing tasks such as filling out 071

a form, a single round of observation is often 072

sufficient to determine the type and location of 073

several subsequent actions, as shown in Figure 1 074

(b). Inspired by this observation, we propose OS- 075

CATALYST, which introduces a novel interaction 076

paradigm for GUI agents. OS-CATALYST inte- 077
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(a) Generate Action Step by Step (b) Generate Action Sequence (OS-Catalyst)
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Figure 1: Main idea of OS-CATALYST. Traditional GUI agents generate actions step by step (a), which incurs
repeated model–environment interactions and high latency. OS-CATALYST (b) enables the model to predict multiple
valid actions in one step, thus compressing trajectories and improving execution efficiency.

grates action-sequence prediction idea, a tailored078

data compression pipeline, and fine-tuning strate-079

gies, enabling models to output coherent multi-step080

action sequences from a single observation.081

We conduct measurements on082

WorkArena (Drouin et al., 2024), a bench-083

mark designed for GUI-based office tasks. The084

results reveal that if the model outputs the085

maximal feasible sequence of actions after each086

observation, at least 50% of task execution steps087

can be eliminated. However, current models088

are unable to correctly infer such multi-step089

action sequences through prompt-based guidance090

alone. This suggests that existing GUI agents can091

hardly reason about longer action plans within a092

given observation. To address this, we construct093

a dataset within the WorkArena environment094

and train models based on UI-TARS (Qin et al.,095

2025). OS-CATALYST achieves up to a 50%096

reduction in task execution times compared with097

the step-by-step paradigm.098

• We propose a novel direction to improve the099

efficiency of GUI agents through adaptive100

action compression, which reduces unneces-101

sary observations between sequential actions.102

• We construct a dataset and develop corre-103

sponding models within the WorkArena envi-104

ronment, enabling multi-step action prediction105

from a single observation.106

• We achieve up to 50% reduction in task exe-107

cution time on office benchmarks, demonstrat-108

ing the effectiveness of OS-CATALYST. 109

2 Related Work 110

Computer-using agents. Unlike early LLM- 111

based agents that parse GUIs into structured 112

text (Deng et al., 2023; Zhou et al., 2024) and 113

navigate through tools (Sun et al., 2024a) or API 114

calls (Wu et al., 2024; Zhang et al., 2024a), VLM- 115

based GUI agents directly perceive raw screen- 116

shots and output atomic keyboard/mouse opera- 117

tions—boosting adaptability while introducing new 118

challenges. First, VLMs must perceive detailed in- 119

formation and localize elements in high-resolution 120

screenshots. Beyond supervised pre-training on 121

grounding datasets (Cheng et al., 2024; Chen et al., 122

2024b; Xu et al., 2024; Gou et al., 2024; Wu et al., 123

2025c), efforts include training on high-resolution 124

processing (Hong et al., 2024; Yang et al., 2024; 125

Li et al., 2024) or token selection (Ge et al., 2024; 126

Wu et al., 2025b; Zhang et al., 2024b) modules, 127

and designing reasoning strategies for dynamic 128

focusing or test-time scaling (Wu et al., 2025a; 129

Yang et al., 2025; Liu et al., 2025b). Furthermore, 130

computer-using agents require strong multi-turn 131

planning capabilities (Xie et al., 2024b; Sun et al., 132

2025). Two mainstream approaches exist: one uses 133

elaborately designed agentic workflows for propri- 134

etary VLMs (Zhang et al., 2025b; Jiang et al., 2025; 135

Zheng et al., 2024a; Wang et al., 2024; Jia et al., 136

2024; Agashe et al., 2025b), comprising external 137

modules for hierarchical planning, memory orga- 138

nization, and multi-agent collaboration; the other 139
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conducts supervised fine-tuning and reinforcement140

learning to endow open-source VLMs with native141

long-horizon reasoning and error recovery (Wang142

et al., 2025a; Xia and Luo, 2025; Liu et al., 2025a;143

Qi et al., 2024).144

Efficiency of agent workflows. Agentic work-145

flows rooted in the CoT (Wei et al., 2022) and146

ReAct-style (Yao et al., 2023) paradigms unlock147

LLMs’ capabilities for complex tasks, while simul-148

taneously significantly increasing tool invocation149

complexity and context length—ultimately leading150

to higher costs and degraded performance. To ad-151

dress the issue of reasoning inefficiency, within the152

multi-agent setup, DAAO (Su et al., 2025) lever-153

ages the complementary advantages of heteroge-154

neous models and introduces LLM routing based155

on query difficulty estimator to implement an adap-156

tive orchestration system. Optima (Chen et al.,157

2024a) and Puppeteer (Dang et al., 2025) integrate158

the balance between performance and efficiency159

into reward functions, continuously enhancing the160

system’s dynamic orchestration and adaptive evo-161

lution capabilities through reinforcement learning.162

In the specific context of computer-using tasks,163

OS-Copilot (Wu et al., 2024), Mobile-Agent-164

E (Wang et al., 2025b), and AppAgentX (Jiang165

et al., 2025) extract repetitive patterns from his-166

torical actions, organize them into shortcuts or167

tool scripts, and store these in long-term mem-168

ory for reuse and improved efficiency. Similarly,169

UFO2 (Zhang et al., 2025a) incorporates specu-170

lative multi-action output; yet GUI environments171

require system API calls for robust execution as tar-172

get elements shift unpredictably. Dyna-Think (Yu173

et al., 2025) demonstrates effective multi-action174

reasoning under accessibility-tree–based UI repre-175

sentation, leveraging structured semantic and hi-176

erarchical information. In contrast, models rely-177

ing purely on visual observations still struggle to178

achieve comparable quality, lacking explicit struc-179

tural cues. OSWorld-Human (Abhyankar et al.,180

2025) recognizes this limitation and provides man-181

ually grouped action annotations as an evaluation182

benchmark. Building on this insight, we internal-183

ize prediction of environmental dynamics into the184

model through large-scale supervised training.185

3 Method186

We propose OS-CATALYST, a method that enables187

GUI agents to improve efficiency by adaptively188

predicting action sequences. In the following, we189

detail the components of OS-CATALYST. We first 190

introduce the formulation of action sequences and 191

describe how they are executed in the environment. 192

Next, we present the dataset construction pipeline, 193

which produces both step-level and compressed 194

trajectories. Finally, we present the overall process 195

of training our model. 196

3.1 Action Sequence Formulation 197

Most GUI agents today work step by step: the 198

model outputs one action (or a fixed combination 199

of two actions, for example, a click followed by 200

a type), the environment executes it, and then the 201

model is prompted again to predict the next ac- 202

tion (Sun et al., 2024b; Gou et al., 2024). This 203

repeats until task completion. While simple, this 204

approach is often inefficient. For example, imag- 205

ine a form that requires filling multiple fields. A 206

human can look at the page once and immediately 207

know the next several operations, such as clicking 208

field A → typing the name, then clicking field B → 209

typing the gender, and so on. 210

Inspired by this, we expect the model to predict 211

multiple consecutive actions in advance as well. 212

The model should adaptively decide the length and 213

content of the sequence based on the task, interface, 214

and progress. We define an action sequence as a 215

short list of consecutive actions predicted at once. 216

The environment executes them one by one in order, 217

but the model is prompted only after the entire 218

sequence completes, reducing model-environment 219

interactions and overall execution time. 220

Let st be the environment state at step t. The 221

model first generates a thought ht, which describes 222

its plan for the next steps, and then outputs an 223

action sequence 224

At = {at1 , at2 , . . . , atk}, k ≤ K, 225

where ai is an atomic action and K is the maxi- 226
mum sequence length. The environment executes 227

At sequentially: 228

st+1 = T (st, at1 , at2 , . . . , atk), 229

where T denotes the process that interprets the 230
model’s action output and applies the correspond- 231

ing action in the environment. After At is finished, 232

the model receives st+1 and predicts the next pair 233

(ht+1, At+1). 234

3.2 Dataset Construction 235

We first attempt to use prompts to let the model 236

output multiple actions. However, we found two 237
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Figure 2: Data construction pipeline of OS-CATALYST. From sampled trajectories, we merge consecutive actions
validated by similarity and region checks, regenerate thoughts, and fine-tune the model on the compressed trajecto-
ries.

major problems. First, the model had no aware-238

ness of producing action sequences and would not239

attempt multi-step actions within the current inter-240

face. Second, even when action sequences were241

produced, the accuracy was very low. Therefore,242

we construct a dataset for post-training to enhance243

the model’s multi-step planning and action pre-244

diction ability. The complete dataset construction245

process is shown in Figure 2.246

Raw Trajectory Collection. WorkArena247

(Drouin et al., 2024) is an enterprise software248

environment built on the ServiceNow1 platform to249

evaluate GUI agents on realistic knowledge-work250

tasks such as form filling, list filtering, informa-251

tion retrieval, service catalog usage, and menu252

navigation. It provides multimodal observations253

(HTML, accessibility tree, screenshots) and254

automatic validation for task completion. In255

WorkArena, each type of task is defined by a task256

template. By randomly sampling the conditions257

and input values within a template, multiple258

task instances can be constructed. WorkArena259

provides a cheat_function that generates correct260

Playwright action trajectories for any task configu-261

ration, enabling reliable ground-truth trajectories262

for training.263

We collect a total of 420 trajectories across 21264

tasks. Each trajectory contains the sequence of en-265

vironment states (including screenshots) along with266

1
https://www.servicenow.com/

the corresponding atomic actions (click, type, se- 267

lect, etc.) and their associated bounding boxes, 268

forming the raw data for subsequent action se- 269

quence compression and training. Formally, let a 270

trajectory be τ = {(si, ai)}Ti=1, where si is the en- 271

vironment state (including screenshot Ii and other 272

structural views) at step i, and ai is the atomic 273

action with its bounding box. 274

Thought Generation. Previous work has shown 275

that explicitly modeling the reasoning process can 276

improve the inference ability of GUI agents (Qin 277

et al., 2025; Zhang et al., 2025c). Following this, 278

we augment raw trajectories with a thought before 279

each action that reflects the agent’s consideration 280

of what to do next. 281

To generate thought hi for action ai, we pro- 282

vide GPT-4o (Hurst et al., 2024) with screenshot 283

pair (Ii, Ii+1) together with the executed action 284

ai. In the screenshots, the bounding box of the 285

element involved in ai is highlighted with a red 286

rectangle to help the model identify the relevant 287

interface element. The model then produces a natu- 288

ral language description that explains the intention 289

of ai by referring to how it changes the interface 290

from si to si+1. The augmented trajectory is thus 291

τ̃ = {(si, hi, ai)}Ti=1. 292

Thus, each action is aligned with both its exe- 293

cution context and a reasoning thought, providing 294

extra supervision to support task understanding. 295
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Trajectory Compression Pipeline. In GUI tasks,296

action sequences cannot be arbitrarily compressed,297

since some actions trigger interface changes that298

make it impossible to predict the next action with-299

out updated observation. To obtain trajectories300

with action sequences, we design a compression301

pipeline that transforms raw step-by-step trajecto-302

ries into compressed ones, as shown in Figure 2.303

Let a raw trajectory be τ = {(si, hi, ai)}Ti=1 from304

WorkArena. We sequentially check whether ad-305

jacent steps can be merged. The prerequisite is306

that the first action does not affect the element in-307

volved in the second one. If the previous action308

includes navigating to another page or scrolling,309

the condition is not satisfied.310

Pair preparation. From τ we build adjacent can-311

didates consisting of P = (st, at, st+1, at+1).312

Check 1: Similarity & Rule. For each313

pair, we compute the Structural Similarity Index314

(SSIM) (Wang et al., 2004) between consecutive315

screenshots Ii and Ii+1. Only pairs with similar-316

ity greater than a threshold (0.9 in this work) are317

retained, filtering out major interface transitions.318

We also add a restriction that if the first action is319

a scroll or any operation that inevitably changes320

the page layout, the pair is filtered out.321

Check 2: Region Match. For the remaining pairs,322

we perform local verification. The key criterion323

for compression is whether the first action changes324

the position or state of the element involved in the325

second action. To verify this, we use the bounding326

box bi+1 of the second action and crop the corre-327

sponding regions from screenshots Ii and Ii+1. We328

then query GPT-4o with these cropped regions and329

the action descriptions to decide whether the two330

actions can be safely merged. This step ensures331

that the element required by the second action re-332

mains stable and does not depend on intermediate333

model feedback.334

Action Merge. We greedily merge consecutive335

actions as long as both checks pass, forming a com-336

pressed sequence At = {at1 , at2 , . . . , atk}, k ≤ K,337

with K = 5 as the maximum sequence length. The338

merged sequence is then stored in the compressed339

trajectory τ̂ .340

New Thought Generation. Since original341

thoughts hi are tied to atomic actions, we re-342

generate a new thought ĥt for each compressed343

sequence At. To do this, we prompt GPT-344

4o (Hurst et al., 2024) with the start and end345

screenshots (Ii, Ii+k), and the original thoughts.346

Based on this input, GPT-4o produces a concise347

Table 1: Statistics of our constructed datasets.

Dataset #Traj. Avg. Steps Avg. Actions

Work-Step 420 19.00 1.00
Work-Seq 420 7.58 (-33.8%) 1.51 (+51.0%)

description that explains the reasoning behind ex- 348

ecuting At. The final compressed trajectory is 349

represented as τ̂ = {(st, ĥt, At)}Mj=1, At = 350

{at1 , at2 , . . . , atk}, ∣At∣ ≤ K, which is then used 351

for training. 352

3.3 Dataset Statistics 353

The original WorkArena benchmark contains 25 354

task types. To clearly separate the training and test 355

sets, we select 21 task types for training. For each 356

task type, we collect 20 distinct trajectories using 357

different random seeds, resulting in a total of 420 358

trajectories. Based on these raw trajectories, we 359

construct two datasets that differ in how the actions 360

are represented and organized. 361

Work-Step is built from the raw trajectories 362

by adding a thought to each atomic action, as de- 363

scribed in Section 3.2. The dataset keeps the origi- 364

nal step-by-step format with reasoning information. 365

Work-Seq is built from Work-Step using the 366

compression pipeline described in Section 3.2. In 367

this process, consecutive actions are merged into an 368

action sequence when the conditions are satisfied. 369

Table 1 summarizes the statistics of constructed 370

datasets. Compared to Work-Step , Work-Seq sig- 371

nificantly reduces the average step length to 12.6 372

(-33.8%), due to the increase of the average num- 373

ber of actions per step to 1.51 (+51.0%). Further 374

details of the dataset can be found in Appendix D. 375

3.4 Training Strategy 376

To train models to generate coherent action se- 377

quences, we adopt a supervised objective that cou- 378

ples thoughts with actions. Unlike single-step pre- 379

diction, sequence generation requires the model 380

to decide whether subsequent actions are deter- 381

minable from the current observation and unaf- 382

fected by earlier actions. If so, they can be merged 383

as a sequence; otherwise, the model should stop 384

and wait for new observation. By training thoughts 385

and actions together, we encourage the model to 386

use thoughts for multi-step planning, enabling co- 387

herent action sequence prediction. 388

Context-Aware Formulation. Another design 389

choice is to include recent interaction history. Us- 390
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ing only the current screenshot leaves the model391

unaware of past actions, while conditioning on the392

full trajectory can exceed the context window and393

introduce noise. To balance this, we use the last394

L = 5 steps as context, capturing short-term depen-395

dencies (e.g., opening a menu before selecting an396

option). Each training instance conditions on the397

last L steps,398

Ct = {(st−L, ht−L, At−L), . . . , (st−1, ht−1, At−1)},399

and the current state st, to predict both the next400

thought ht and action sequence At.401

Thought–Action Training. We model the joint402

generation of thought ht and action sequence At as403

pθ(ht, At ∣ It, Ct) =
∣ht∣
∏
j=1

pθ(ht,j ∣ It, Ct, ht,<j)

×
∣At∣
∏
m=1

pθ(At,m ∣ It, Ct, ht, At,<m).
404

Training uses the standard next-token cross-405
entropy objective:406

L(θ) = −
T

∑
t=1

(
∣ht∣
∑
j=1

log pθ(ht,j ∣ It, Ct, ht,<j)

+
∣At∣
∑
m=1

log pθ(At,m ∣ It, Ct, ht, At,<m)).
407

4 Experiment408

4.1 Evaluation Benchmark409

WorkArena. We evaluate our method on410

WorkArena (Drouin et al., 2024), a benchmark411

ideal for testing action-compression due to its412

focus on automating multi-step business tasks.413

WorkArena simulates repetitive, structured office414

workflows such as list operations, form filling, and415

service catalog tasks, where employees naturally416

execute predictable action sequences. This makes417

it well-suited for assessing our method’s efficiency418

in generating multiple actions per turn, as complet-419

ing tasks requires the model to plan and compress420

logical sequences into cohesive outputs.421

Since the benchmark contains 25 task types422

and we use 21 types for training, the first test set423

(WorkArena(Seen)) contains tasks from the same424

21 types but generated with different random seeds.425

This results in 84 distinct tasks that occur in the426

same scenarios as the training set, but differ in427

their specific requirements. The second test set 428

(WorkArena(Unseen)) is built from the remain- 429

ing 4 task types that are excluded from training. 430

This set includes 16 tasks and serves to evaluate 431

the generalization ability of the models to novel 432

task types. 433

OSWorld. OSWorld (Xie et al., 2024a) evaluates 434

computer-use agents across heterogeneous soft- 435

ware environments (office tools, operating systems, 436

browsers, developer applications), making it well- 437

suited for assessing cross-domain generalization. 438

We use OSWorld to test whether OS-CATALYST 439

transfers beyond WorkArena. 440

4.2 Model Settings 441

UI-TARS. We use UI-TARS (Qin et al., 2025) as 442

our model, a GUI agent that takes screenshots as 443

input and produces human-like interactions (mouse 444

clicks, keyboard typing, etc.). Unlike systems rely- 445

ing on prompt engineering or workflow wrappers, 446

UI-TARS is an end-to-end model that unifies per- 447

ception, grounding, reasoning, and action directly. 448

4.3 Baseline Construction 449

We consider four groups of models: (1) The origi- 450

nal UI-TARS-7B-DPO and UI-TARS-72B-DPO with 451

default prompting that predicts actions step by step. 452

(2) The same UI-TARS models prompted to output 453

action sequences on each page without additional 454

training, denoted as UI-TARS(prompt). (3) UI- 455

TARS fine-tuned on the Work-Step dataset with 456

step-by-step trajectories augmented with thoughts, 457

denoted as UI-TARS(Work-Step). (4) UI-TARS 458

fine-tuned on the Work-Seq dataset with com- 459

pressed action sequences and thoughts, i.e., UI- 460

TARS(Work-Seq). 461

4.4 Metrics 462

Task Success. We evaluate success rate using 463

WorkArena’s rule-based outcome validator. How- 464

ever, WorkArena tasks are long-tailed, often re- 465

quiring over 30 steps, making them overly difficult 466

for current GUI models. To better capture model 467

performance under such challenging settings, we 468

implement a Partial Success Rate (PSR) validator 469

that reflects partial progress more fairly. For list 470

tasks, we distribute 1.0 point evenly across input 471

boxes in the filter panel. For form tasks, we allocate 472

0.2 points for correct submission and distribute the 473

remaining 0.8 across all required items. For service 474

catalog tasks, we allocate 0.3 points for navigation, 475
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Table 2: Evaluation results on WorkArena(Seen). The first three metrics are success rate (SR), partial success rate
(PSR), number of action per step (#A/S). We use UI-TARS(Work-Step) as the baseline to compute the relative
changes of efficiency metrics for UI-TARS(Work-Seq). For SR, PSR, and efficiency metrics, we highlight the best
(bold) and second-best (underline) results.

Model SR PSR #A/S Step Time (s) Task Time (s)

7B Models

UI-TARS-7B-DPO 0.036 0.072 1.00 11.66 580.80
UI-TARS(prompt) 0.024 0.072 1.00 7.95 381.02
UI-TARS(Work-Step) 0.095 0.267 1.00 12.00 291.41
UI-TARS(Work-Seq) 0.083 0.277 1.33 (+33.0%) 9.20 147.90 (-49.2%)

72B Models

UI-TARS(Work-Step) 0.079 0.210 1.00 15.19 389.41
UI-TARS(Work-Seq) 0.060 0.294 1.20 (+20.0%) 13.02 308.50 (-20.8%)

0.1 for submission, and distribute the remaining476

0.6 across requested configurations.477

Efficiency Metrics We also report three metrics478

that measure execution efficiency. A/S (actions479

per step) denotes the average number of valid ac-480

tions per model output, excluding steps with no481

executable action. Step Time (s) measures the aver-482

age latency per output, while Task Time (s) reflects483

the total time to finish a task, accumulating both484

step-level latencies and step count.485

5 Main Result and Analysis486

5.1 How Does OS-CATALYST Improve487

Efficiency?488

WorkArena(Seen) Results. For both 7B and489

72B settings, Work-Seq trained models achieve490

notable efficiency improvements over Work-Step.491

Specifically, UI-TARS(Work-Seq) reduces average492

task time from 291.4s to 147.9s (7B, 50% reduc-493

tion) and from 389.4s to 308.5s (72B), while main-494

taining comparable success rates. Compared to495

the base model and prompt-only variant, which al-496

most never output multiple actions per step (A/S497

= 1.0), UI-TARS(Work-Seq) achieves 1.33 (7B)498

and 1.20 (72B) actions per step, reducing model-499

environment interactions and substantially shorten-500

ing task duration.501

WorkArena(Unseen) Results. On the Unseen502

set with four untrained task, UI-TARS(Work-Seq)503

maintains efficiency advantages. For 7B models, it504

reduces average task time to 135.1s versus 157.4s505

for UI-TARS(Work-Step) and over 300s for the506

base model. For 72B models, task time decreases507

from 405.9s to 360.3s. UI-TARS(Work-Seq) also508

achieves higher average actions per step (1.28 for509

7B and 1.25 for 72B) on unseen tasks, indicating 510

that action sequence prediction generalizes beyond 511

training tasks and yields consistent efficiency gains. 512

Action Sequence Type. We analyze the distri- 513

bution of action sequence types produced by UI- 514

TARS(Work-Seq). As shown in Figure 3, most 515

sequences have two actions, with some successful 516

cases containing three or four. The most frequent 517

patterns are [click, type] and [click, click], 518

corresponding to common GUI interactions like se- 519

lecting a field then typing, or navigating menus 520

through consecutive clicks. Other action sequence 521

types also carry concrete meaning, such as [click, 522

type, click] for filling in a field followed by con- 523

firmation, and [click, type, click, type] for 524

completing two consecutive fields in a form. Over- 525

all, this distribution suggests that OS-CATALYST 526

enables the model to generate action sequences in 527

a way that reflects common interaction patterns 528

observed in real GUI tasks. Examples of action 529

sequences in Appendix C.1. 530

5.2 How Does OS-CATALYST Perform on 531

Task Success Rate? 532

On the Seen set, UI-TARS(Work-Seq) achieves suc- 533

cess rates that are close to those of UI-TARS(Work- 534

Step), with 0.083 vs. 0.095 for the 7B models and 535

0.060 vs. 0.079 for the 72B models. This shows 536

that UI-TARS(Work-Seq) method does not com- 537

promise the ability to complete tasks. Additionally, 538

UI-TARS(Work-Seq) consistently yields the high- 539

est partial success rates, reaching 0.277 (7B) and 540

0.294 (72B). Compared with the base UI-TARS 541

models without additional training, both fine-tuned 542

variants achieve higher SR and PSR, suggesting 543

that training improves the model’s understanding 544

of the WorkArena environment. On the Unseen 545
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Table 3: Evaluation results on WorkArena(Unseen). We use UI-TARS(Work-Step) as the baseline to compute the
relative changes of efficiency metrics for UI-TARS(Work-Seq). For SR, PSR, and efficiency metrics, we highlight
the best (bold) and second-best (underline) results. Step Time values are reported without relative changes.

Model SR PSR A/S (non-empty) Step Time (s) Task Time (s)

7B Models

UI-TARS-7B-DPO 0.063 0.125 1.00 6.35 309.80
UI-TARS(prompt) 0.063 0.100 1.00 10.84 500.48
UI-TARS(Work-Step) 0.000 0.157 1.00 9.12 157.38
UI-TARS(Work-Seq) 0.063 0.129 1.28 (+28.0%) 7.41 135.15 (-14.1%)

72B Models

UI-TARS(Work-Step) 0.063 0.205 1.00 20.2 405.9
UI-TARS(Work-Seq) 0.063 0.180 1.25 (+25.0%) 14.7 360.3 (-11.2%)
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set, UI-TARS(Work-Seq) achieves comparable suc-546

cess rates to the baselines, with 0.063 SR for both547

7B and 72B models. It also sustains strong partial548

success rates (0.129 and 0.180), showing that OS-549

CATALYST generalizes to new task types. Overall,550

these results show that OS-CATALYST improves551

efficiency without reducing task success, and its552

ability to predict action sequences transfers to tasks553

outside the training set.554

5.3 How Does OS-CATALYST Perform on555

Cross-Domain Settings?556

To assess generalization beyond the WorkArena en-557

vironment, we further evaluate OS-CATALYST on558

OSWorld. Figure 4 reports the average actions per559

step (A/S) across task domains. OS-CATALYST560

consistently maintains non-trivial action-sequence 561

prediction ability across unseen environments, 562

achieving A/S values ranging from 1.219 (Chrome) 563

to 1.367 (LibreOffice_Calc). Task domains with 564

more frequent page transitions tend to yield lower 565

A/S values (e.g., chrome, thunderbird), as such 566

patterns limit multi-action opportunities within a 567

single interface state. This aligns with human an- 568

notation statistics reported in Table 3 of OSWorld- 569

Human (Abhyankar et al., 2025), where grouped 570

steps in several LibreOffice-related tasks show sub- 571

stantially greater reduction compared to single-step 572

interactions, suggesting higher inherent compres- 573

sion potential in office-style environments. 574

These results suggest that OS-CATALYST can 575

transfer its adaptive compression capability to het- 576

erogeneous GUI environments without retraining, 577

showing potential robustness to domain shifts. 578

6 Conclusion 579

We propose OS-CATALYST, a method that im- 580

proves the efficiency of computer-using agents 581

through adaptive action compression. By allowing 582

models to predict multiple consecutive actions from 583

a single observation, OS-CATALYST reduces re- 584

dundant model–environment interactions and short- 585

ens overall task duration. To enable this capability, 586

we construct two datasets in the WorkArena en- 587

vironment, supporting both step-level interaction 588

and compressed action sequences. Experiments 589

show that OS-CATALYST achieves up to a 50% 590

reduction in task execution time while maintaining 591

comparable task success rates, highlighting the po- 592

tential of sequence-level action prediction as a new 593

approach for GUI agents. In future work, we hope 594

this approach can generalize to broader application 595

scenarios, further advancing the development of 596

efficient and practical GUI agents. 597
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Limitations598

While the environment, benchmark, and method599

proposed in this work demonstrate the potential to600

advance the safety research of mobile GUI agents,601

it is important to acknowledge some limitations:602

Verifier Dependency. In our hybrid method, our603

Formal Verifier relies on obtaining system state604

traces, which are currently accessible only on open605

platforms such as Android. This makes the ap-606

proach less directly applicable to closed environ-607

ments such as iOS. Nevertheless, we believe that608

such ideas could be adapted and extended to other609

platforms according to practical needs.610

Environment. We construct as a simulated en-611

vironment and derive a frozen dataset from it to612

form . While our experiments demonstrate strong613

closeness between the live and frozen settings, cer-614

tain discrepancies inevitably remain, for example,615

random push notifications under online network616

conditions. However, we believe these differences617

do not undermine the general conclusions of our618

study, and future work can be expected to further619

reduce such gaps.620

Broader Impacts621

Computer agents operating in an OS environment622

may potentially interfere with the normal function-623

ing of a system. In this work, however, all experi-624

ments are conducted within controlled virtual en-625

vironments, which eliminates risks to real devices626

or user accounts. The instructions and trajectories627

used in our study are released solely for research628

purposes, and we encourage interested researchers629

to conduct experiments using our provided environ-630

ment or benchmark rather than applying them to631

their own devices or personal accounts. This pre-632

caution is intended to avoid any unintended harm633

or irreversible consequences to real systems and634

communities.635
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Twelfth International Conference on Learning Repre-928
sentations.929

A Large Language Model Usage 930

In this submission, we leverage LLMs to support 931

and refine the writing process, including grammar 932

and typo correction, and the identification of related 933

work. 934

B Experimental Details 935

B.1 Environment Selection 936

Among the available GUI benchmarks with diverse 937

features, we selected WorkArena for our exper- 938

iments. This choice was motivated by the fact 939

that WorkArena tasks generally require a relatively 940

higher number of steps too complete. Moreover, 941

the office scenario naturally lends itself to sequen- 942

tial action execution, making it well-suited for ob- 943

serving how models learn to perform multi-step 944

operations. Following WorkArena, the same team 945

introduced WorkArena++, which incorporates com- 946

plementary tasks along with more fundamental in- 947

teractions. However, we found WorkArena++ to be 948

excessively challenging—tasks often exceed 100 949

steps in length, and preliminary tests showed that 950

both GPT-4o and GPT-4o-v achieved near-zero suc- 951

cess rates. Consequently, we decided not to adopt 952

WorkArena++ for this study. 953

Action Definition Parameter

click Clicks at coordinates. start_box
left_double Double-clicks at coordinates. start_box
right_single Right-clicks at coordinates. start_box
drag Drags from start to end. start_box, end_box
hotkey Presses a keyboard shortcut. key
type Types specified content. content
scroll Scrolls in the given direction. start_box, direction
wait Pauses for 5s. /
finished Marks the task as complete. /
call_user Requests user intervention. /

Table 4: Action space with definitions and parameters.

B.2 Action Space 954

We follow the action space design of UI-TARS, 955

while adapting it to our model and dataset. 956

In particular, the action space of the model 957

includes click, left_double, right_single, 958

drag, hotkey, type, scroll, wait, finished, 959

and call_user. The definition and parameter are 960

shown in Table 4. 961

B.3 Fine-Tuning Setup. 962

We apply the training strategy in Section 3.4 to fine- 963

tune the base models. For the UI-TARS-7B-DPO 964

model, we adopt full SFT for 4 epochs using the ms- 965

swift (Zhao et al., 2024) framework, with a learning 966
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rate of 1×10
−4. For the UI-TARS-72B-DPO model,967

we adopt LoRA-based SFT with rank 8 and train for968

4 epochs with the learning rate of 1 × 10
−5, as full969

SFT is infeasible under our resource constraints.970

Here we use LLaMA-Factory (Zheng et al., 2024b)971

framework for lora fine-tuning.972

C Case Study973

In this section, we present representative cases to974

illustrate the behavior of UI-TARS(Work-Seq). We975

include both success and failure examples to show976

how the model generates action sequences in prac-977

tice.978

C.1 Success Case Examples979

Figure 5 and Figure 6 are two success case that980

demonstrate our model’s ability to output consecu-981

tive actions. In both examples, the model correctly982

follows the task instructions and current page state983

to generate coherent sequences of 3–4 actions.984

C.2 Failure Case Examples985

We further examine representative failure cases986

of our model. As shown in Figure 7–9, they987

can be grouped into three categories: (1) over-988

compression, where the model outputs an exces-989

sively long action sequence beyond what is feasible990

for the current state; (2) under-compression, where991

the model fails to merge actions even though multi-992

ple steps could safely be combined; (3) incorrect993

element localization, where the target referenced994

in the thought is inconsistent with the executed995

coordinates; These cases illustrate the challenges996

that remain for robust multi-action planning in GUI997

environments, and addressing them constitutes an998

important direction for future work.999

While these limitations remain, OS-CATALYST1000

has already led to substantial efficiency improve-1001

ments over previous methods, reducing overall task1002

time by approximately 50% and decreasing the1003

average number of interaction steps by 33%.1004

D Dataset Details1005

In this section, we provide additional details of the1006

datasets used for training in OS-CATALYST. As1007

described in Table 1, our data consists of two sub-1008

sets: Work-Step and Work-Seq, both constructed1009

within the WorkArena benchmark environment.1010

Each dataset is designed to support the develop-1011

ment of GUI agents from both step-level interaction1012

and action-sequence perspectives.1013

Figure 5: The task is filling up a form. The model
outputs a succession of four actions, filling up two items
in a row.
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Data Structure. Each trajectory includes:1014

• Screenshots of the interface at each interac-1015

tion step.1016

• Ground-truth thoughts that describe the1017

agent’s intention and intermediate reasoning.1018

• Actions (e.g., click, type, scroll) along1019

with their coordinates and content.1020

• Bounding boxes specifying the UI elements1021

involved in each action.1022

Data Format. The dataset is provided as images1023

and JSON records:1024

• *.png: High-resolution GUI screenshots1025

(1920 × 1080).1026

• *.json: Structured metadata containing1027

thoughts, action definitions, coordinates, and1028

bounding boxes.1029

Licensing and Usage. The dataset will be re-1030

leased under the MIT License and can be used1031

for non-commercial academic research, including1032

model training, benchmarking, and GUI agent au-1033

tomation studies. It permits redistribution and mod-1034

ification with proper attribution.1035

E Prompts1036

E.1 Model Prompts1037

Original prompt that does not require
model to output multiple actions.

You are a GUI agent. You are given a task
and your action history, with
screenshots. You need to perform the
next action to complete the task.

## Output Format
‘‘‘
Thought: ...
Action: ...
‘‘‘

## Action Space
{action_space}

## Note
- Use {language} in ‘Thought‘ part.
- Summarize your next action (with its

target element) in one
sentence in ‘Thought‘ part.

## User Instruction
{instruction}

1038

Updated prompt that requires model to out-
put multiple actions.

You are a GUI agent. You are given a task
and your action history, with
screenshots. You need to perform the
next action(s) to complete the task.

If multiple actions can be performed
independentlymeaning one action does
not interfere with another in terms of
position or elementsyou should output
them together in a single ‘Action‘
block, separated by two newlines
(‘\n\n‘).

## Output Format
‘‘‘
Thought: ...
Action: ...
‘‘‘

## Action Space
{action_space}

## Note
- Use {language} in ‘Thought‘ part.
- Summarize all upcoming actions (with

their target elements) in ‘Thought‘
part.

- In the ‘Action‘ section, include one or
more actions, each on its own line,
separated by two newlines.

- Only include multiple actions if they are
**logically and spatially
independent**.

## User Instruction
{instruction}

1039

E.2 Data Curation Prompts 1040

Prompt for generating thought.

You are a GUI agent that specializes in
reverse-engineering the intent behind
GUI actions.

You will be given a step from an
interaction trajectory. Each step
includes:

- the global instruction to complete,
- the previous actions taken,
- the current action to analyze. (If the

current action involves a coordinate,
the coordinates are normalized values:
absolute coordinates divided by the
original image width or height, then
multiplied by 1000),

- the UI screenshot with the red bounding
box indicating the position of the
action to help you identify the
element involved in the action,

- the UI screenshot after the action is
executed,

1041
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Your job is to identify the element in the
action and infer the *thought* (i.e.,
a small plan or rationale) behind the
current action, and then output it in
the following format:

Thought: {{<thought>}}

The thought should be a small plan and
summarize this action in future tense
(with its target element).

The thought must be consistent with the
global instruction and current action.

The thought should be a plan in a single
sentence in first-person perspective,
and it should not include any code or
action.

If the current action is none, and the
relevant element is already set to the
correct default that satisfies the
instruction, the thought should state
that the default option already meets
the instruction and no further action
is needed.

--- INPUT ---

Instruction: {instruction}

Previous actions: {previous_actions if
previous_actions else "None"}

Current action: {current_action}

Current screenshot:

1042

Prompt for judging whether two action can
be done in one step

You are given two cropped images of GUI
elements. Each image corresponds to
the same position in two consecutive
screenshots from a GUI task execution.

Your task is to determine whether the two
images represent the same GUI element
--- that is, the same underlying
component such as a button, icon, text
label, or menu item --- even if there
are slight visual differences caused
by rendering, state changes (e.g.\
hover or focus), or animations.

Minor differences in appearance should not
affect your decision, as long as the
core identity of the element remains
the same.

Write your reasoning step by step. Then
give your final answer as ‘‘yes’’ or
‘‘no’’ on the last line. (‘‘yes’’
means both images show the same GUI
element.)

1043

The first element:
{image1}
The second element:
{image2}

1044

Prompt for merging thoughts of multiple
actions

In the original GUI task setup, the model
performs step-by-step inference: it
generates a thought and action,
receives an updated screenshot, and
then proceeds with the next thought
andaction. The following is a sequence
of several consecutive thought-action
steps from that setting and
corresponding screenshots.

Now, we want the model to output all
actions in a single step. Your task is
to merge the multiple thoughts into
one coherent and concise thought, as
if the model planned the entire
sequence of actions without receiving
any updated screenshots in between.

While doing this, remove any reasoning or
statements that only exist due to
intermediate screenshots. The final
thought should reflect a continuous
reasoning process that naturally leads
to the full sequence of actions
without any interruptions.

## Output Format
You should output the merged thought

directly in your response, without any
additional text or formatting. The
output should be a single string that
combines all individual thoughts into
one coherent and unified thought.

## Previous Thoughts

1045
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Figure 6: The task is to order a loaner laptop. The model
output a succession of three actions, filling up the last
item and clicked the submit button

Figure 7: In this form filling task, the model clicks to
navigate to the Financial subpage. After this transition,
it should stop and wait for the environment to return the
new page before predicting subsequent actions. How-
ever, the model continues to output additional actions
prematurely.

Figure 8: In this form filling example, the model fills in
the two form fields across two separate steps, whereas
the task can actually be completed in a single step with
four consecutive actions.
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Figure 9: In this example, the correct plan for the model
is to click on the closure information field. However,
the predicted coordinates (marked with a red circle) are
far from the correct location.
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