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ABSTRACT

Vision-Language Models (VLMs) have enabled computer use agents (CUAs) that
operate GUIs autonomously with great potential. However, developing robust
CUAs requires extensive in-domain knowledge about software interfaces and
operations. Unlike image–text pairs that are widely available on the Internet,
computer-use data, particularly operation trajectories, are rare, costly to collect.
Consequently, advancement in this field remains constrained by both data scale and
the limited transferability of existing VLMs. In this work, we introduce ScaleCUA,
a step toward scaling open-source CUAs. It offers a large-scale dataset spanning six
operating systems and 3 task domains, via a closed-loop pipeline uniting automated
agents with human experts. Trained on this scaled-up data, ScaleCUA can operate
seamlessly across platforms. Specifically, it delivers substantial gains over baselines
(+26.6 on WebArena-Lite-v2, +10.7 on ScreenSpot-Pro) and sets new state-of-the-
art results (94.4% on MMBench-GUI L1-Hard, 60.6% on OSWorld-G, 47.4% on
WebArena-Lite-v2). These findings underscore the power of data-driven scaling
for general-purpose cross-platform CUAs. We release data, models, and code to
advance future research: https://github.com/OpenGVLab/ScaleCUA.

1 INTRODUCTION

Humans are able to interact with digital environments through graphical user interfaces (GUIs) to
acquire information and accomplish tasks efficiently. The recent advances in Vision-Language Models
(VLMs), which exhibit powerful capabilities in visual perception and task planning, have made it
increasingly feasible to automate such interactions. Consequently, recent research has increasingly
focused on computer use agents (CUAs), also referred to as GUI agents, aiming to autonomously
operate desktop, mobile, and web platforms by relying exclusively on visual observations.

Some works (Qin et al., 2025; Anthropic, 2025; Hong et al., 2025; OpenAI, 2025; Guo et al., 2025;
Hong et al., 2025) demonstrate strong performance on computer use, while they are typically built on
closed-source models or inaccessible proprietary datasets. More fundamentally, effective computer
use requires rich in-domain knowledge of software and operational procedures, which remains a
substantial gap for current foundation models. Unlike image–text pairs that are abundantly available
on the Internet, computer-use data, particularly fine-grained action trajectories, are scarce, costly to
collect, and not naturally archived online. Furthermore, as software, web pages and operating systems
evolve rapidly, existing trajectories face the risk of obsolescence, further limiting their utility. These
challenges result in a significant bottleneck for scaling computer use agents in both data scale and
model generalizability. To tackle these limitations, we make significant efforts on two aspects: (a)
constructing a large-scale, cross-platform and GUI-centric training corpus, and (b) developing
a family of scalable, versatile foundation models for general-purpose computer use.

We first present a Cross-Platform Interactive Data Pipeline composed of two synergistic loops.
The Agent-Environment Interaction Loop enables automated agents to interact with diverse GUI
environments, while the Agent-Human Hybrid Data Acquisition Loop integrates expert-collected
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Figure 1: Performance comparison. The top row showcases performance overview on GUI-centric
benchmarks. The bottom row demonstrates the consistent improvements from our collected data.

trajectories to ensure coverage and quality. The pipeline spans six major platforms, including
Windows, macOS, Linux, Android, iOS, and Web, which facilitates the collection of rich screen-state
observations, metadata (e.g., A11y Trees, XLM, DOM structures, etc.), and raw trajectories. In this
pipeline, we design a unified action space, allowing for more consistent and efficient interaction
with diverse real-world environments. Leveraging this infrastructure, we curate and annotate a
comprehensive training dataset with advanced VLMs such as Claude-3.7 for an open computer use
dataset, covering three major task families: (a) GUI Understanding with 471K examples covering
regional captioning, OCR, and layout comprehension, etc.; (b) GUI Grounding with 17.1M training
samples supporting more accurate UI element localization; and (c) Task Completion with over 15K
weak-semantic trajectories and 4K high-level goal-directed trajectories.

Building upon this corpus, we train a series of base agent models termed as ScaleCUA with Qwen2.5-
VL (Bai et al., 2025). It supports three inference paradigms to offer enhanced flexibility and
compatibility with agent frameworks: (a) a Grounding Mode, which focuses on locating UI elements
based on textual descriptions, allowing for integration with more powerful planners, (b) a Direct
Action Mode, which enables efficient task completion by directly generating executable actions
without additional intermediate reasoning and (c) a Reasoned Action Mode, which enhances task
planning with Chain-of-Thought process before generating the following action. We conduct extensive
quantitative studies to investigate how different data sources, diverse training tasks, agent designs, etc.,
influence agent performance. Our findings highlight the benefits of data augmentation, weak semantic
trajectories, and general reasoning data for enhancing planning capabilities. As previous studies (Xu
et al., 2024; Qin et al., 2025; Anthropic, 2025) also probe into the important research questions with
limited open-sourced training data or under closed conditions with proprietary data, our investigations
aim to provide foundational and unified insights for advancing vision-based computer automation.

Our contributions are summarized as follows:

1) We curate a cross-platform computer use dataset, collected via an interactive data pipeline that
integrates automated agents with human experts. It covers six major platforms (Windows, macOS,
Linux, Android, iOS, and Web) and three GUI-centric task domains (i.e., understanding, grounding,
and task completion), which provide a robust foundation for studying and training universal CUAs.

2) We develop ScaleCUA, a family of robust base agent models that unify perception, reasoning,
and action into a single model. It supports flexible inference paradigms, including grounding, direct
action, and reasoned action, along with a unified action space for seamless cross-platform interaction.
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3) We conduct a comprehensive evaluation spanning understanding, grounding, and end-to-end task
completion across several platforms. The results not only demonstrate that our agents can achieve
competitive performance but also provide fundamental insights for developing more powerful CUAs.

2 RELATED WORK

Vision-Language Models (VLM). Recent years have witnessed rapid progress in VLMs spanning
proprietary APIs (Team et al., 2023; 2024; Anthropic, 2024a; xAI, 2025; OpenAI, 2023; Hurst et al.,
2024) and open-source models (Wang et al., 2024; Bai et al., 2025; Chen et al., 2024b; Zhu et al.,
2025; Xiaomi, 2025; Team et al., 2025a; MetaAI, 2025), greatly expanding task coverage. Some
VLMs (Team et al., 2025c; Guo et al., 2025; Bai et al., 2025; Xiaomi, 2025; Wang et al., 2025a)
integrate GUI knowledge during pre-training or SFT, thereby gaining explicit computer-use abilities.
Yet, despite strong generalization and planning capabilities, they still rely on proprietary GUI corpora.

Computer Use Agents (CUAs) / GUI Agents.Advances in general-purpose VLMs (e.g., GPT-4o)
have enabled modular CUAs that decompose decision-making intoplanner–grounderroles (Cheng
et al., 2024; Hong et al., 2024; Lu et al., 2024b; Yu et al., 2025; Wu et al., 2025; Gou et al., 2024;
Zhang et al., 2025b; Wu et al., 2024b; Zhou et al., 2025). A VLM-based planner predicts high-level
operations, while a specialized grounder localizes targets. Enhancements such as incorporating action
histories (Yang et al., 2024) improve contextual grounding, and multi-agentagentic work�ows(Wu
et al., 2023b; Li et al., 2023; Hong et al., 2023; Wu et al., 2024a; Liu et al., 2025a; Zhao et al.,
2025; Agashe et al., 2025; Chen et al., 2025b) coordinate planning, re�ection, and memory. Despite
strong performance, such work�ows incur high computational latency and token cost, remaining
bounded by underlying VLM capacity. In contrast,native agents(Xu et al., 2024; Wu et al., 2024b;
Sun et al., 2024b; Qin et al., 2025; Luo et al., 2025; Liu et al., 2025b; Sun et al., 2025) integrate
planning and grounding end-to-end, directly predicting low-level executable actions from raw visual
inputs. Systems such asAGUVIS(Xu et al., 2024) andUI-TARS(Qin et al., 2025) trained on
extensive trajectories show strong reasoning and adaptability. Native agents thus achieve tighter
perception–action alignment while also bene�ting modular setups. Our work extends this direction
by training cross-platform base models and open-sourcing all data.

GUI Datasets. Open-source datasets have accelerated CUA's development by capturing diverse
interactions and instruction-following behaviors. Formobile, RICO(Deka et al., 2017) contains 70k+
Android screens,AITW (Rawles et al., 2023) offers� 715k demonstrations with 30k commands, and
AitZ (Zhang et al., 2024) provides 18,643 screen–action pairs with action-thought annotations. In
thewebdomain,MiniWoB(Shi et al., 2017) simulates diverse tasks,WebShop(Yao et al., 2022)
collects language-driven e-commerce trajectories, andMind2Web(Deng et al., 2023) scales to 137
websites and 2,350 open-ended tasks. Fordesktop, Xie et al. (2024) synthesizes 4M examples to boost
grounding, and He et al. (2025) adds 312 human-annotated, trajectory-boosted samples. Scalable
data generation includesOS-Genesis(Sun et al., 2024b) for mobile/web exploration andAGUVIS(Xu
et al., 2024) for multimodal grounding–reasoning corpora. Tutorial-style datasets mitigate scarcity:
META-GUI(Sun et al., 2022) introduces dialogue-based annotations;TongUI(Zhang et al., 2025a)
offers� 143k trajectories linking instructions to screenshots; andGUI-World (Chen et al., 2025a)
records 12k GUI videos for temporal understanding. Nevertheless, coverage and diversity remain
limited, especially for desktop, posing challenges for UI element grounding and multi-step planning.

3 CROSS-PLATFORM INTERACTIVE DATA PIPELINE

Collecting computer use trajectories is exceptionally costly and inef�cient, primarily due to the
dynamic nature of environments and their frequent dependency on task-speci�c resources. In this
section, we elaborate on the pipeline of data collection and annotation.

3.1 DATA ACQUISITION

Existing computer-use datasets generally rely on either manual trajectory collection or automated
search-based exploration. While manual collection (Zhang et al., 2024; Rawles et al., 2023; Deng
et al., 2023; Lu et al., 2024a) yields high-quality trajectories, it is costly and dif�cult to scale.
Automated exploration (Sun et al., 2024b) is more scalable but typically noisy. Neither approach
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Figure 2:Cross-platform interactive data pipeline. Our pipeline consists of two synergistic loops:
(1) theAgent-Environment Interaction Loop, where agents interact with multi-platform GUI
environments via observation and actions; and (2) theAgent-Human Hybrid Data Acquisition
Loop, where both autonomous agents and human experts contribute to collecting raw trajectories
with screenshots and structural metadata. The resulting trajectories are then annotated and processed
into several GUI-centric tasks such as understanding, grounding, and task completion.

alone achieves the required balance of quality and diversity for training versatile GUI agents. To this
end, we propose aCross-Platform Interactive Data Pipelineintegrating automated agents with human
experts. It operates in two synergistic loops as shown in Fig. 2. TheAgent-Environment Interaction
Loopenables agents or humans to interact with multi-platform environments, while theAgent-Human
Hybrid Data Acquisition Loopmerges trajectories from autonomous agents and experts.

Speci�cally, in the agent-environment interaction loop, we standardize observation acquisition and
action execution across Windows, Ubuntu, macOS, Web browsers, Android, and iOS. This uni�ed
abstraction supports closed-loop data collection and diverse agent architectures. Platform-speci�c
metadata is extracted from A11y Trees (Desktop), DOM (Web), and XML layout �les (Android).
When metadata is incomplete or restricted, as in iOS/iPadOS, OmniParser (Yu et al., 2025) estimates
UI bounding boxes. In the agent-human hybrid data acquisition loop, human experts and automated
agents both share the same interfaces to collect diverse trajectories. For automated agents, we
evaluate two exploration strategies: VLM-driven agents (e.g., GPT-4o, Claude-3.7,etc.) and rule-
driven random-walk agents. The former relied on proprietary VLMs, which often led to signi�cant
bias and hallucinations, especially for computer use, and thus was not used as the primary strategy
for data collection. The latter performs depth-�rst exploration, randomly selecting actions from the
available action space at each step. Heuristic pruning removes redundant or uninformative branches,
broadening GUI coverage. Although these trajectories often lack clear high-level goals, their sub-
sequences still yield valuable supervision for the agent. As both system-derived metadata and
vision-based bounding boxes can be noisy, we complement it with expert-curated trajectories. Human
experts �rst create a task list and then collect trajectory data in the environment. In addition, human
experts are required to randomly sample and review 20% of the agent-collected trajectories after
both collection and annotation to ensure quality. This is what we refer to as hybrid data acquisition.
This uni�ed pipeline decouples front-end interfaces from back-end environments, allowing collectors
to ef�ciently switch between platforms and complete domain-speci�c tasks. These screenshots
and metadata are then annotated into GUI-centric tasks such as understanding, grounding, and task
completion, forming a robust foundation for training generalizable agents.

3.2 DATA ANNOTATION AND STATISTICS

This dual-loop framework collects extensive screenshots, structural metadata, and raw trajectories
across Windows, macOS, Linux, Android, iOS, and Web platforms. Advanced VLMs (e.g., GPT-4o
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Table 1: Datasets comparisons on computer-use datasets in terms of platform coverage, data types
(Understanding, Grounding and Trajectories), and collection methods.

Data source Platform Understanding Grounding Trajectories Collection
MethodDesktop Mobile Web #Samples #Elements #Samples Avg. Steps

SeeClick (2024) 7 3 3 – 763K – – Auto
GUIEnv (2024a) 7 7 3 – 10.7M – – Auto
Widget Captioning (2020b) 7 3 7 – 163K – – Human
RicoSCA (2020a) 7 3 7 – 178K – – Auto
RICO (2017) 7 3 7 – 72K – – Hybrid
OmniACT (2024) 3 7 3 – 9.8K – – Auto
GUIAct (2024a) 7 7 3 – 67K 5.7K 6.7 Auto
AitZ (2024) 7 3 7 – – 2.5K 6.0 Human
AndroidControl (2024a) 7 3 7 – – 13.6K 5.5 Human
GUI Odyssey (2024a) 7 3 7 – – 7.7K 15.3 Human
AMEX (2024) 7 3 7 – – 3.0K 11.9 Human
AitW (2023) 7 3 7 – – 2.3K 8.1 Human
OS-Atlas (2024b) 7 3 3 – 13.6M – – Auto
OS-Genesis (2024b) 7 3 3 – – 2.5K 6.4 Auto
JEDI (2025) 3 7 7 877K 3.1M – – Auto
AgentNet (2025b) 3 7 7 – – 22K – Human

Ours 3 3 3 471K 17.1M 19.0K 9.0 Hybrid

and Claude-3.7) are then used to annotate the corpus into three major task families:GUI Understand-
ing, GUI Grounding , andTask Completion. At the element and screenshot levels, understanding
tasks cover visual description, OCR, layout reasoning, interface captioning, and state transition
analysis, while grounding tasks provide point, bounding-box, and action-level supervision to align
natural-language instructions with UI regions. Task Completion is composed of a) weak-semantic
trajectories derived from rule-driven exploration that supply low-cost navigation patterns, and b)
expert-curated demonstrations with realistic, goal-directed signals for reasoning and planning. Aug-
mentation techniques such as element cropping, synthetic resolution scaling, and reasoning-prompt
enrichment further diversify the training data. The �nal corpus spans 471K GUI-understanding exam-
ples, over 17.1M grounding annotations, and 19K trajectories averaging 9 steps each. As summarized
in Table 1, we believe this dataset enables balanced evaluation of understanding, grounding, and task
completion across all platforms. More statistics are shown in the Appendix.

Discussions. By leveraging a dual-loop pipeline, we ensure coverage of low-level element recognition,
mid-level grounding, and high-level task planning. Compared with current works (Sun et al., 2024b;
Wu et al., 2024b; Zhang et al., 2024; Rawles et al., 2023), we explore more diverse data collection
strategies (human experts and automated agents) and cover a broader range of platforms (desktop,
mobile, and web). Speci�cally, for the random-walk agent, we designed a more ef�cient algorithm
through extensive experimentation and iterative improvements, signi�cantly enhancing both data
collection ef�ciency and GUI coverage. With this pipeline, we have collected over 2M raw screenshots
across multiple platforms. We acknowledge that this pipeline is conceptually straightforward, but
executing it across heterogeneous operating systems and software ecosystems entails substantial non-
trivial engineering. Our contributions in the data pipeline are threefold: 1) We propose a robust and
scalable data acquisition pipeline that balances automation and expert supervision, along with a set of
effective heuristics improving data diversity and quality. 2) We summarize a comprehensive guideline
covering platform-speci�c issues and their resolutions in the Appendix, which signi�cantly improves
the purity and ef�ciency of data collection. 3) We commit to releasing all data, ensuring transparency
and reusability for future research. Generally, we emphasize that our work delivers a practically
validated, cross-platform solution addressing real-world bottlenecks in scaling computer-use agents.
Despite involving many engineering-oriented efforts, we still aim to share these experiences and
provide valuable guidance for future developments in this �eld.

4 THE DESIGN OFCOMPUTERUSE AGENTS

4.1 TASK DEFINITION

VLMs allow agents to achieve pixel-level perception and interaction on graphical user interfaces. We
formulate the interaction between the agent and environment at one time step as follows:

at = � � (task; ot ; h<t ); ot +1 = E(at ); (1)
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Figure 3: Three Inference Paradigms in ScaleCUA: (1) Grounding Mode, which focuses on
localizing target UI elements; (2)Direct Action Mode, where the agent solely generates executable
actions based on current observations and instructions; and (3)Reasoned Action Mode, where the
agent �rst generates a chain-of-thought rationale before producing structured actions. These modes
enable varying levels of functionality for computer use agents to complete tasks.

where� denotes the agent model parameterized by� , andE represents the environment, such as
virtual machines or Docker containers. Thetask denotes the task instruction. The observationo
encompasses elements such as raw screen pixels, accessibility trees, or DOM data. The history
h<t = f (a0; o0); : : : ; (at � 1; ot � 1)g provides context for agent's decision-making process. Similar to
some works (Sun et al., 2024b; Xu et al., 2024), we choose to generate natural language descriptions
for (ai ; oi ) as history, as it can save a large amount of inference cost budget. Each action speci�es
an operation with corresponding arguments, as detailed in Table 14, which is then executed in the
environment. In this work, we adopt screenshots as the observation space. This paradigm aligns with
human behavior and effectively avoids interference from noisy accessibility Tree and DOM data.

4.2 AGENT MODELS

We build our ScaleCUA family upon Qwen2.5-VL for its strong multimodal understanding and
scalability across diverse GUI platforms. As shown in Fig. 3, it supports three inference paradigms.
In Grounding Mode, the model localizes UI elements via points, boxes, or coordinate-based actions
from screenshots and instructions, making it suitable as a modular “grounder” for external planners. In
Direct Action Mode, the model directly emits low-level instructions and executable actions, enclosed
in <operation> and<action> tags. Given the current screen and interaction history, it enables
fast perception–action loops without explicit reasoning. InReasoned Action Mode, it �rst generates a
rationale inside<think> tags before producing the action, improving reliability and interpretability
on ambiguous or long-horizon tasks with extra latency. This design allows �exible integration with
different agentic work�ows while maintaining consistent control semantics across platforms.

Action Space.We design auni�ed action space for data collection and environment interaction.
Table 14 summarizes our cross-platform action space spanning desktop, mobile, and web. It combines
universal operations (e.g., click , write , etc.) with platform-speci�c actions (e.g., long press
andopen app for mobile), ensuring consistent behavior modeling and simplifying downstream
policy learning. More details appear in Sec. A.4.

Training Recipes.We train three model scales under hardware-aware con�gurations: ScaleCUA-3B
(mini-batch 4, grad-accum 1 on 128 A100 GPUs), ScaleCUA-7B (mini-batch 2, grad-accum 2 on
128 A100 GPUs), and ScaleCUA-32B (mini-batch 2, grad-accum 2 on 128 H200 GPUs). All use a
learning rate of1 � 10� 5 and a maximum token length of 40,960. To balance general multimodal

6



Published as a conference paper at ICLR 2026

knowledge with GUI-speci�c skills, we vary the ratio of general-purpose data to GUI data: 25%
for 3B, 50% for 7B, and 75% for 32B. Empirically, this scaling yields substantial gains on GUI
understanding, grounding, and task completion benchmarks, con�rming that larger models can absorb
higher proportions of general data without diluting GUI competence.

5 EXPERIMENTS

Evaluation Setup. We comprehensively evaluate our ScaleCUA across three dimensions: GUI
understanding, GUI grounding, and end-to-end task completion. All evaluations are performed
under pure visual observation to align with real-world usage. ForGUI understanding, we use
MMBench-GUI L1 (Wang et al., 2025c), which tests �ne-grained perception and reasoning about
interface content. ForGUI grounding, we conduct structured evaluations on ScreenSpot-v2 (Wu
et al., 2024b), ScreenSpot-Pro (Li et al., 2025), and OSWorld-G (Xie et al., 2025), covering cross-
platform localization and domain-speci�c scenarios. By default, ScreenSpot-Pro is evaluated at 2K
resolution and other benchmarks at 1080p. Forend-to-end task completion, we test our models
on AndroidControl, OSWorld (Xie et al., 2024), WindowAgentArena (WAA) (Bonatti et al., 2024),
macOSArena (MA) (Wang et al., 2025c), AndroidWorld (AW) (Rawles et al., 2024), and WebArena-
Lite-v2 (WAL-v2). These benchmarks span desktop, mobile, and web settings, with a 50-step budget
applied when not speci�ed, enabling a realistic assessment of platform-speci�c performance. We
further validategeneral vision-language capabilitieson several well-known benchmarks (Yue et al.,
2024; Lu et al., 2023; Liu et al., 2024b; xAI, 2024). In addition, we deploy Qwen2.5VL models with
vLLM (Kwon et al., 2023) to ensure scalable and consistent online evaluation.

5.1 COMPREHENSIVEAGENT EVALUATION

Table 2: Results on MMBench-GUI L1 (GUI Con-
tent Understanding) (Wang et al., 2025c).

Model Easy Medium Hard

GPT-4o (2024) 60.2 57.2 53.5
Claude-3.7 (2025) 39.1 38.4 35.7
Qwen2.5-VL-72B (2025) 67.0 67.5 64.6
UI-TARS-72B-DPO (2025) 40.2 41.8 35.8
InternVL3-72B (2025) 79.2 77.9 75.7
GUI-Owl-7B (2025) 84.5 86.9 90.9
GUI-Owl-32B (2025) 92.8 91.7 94.2
ScaleCUA-3B 83.6 85.6 89.9
ScaleCUA-7B 88.4 90.1 92.3
ScaleCUA-32B 92.5 92.5 94.4

GUI Understanding. MMBench-GUI L1
(GUI Content Understanding) assesses �ne-
grained perception and reasoning across six
platforms following MMBench-GUI protocols.
In Table 2, our ScaleCUA consistently de-
livers competitive or superior results. Even
the lightweight ScaleCUA-3B attains 89.9%,
surpassing Qwen2.5-VL-72B by +25.3 points.
ScaleCUA-7B further improves to 92.3%, while
ScaleCUA-32B reaches 94.4%. These results
highlight the ef�cacy of scaling with cross-
platform GUI-speci�c data, con�rming that di-
verse training corpora substantially enhance vi-
sual comprehension across heterogeneous envi-
ronments.

GUI Grounding. We then evaluate models on GUI grounding, which measures the ability to
localize and associate visual elements with textual or functional references across desktop, mobile,
and web. As shown in Fig. 4, our ScaleCUA consistently achieves state-of-the-art performance
across different benchmarks. On the challenging ScreenSpot-Pro, ScaleCUA-32B again dominates,
achieving59:2% overall and delivering strong accuracy across diverse domains such as Creative
software, CAD, and of�ce applications. More detailed comparisons are presented in A.2. Overall,
these results demonstrate that scaling with GUI-speci�c data yields substantial bene�ts for grounding.
The consistent improvements across GUI grounding benchmarks con�rm the effectiveness of our
dual-loop data pipeline in learning robust UI element localization.

Task Completion. We evaluate end-to-end task completion on Mobile (AndroidWorld), Ubuntu
(OSWorld), Windows (WindowsAgentArena), macOS (MacOSArena), and Web (WebArena-Lite-v2),
considering both native agents and planner–grounder work�ows. The results is shown in Table 3.
First, our native ScaleCUA-32B achieves the strongest Web performance: 44.2% (15 steps budget)
and 47.4% (50 steps), outperforming the best native baseline (UI-TARS-72B-DPO) by +20.8 and
+26.0 points, respectively, and substantially surpassing Qwen2.5-VL-72B. Then, the work�ow setting
with GPT-4o as planner and ScaleCUA-7B as the grounder yields 48.3% on AndroidWorld and
28.1% on OSWorld (50 steps), outperforming other strong grounders such as JEDI-7B. Beyond these
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Table 3: Online evaluation across different platforms. AndroidWorld has its own prede�ned step
budget.| denotes the unkown step budget andF indicates more than 50 steps is used.

Method
Mobile Ubuntu Windows MacOS Web

(AndroidWorld) (OSWorld) (WindowsAgentArena) (MacOSArena) (WebArena-Lite-v2)

Prede�ned Steps 15 Steps 50 Steps 15 Steps 50 Steps 15 Steps 50 Steps 15 Steps 50 Steps

Native Agent

Kimi-VL-A3B (2025b) – 8.2| 10.4| – – – –
Seed1.5-VL (2025) 62.1 36.7F 39.6F – – – –
GLM-4.1V-Thinking (2025) 41.7 14.9F – – – – – –
GLM-4.5V-Thinking (2025) 57.0 35.8F – – – – – –
COMPUTERRL (2025) – 47.3| – – – – – –
PC Agent-E (2025) – 14.9| – – – – – –
GPT-4o (2024) 21.6 6.8 10.1 5.6 3.5 0.0 1.4 2.0 3.3
Claude-3.7 (2025) 11.2 7.4 10.3 7.1 6.4 5.7 7.1 2.0 2.6
Qwen2.5-VL-72B (2025) 27.6 9.8 10.6 11.8 9.7 1.4 5.7 15.6 14.4
InternVL3.5-241B-A28B (2025a) 29.7 11.1 11.6 15.2 18.0 2.9 5.7 11.7 11.7
Aguvis-72B (2024) 26.1 3.8 4.2 4.1 3.5 0.0 0.0 5.8 9.0
UI-TARS-7B-SFT (2025) 33.0 17.7 – – – – – 11.0 13.6
UI-TARS-1.5-7B (2025) 31.6 22.1 23.9 11.1 15.9 7.1 7.1 20.8 26.0
UI-TARS-72B-DPO (2025) 46.6 24.2 25.2 11.1 17.9 8.6 8.6 23.4 21.4
OpenCUA-7B (2025b) – 24.3 28.1 – – – – – –
OpenCUA-32B (2025b) – 29.7 34.1 – – – – – –

ScaleCUA-3B 23.7 9.6 12.4 13.1 15.2 0.0 1.4 31.8 33.1
ScaleCUA-7B 27.2 14.3 15.0 18.0 20.7 4.3 4.3 37.7 37.7
ScaleCUA-32B 30.6 16.5 17.7 21.4 24.2 7.1 7.1 44.2 47.4

Agentic Work�ow

Planner Grounder

GPT-4o

Aria-UI (2024) 44.8 15.2| – – – – – –
OS-Atlas-7B (2024b) – 14.6| – – – – – –
UGround-V1-7B (2024) 32.8 13.1 16.1 13.1 20.7 1.4 0.0 23.2 26.5
UI-TARS-1.5-7B (2025) 37.9 16.5 19.1 14.5 26.2 1.4 0.0 28.6 28.6
JEDI-3B (2025) – 22.4 – 29.1 – – – – –
JEDI-7B (2025) – 22.7 25.0 30.2 32.9 – – – –

ScaleCUA-7B 48.3 22.9 28.1 31.7 36.6 5.7 8.6 28.6 35.1

highlights, several trends emerge. (i) Scaling from 3B� 7B� 32B produces monotonic gains on
different platforms, indicating that our cross-platform data and uni�ed action space translate into
stronger computer use agents as capacity grows. (ii) The effect of the step budget is consistent: a
majority of the agents, including ScaleCUA, achieve substantial performance improvements under a
50-step limit. (iii) Even employing our proposed data, the planning ability of our model still lags
substantially behind GPT-4o in agentic work�ows, and models trained with existing and proprietary
datasets continue to exhibit a considerable performance gap. We must acknowledge that there remains
signi�cant room for improvement and further development.

5.2 DIAGNOSTIC ANALYSIS ON COMPUTERUSE AGENTS

To elucidate the main factors that affect agent performance, we conduct detailed ablations, which
reveal key trade-offs between accuracy, ef�ciency, and generalization:

Input Resolution: OSWorld-G uses strictly standardized 1080p frames. When the input resolution is
set at or above 1080p, the performance saturates because the inputs still match the maximum training
resolution,i.e., 1080p. In ScreenSpot-v2, the majority of screenshots are at or below 1080p, yet this
results in negative impacts when the resolution is increased further. By contrast, ScreenSpot-Pro
contains a large proportion of native 4K screenshots. The performance on it bene�ts from higher

Figure 4: Results on GUI grounding datasets.
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Figure 5: Evaluations across diverse conditions. (a) Accuracy of GUI grounding under different
screenshot resolutions. (b) Success rates of Direct Actionvs. Reasoned Action Modes, where
reasoning consistently improves performance. (c) Training data scaling. (d) Effect of using general
data, showing distinct trends between GUI and multimodal benchmarks.

resolutions up to 2K but drops at 4K. Overall, we observe that the impact of resolution on grounding
performance depends largely on the benchmark's data distribution.

Inference Modes:Fig. 5 (b) compares the two inference modes for computer use agents. Across all
benchmarks, reasoned action mode (RAM) yields higher success rates than direct action mode (DAM),
with absolute gains ranging from +1:4% to +8:2%. However, this mode also incurs longer inference
time and greater token cost. DAM, in contrast, produces actions directly from the visual–textual
context, yielding faster responses but being more prone to cumulative drift in long-horizon tasks. In
the Table 3, when ScaleCUA-7B as a grounding model is integrated with GPT-4o under an agentic
work�ow, it shows higher success on task completion benchmarks than the reasoned action mode (e.g.,
28.1%vs.15.0% on OSWorld, 36.6%vs.20.7% on WindowsAgentArena,etc.). The agentic work�ow
allows GPT-4o to handle long-context planning while leveraging grounding mode in ScaleCUA,
demonstrating complementarity between ScaleCUA and general VLMs. Nevertheless, this paradigm
cannot generate actions in an end-to-end manner and brings higher costs even than RAM.

Data Scaling: In Fig. 5 (c), success rates generally improve with more training data. Speci�cally,
WebArena-Lite-v2 shows nearly linear gains, whereas ScreenSpot-Pro reaches strong accuracy with
about half the data. For WindowsAgentArena, the observed gains appear smaller primarily because
tasks in the online benchmark are more dif�cult with relatively low baseline scores, where even small
improvements are challenging to achieve. These results intuitively re�ect the task's dif�culty, and
also imply a larger data volume required to achieve the desired performance.

General Multimodal Data: Fig. 5 (d) analyzes the effect of employing general-purpose multimodal
data in training. We �nd a clear divergence: GUI benchmarks suffer a gradual decline in performance
as the ratio of general data increases, while general benchmarks improve steadily, peaking around
75%. As the multimodal corpus expands, the model's general capabilities improve, but GUI-speci�c
knowledge may be diluted. The results indicate that a data-balanced training strategy is crucial for
preserving GUI specialization without compromising general reasoning abilities. Since the larger
models are able to memorize more knowledge, Since the larger VLMs can memorize more knowledge,
it is reasonable to increase the ratio to 50% for the 7B model and further to 75% for the 32B model.

Figure 6: The effects of training on
domain-speci�c data.

Multi-platform Ablation: Furthermore, the Fig. 6 shows
that models trained exclusively on a single domain slightly
outperform the cross-domain model on desktop and web
benchmarks, whereas the cross-domain model performs
better on the mobile benchmark. One plausible reason lies
in the inherent differences in aspect ratio and UI layout
across platforms. Mobile interfaces typically feature more
vertically constrained layouts and standardized compo-
nents with larger, touch-friendly elements, whereas desk-
top and web pages provide horizontally richer screens with
denser and more variable UI structures. Since web/desktop
data can enrich the feature space without fundamentally
altering the underlying interaction patterns, the model
trained on cross-platform data can thus generalize more
effectively to the mobile domain with simpler visual hierarchies. Conversely, models trained on
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desktop or web data are exposed to information-dense layouts where UI elements may be small,
overlapping, or nested within complex DOM structures. Introducing mobile data during multi-domain
training can dilute the model's specialized representations for these �ne-grained desktop layouts,
leading to small performance drops in desktop and web benchmarks.

Generally, high-resolution inputs and reasoning-based inference enhance grounding and task comple-
tion but incur extra cost. Data scaling remains crucial but benchmark-sensitive, and heterogeneous
data mixtures improve general reasoning at the expense of GUI capabilities. These insights motivate
scalable, cross-platform training pipelines with deliberate data composition to build robust agents.

5.3 ABLATION ON DATA

Table 4: Ablation studies on data. The maximum steps used in online benchmarks are set to 50.

(a) The ablation on data augmentation. We only
use GUI-related data in training.

Model Training Data Aug. SS-Pro

Qwen2.5VL-3B ours-only 7 37.8
3 41.3

(b) The ablation on weak semantic trajectories. The public
datasets used are shown in Table 13.

Model Training Data + WS OSWorld WAL-v2

Qwen2.5VL-3B public-only 7 7.6 8.4
3 8.5 14.3

(c) The ablation on coordinate types.

Model Type ScreenSpot-Pro

Qwen2.5VL-3B Norm. 37.9
Raw 42.3

(d) The ablation on the maximum resolution during training.

Model Res. SS-Pro OSWOrld-G OSWorld AW

Qwen2.5VL-3B 1080P 42.3 54.3 12.4 23.3
2K 45.5 52.5 11.2 13.4

In this section, we aim to ablate our data. As shown in Fig. 1, training with our curated training
corpus yields consistent improvements over the baseline trained on public data. In Table 4, we further
highlight the effects of augmentation, weak semantic trajectories, coordinate formats, and resolution.

First, the results verify that data augmentation can improve performance by 3.5% on ScreenSpot-Pro.
This con�rms that augmentation enhances generalization and robustness by exposing the model to a
wider range of visual conditions. Second, we investigate weak semantic trajectories derived from
rule-based random exploration. Despite lacking explicit high-level goals, these trajectories provide
low-cost supervision of interface navigation. Third, we study the impact of coordinate representations
in grounding. Models trained with raw coordinates outperform those with normalized coordinates.
This indicates that GUI grounding should follow the absolute position used in Qwen2.5VL. Finally,
we ablate the training resolution. Higher resolutions yield trade-offs across benchmarks: while
2K improves grounding on ScreenSpot-Pro (45:5% vs.42:3%) and preserves OSWorld-G accuracy
(52:5% vs.54:3%), it slightly reduces agent success rates on OSWorld and AndroidWorld. This
suggests that �ne-grained grounding bene�ts from high-resolution supervision, whereas agentic
benchmarks may suffer from over�tting to pixel-level details.

6 CONCLUSION

In this work, we curate a large-scale multi-platform dataset with our dual-loop data pipeline that
integrates automated agents and human experts into data construction. The training corpus spans
understanding, element grounding, and task completion. With this dataset, we develop a new family of
CUAs, i.e., ScaleCUA, which support �exible inference paradigms for scalable integration with agent
frameworks. Extensive experiments demonstrated the ef�cacy of our proposed method. Together,
these contributions advance the frontier of computer use agents by bridging vision-language modeling
with practical GUI interaction. We hope that ScaleCUA and its released resources will serve as a
solid foundation for future research in building capable, trustworthy, and deployable CUAs.

Limitations. Although our framework study multi-platform agents with a scalable data pipeline,
several challenges remain. First, integrating automatic data collection with iterative re�nement into a
self-improving loop is still insuf�ciently explored. Second, we have not employed advanced agentic
techniques such as re�ection or reinforcement learning, which are likely to improve long-horizon
control. Third, the current history design is �at and cannot fully capture long-term dependencies.
Despite not exploring these aspects in this work, we believe that releasing the full data, models, and
training con�gurations lays a solid foundation for future progress in computer-use agents.
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A A PPENDIX

This section provides supplementary materials that complement the main paper.

A.1 – Large Language Model Usage: We make a clari�cation on large language model usage.

A.2 – More Results: We report extended evaluations across multiple benchmarks (MMBench-GUI
L2, OSWorld-G, AndroidControl, ScienceBoard, and general multimodal benchmarks), highlighting
the scalability and cross-platform generalization of our models.

A.3 – Public Data Used in Training: We list the public datasets incorporated into ScaleCUA training,
specifying the portion of each source utilized.

A.4 – Action Space: We describe the uni�ed action space that abstracts platform-speci�c operations
into a concise yet expressive set of commands, enabling consistent control across desktop, mobile,
and web environments.

A.5 – Error Case Analysis: We provide representative failure cases on desktop, Android, and web
platforms to analyze limitations such as incomplete procedural understanding, insuf�cient state
tracking, and positional reasoning errors.

A.6 – Details of Data Curation: We detail the multi-platform GUI data collection process underlying
ScaleCUA, including sources, application coverage, and platform diversity, which jointly ensure
comprehensive domain knowledge and improved generalization.

A.7 – Data Visualization: Consolidates illustrative �gures for GUI Understanding, GUI Ground-
ing, Weak-Semantic and Human-Curated Trajectories, and trajectory annotation to aid qualitative
inspection.

A.8 – Lessons from Data Acquisition: We summarizes common pitfalls and platform-speci�c notes
(Windows, Ubuntu, macOS, Mobile, Web), distilling practical guidance for future collection runs.

A.9 – The Details of WebArena-Lite-v2: We clari�es details of the benchmark construction and
evaluation protocols (e.g., step budgets, metrics) to ensure fair comparisons .

A.10 – Prompt Engineering: We release prompt templates for both agent inference and annotation
work�ows to facilitate reproducibility and adaptation.

A.1 LARGE LANGUAGE MODEL USAGE

In this submission, we utilize LLMs (GPT-5, Gemini,etc.) to help us polish paper writing and
summarize related works.

A.2 MORE RESULTS

To fully demonstrate the potential of ScaleCUA, we provide additional results on serveral benchmarks.

OnMMBench-GUI L2 (Wang et al., 2025c), which incorporates strati�ed grounding dif�culty across
major operating systems, ScaleCUA-32B demonstrates performance comparable to state-of-the-art
methods as shown in Table 8. It achieves leading scores in the basic dif�culty setting across several
platforms including Android (96.4), Web (93.9), Linux (81.2), and macOS (88.1), while maintaining
competitive results in the advanced dif�culty setting (e.g., Web 76.3, Android 81.7). Furthermore,
ScaleCUA-7B and ScaleCUA-3B achieve average scores of 78.2 and 73.7, respectively. They
demonstrate particularly robust performance in the basic dif�culty setting, especially on Windows,
where both models score 78.6, and on iOS, with respective scores of 96.1 and 93.0.

OnOSWorld-G (Xie et al., 2025) for Ubuntu grounding, ScaleCUA-32B demonstrates impressive
results with an overall performance of 60.6 shown in Table 9, which includes strong marks in layout
understanding (70.0), element recognition (66.7), and �ne-grained manipulation (51.0). All of our
models underperform on the Refusal subtask because we deliberately excluded the Refusal-speci�c
training data provided by JEDI (Xie et al., 2025). Incorporating these examples may pose a risk of
biasing the model toward emitting an await/refusal state in complex grounding scenarios. Such bias
diminishes the agent's propensity for active exploration within the environment, thereby degenerating
its success rate in task completion.
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Table 5: Results on MMBench-GUI L1 (GUI Content Understanding) (Wang et al., 2025c).

Model Windows MacOS Linux iOS Android Web Overall

Easy Level
GPT-4o (2024) 62.5 67.9 62.4 58.5 56.4 58.5 60.2
Claude-3.5 (2024a) 41.3 50.0 41.6 42.0 39.0 41.8 41.5
Claude-3.7 (2025) 34.7 49.1 39.4 42.8 37.5 40.8 39.1
Qwen-Max-VL (2023) 69.1 72.5 69.9 70.8 63.1 69.5 68.2
Qwen2.5-VL-72B (2025) 65.9 75.2 73.0 67.2 58.1 72.1 67.0
UI-TARS-72B-DPO (2025) 41.6 28.5 35.2 31.1 52.3 35.3 40.2
InternVL3-72B (2025) 74.7 78.7 79.2 83.6 80.1 81.2 79.2
GUI-Owl-7B (2025) 83.0 84.5 85.6 82.6 83.3 88.1 84.5
GUI-Owl-32B (2025) 93.7 89.3 93.3 95.7 90.5 94.1 92.8
ScaleCUA-3B 86.4 83.5 79.9 85.4 80.3 87.4 83.6
ScaleCUA-7B 89.5 86.9 89.1 86.2 87.0 90.1 88.4
ScaleCUA-32B 93.4 91.7 94.3 93.1 90.5 92.3 92.5

Medium Level
GPT-4o (2024) 56.3 63.1 59.7 54.1 57.7 55.0 57.2
Claude-3.5 (2024a) 39.3 47.6 46.0 44.6 42.0 34.3 41.3
Claude-3.7 (2025) 39.3 39.2 42.3 39.5 36.1 36.2 38.4
Qwen-Max-VL (2023) 63.4 73.9 66.9 68.0 63.7 64.6 65.4
Qwen2.5-VL-72B (2025) 66.3 72.7 72.6 59.3 66.2 68.2 67.5
UI-TARS-72B-DPO (2025) 38.8 41.6 37.1 41.7 54.7 31.6 41.8
InternVL3-72B (2025) 71.5 78.6 79.9 78.4 81.4 78.7 77.9
GUI-Owl-7B (2025) 88.9 88.1 91.2 84.4 85.3 83.6 86.9
GUI-Owl-32B (2025) 94.1 84.5 95.9 87.8 92.8 88.6 91.7
ScaleCUA-3B 91.8 78.5 88.7 74.8 88.6 79.5 85.6
ScaleCUA-7B 93.6 91.7 93.4 84.3 89.6 85.8 90.1
ScaleCUA-32B 95.1 89.4 96.3 92.2 92.6 87.2 92.5

Hard Level
GPT-4o (2024) 60.7 60.4 52.4 45.3 50.9 50.8 53.5
Claude-3.5 (2024a) 37.4 42.7 34.1 40.9 37.0 38.1 37.6
Claude-3.7 (2025) 33.0 34.5 32.0 39.2 37.0 38.9 35.7
Qwen-Max-VL (2023) 66.6 67.6 65.8 60.2 58.8 65.3 63.7
Qwen2.5-VL-72B (2025) 70.7 68.9 71.0 57.6 53.9 68.1 64.6
UI-TARS-72B-DPO (2025) 31.5 35.9 24.2 36.3 58.1 19.9 35.8
InternVL3-72B (2025) 75.1 77.4 76.2 70.4 75.7 78.1 75.7
GUI-Owl-7B (2025) 87.8 96.4 94.3 87.8 88.9 94.1 90.9
GUI-Owl-32B (2025) 93.3 95.2 95.9 92.2 95.4 92.7 94.2
ScaleCUA-3B 92.3 89.4 93.8 85.3 88.3 88.6 89.9
ScaleCUA-7B 91.9 91.9 94.9 89.6 92.9 91.4 92.3
ScaleCUA-32B 93.0 96.5 96.4 93.1 94.5 94.0 94.4

On AndroidControl (Li et al., 2024b) which is an of�ine planning benchmark developed for the
Android, all ScaleCUA variants exhibit consistently strong performance demonstrated in Table 10. On
the AndroidControl-Low, ScaleCUA-7B attains the highest task completion rate, whereas ScaleCUA-
32B achieves the most reliable grounding, indicating that the compact model favors execution
ef�ciency while the larger capacity maximizes perceptual �delity. As for AndroidControl-High,
ScaleCUA-32B demonstrates the highest success rate while showing the smallest degradation from
Low to High. ScaleCUA-3B and ScaleCUA-7B achieve a favorable trade-off, sustaining solid
performance across both low and high settings. The relatively small variance in type prediction across
sizes suggests that residual failures arise more from long-horizon interaction and error accumulation
than from intent misclassi�cation or localization.

On ScienceBoard(Sun et al., 2025), a computer use benchmark designed for scienti�c professionals,
our models show modest yet meaningful capability as shown in 11. The ScaleCUA-32B outperforms
strong VLMs such as GPT-4o (1.6) while remaining below Qwen2.5-VL-72B (12.9) and Claude-3.7-
Sonnet (10.5). Our model excels in domains demanding factual and visual-text reasoning over those
requiring specialized symbolic work�ows.

To evaluate the transfer learning capabilities of ScaleCUA-32B, we augment our training with a
diverse set of multimodal data focusing on coding, math and reasoning. These data, sourced from the
post-training corpus of InternVL3 (Zhu et al., 2025), encompass a range of tasks, including OCR,
mathematics, coding, reasoning-QA, and general multimodal understanding. We then assess perfor-
mance on four standardGeneral Multimodal Benchmarks shown in Table 12. These benchmarks
jointly evaluate skills such as mathematical and commonsense reasoning, text comprehension, and
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Table 6: Results on ScreenSpot-v2 (Wu et al., 2024b).

Method Mobile Desktop Web Avg
Text Icon/Widget Text Icon/Widget Text Icon/Widget

Proprietary Models
Operator (2025) 47.3 41.5 90.2 80.3 92.8 84.3 70.5
Claude-3.7-Sonnet (2025) – – – – – – 87.6
Seed-1.5-VL (2025) – – – – – – 95.2

General Open-source Models
Kimi-VL-A3B-Thinking-2506 (2025b) – – – – – – 91.4
MiMo-VL-7B-RL (2025) – – – – – – 90.5
InternVL3.5-241B-A28B (2025a) 97.9 91.5 97.4 82.9 94.0 89.2 92.9
Qwen2.5-VL-3B (2025) 93.4 73.5 88.1 58.6 88.0 71.4 80.9
Qwen2.5-VL-7B (2025) 97.6 87.2 90.2 74.2 93.2 81.3 88.8
Qwen2.5-VL-32B (2025) 97.9 88.2 98.5 79.3 91.2 86.2 91.3

GUI Specialist
OS-Atlas-Base-7B (2024b) 95.2 75.8 90.7 63.6 90.6 77.3 84.1
UI-TARS-2B (2025) 95.2 79.1 90.7 68.6 87.2 78.3 84.7
UI-TARS-7B (2025) 96.9 89.1 95.4 85.0 93.6 85.2 91.6
UI-TARS-72B (2025) 94.8 86.3 91.2 87.9 91.5 87.7 90.3
UI-TARS-1.5 (2025) – – – – – – 94.2
GUI-Owl-7B (2025) 99.0 92.4 96.9 85.0 93.6 85.2 92.8
GUI-Owl-32B (2025) 98.6 90.0 97.9 87.8 94.4 86.7 93.2

GUI Grounding Models
SeeClick (2024) 78.4 50.7 70.1 29.3 55.2 32.5 55.1
OmniParser-v2 (2024b) 95.5 74.6 92.3 60.9 88.0 59.6 80.7
JEDI-3B (2025) 96.6 81.5 96.9 78.6 88.5 83.7 88.6
JEDI-7B (2025) 96.9 87.2 95.9 87.9 94.4 84.2 91.7
GUI-Actor-7B (2025) 97.6 88.2 96.9 85.7 93.2 86.7 92.1
GUI-G2-7B (2025) 98.3 91.9 95.4 89.3 94.0 87.7 93.3
In�GUI-G1-3B (2025) 99.3 88.2 94.8 82.9 94.9 80.3 91.1
In�GUI-G1-7B (2025b) 99.0 91.9 94.3 82.1 97.9 89.2 93.5
GTA1-7B (2025) 99.0 88.6 94.9 89.3 92.3 86.7 92.4
GTA1-32B (2025) 98.6 89.1 96.4 86.4 95.7 88.7 93.2

Ours
ScaleCUA-3B 94.1 86.3 94.9 79.3 89.7 85.7 89.2
ScaleCUA-7B 97.3 90.5 95.4 87.9 94.0 88.7 92.7
ScaleCUA-32B 98.6 91.9 99.0 90.0 94.4 91.6 94.7

open-domain visual question answering, which are also fundamental for computer-use agents. The
“ScaleCUA-3B (25%)” speci�es the proportion of this general-purpose data relative to the core GUI
data used in training.

Based on Table 12, several consistent trends emerge regarding the interaction between the proportion
of general-purpose data and agent performance on general VLM benchmarks. First, incorporating
moderate amounts of general-purpose data (e.g., 25–50% relative to GUI-speci�c data) yields
notable gains over the 0% setting, particularly on MathVista and MMMUvalid, suggesting that
exposing the agent to broader multimodal reasoning tasks improves its mathematical and cross-
domain inference ability. For instance, ScaleCUA-3B rises from 52.8 to 58.7 on MathVista and from
48.8 to 52.4 on MMMU when increasing general data to 50%, while maintaining stable performance
on RealWorldQA. Second, the results indicate a saturation effect: pushing the general data ratio to
75% or 100% offers only marginal or inconsistent bene�ts. Third, scaling model capacity ampli�es
the positive effect of general data. However, our 7B and 32B models still exhibit a substantial
performance gap compared to the baseline on general benchmarks, indicating that the proportion of
general-purpose data could be further increased. Such adjustments must also consider their potential
impact on the computer-use capability of agent models.

A.3 PUBLIC DATA USED IN TRAINING

Table 13 summarizes the public datasets used for training ScaleCUA. Please note that the reported
statistics refer to the portion of each dataset actually utilized in our experiments, rather than the
original sizes of the source datasets.

A.4 ACTION SPACE

To enable robust cross-platform control, we de�ne a uni�ed action space that abstracts low-level
GUI actions into a concise yet expressive set of semantic commands. As shown in Table 14, this
action space is designed to be platform-aware yet semantically consistent, allowing our agents to
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Table 7: Results on ScreenSpot-Pro (Li et al., 2025).

Agent Model Development Creative CAD Scienti�c Of�ce OS Avg
Text Icon Avg Text Icon Avg Text Icon Avg Text Icon Avg Text Icon Avg Text Icon Avg

Proprietary Models
Claude (2024b) 22.0 3.9 12.6 25.9 3.4 16.8 14.5 3.7 11.9 33.9 15.8 25.8 30.1 16.3 26.9 11.0 4.5 8.1 17.1
Operator (2025) 50.0 19.3 35.1 51.5 23.1 39.6 16.8 14.1 16.1 58.3 24.5 43.7 60.5 28.3 53.0 34.6 30.3 32.7 36.6

General Open-source Models
Qwen2-VL-7B (2024) 2.6 0.0 1.3 1.5 0.0 0.9 0.5 0.0 0.4 6.3 0.0 3.5 3.4 1.9 3.0 0.9 0.0 0.5 1.6
CogAgent-18B (2024) 14.9 0.7 8.0 9.6 0.0 5.6 7.1 3.1 6.1 22.2 1.8 13.4 13.0 0.0 10.0 5.6 0.0 3.1 7.7
Qwen2.5-VL-3B (2025) 38.3 3.4 21.4 40.9 4.9 25.8 22.3 6.3 18.4 44.4 10.0 29.5 48.0 17.0 40.9 33.6 4.5 20.4 25.9
Qwen2.5-VL-7B (2025) 51.9 4.8 29.1 36.9 8.4 24.9 17.8 1.6 13.8 48.6 8.2 31.1 53.7 18.9 45.7 34.6 7.9 22.4 27.6
Qwen2.5-VL-32B (2025) 74.0 21.4 48.5 61.1 13.3 41.1 38.1 15.6 32.6 78.5 29.1 57.1 76.3 37.7 67.4 55.1 27.0 42.3 47.6

GUI Specialist
ShowUI-2B (2024) 16.9 1.4 9.4 9.1 0.0 5.3 2.5 0.0 1.9 13.2 7.3 10.6 15.3 7.5 13.5 10.3 2.2 6.6 7.7
OS-Atlas-7B (2024b) 33.1 1.4 17.7 28.8 2.8 17.9 12.2 4.7 10.3 37.5 7.3 24.4 33.9 5.7 27.4 27.1 4.5 16.8 18.9
UI-TARS-2B (2025) 47.4 4.1 26.4 42.9 6.3 27.6 17.8 4.7 14.6 56.9 17.3 39.8 50.3 17.0 42.6 21.5 5.6 14.3 27.7
UI-TARS-7B (2025) 58.4 12.4 36.1 50.0 9.1 32.8 20.8 9.4 18.0 63.9 31.8 50.0 63.3 20.8 53.5 30.8 16.9 24.5 35.7
UI-TARS-72B (2025) 63.0 17.3 40.8 57.1 15.4 39.6 18.8 12.5 17.2 64.6 20.9 45.7 63.3 26.4 54.8 42.1 15.7 30.1 38.1
UI-TARS-1.5-7B (2025) – – – – – – – – – – – – – – – – – – 49.6
UI-TARS-1.5 (2025) – – – – – – – – – – – – – – – – – – 61.6
GUI-Owl-7B (2025) 76.6 31.0 54.5 59.6 27.3 46.1 64.5 21.9 54.1 79.1 37.3 61.0 77.4 39.6 68.7 59.8 33.7 47.9 54.9
GUI-Owl-32B (2025) 84.4 39.3 62.5 65.2 18.2 45.5 62.4 28.1 54.0 82.6 39.1 63.8 81.4 39.6 71.8 70.1 36.0 54.6 58.0

GUI Grounding Models
SeeClick (2024) 0.6 0.0 0.3 1.0 0.0 0.6 2.5 0.0 1.9 3.5 0.0 2.0 1.1 0.0 0.9 2.8 0.0 1.5 1.1
Aria-UI (2024) 16.2 0.0 8.4 23.7 2.1 14.7 7.6 1.6 6.1 27.1 6.4 18.1 20.3 1.9 16.1 4.7 0.0 2.6 11.3
UGround-V1-7B (2024) – – 35.5 – – 27.8 – – 13.5 – – 38.8 – – 48.8 – – 26.1 31.1
UGround-V1-72B (2024) – – 31.1 – – 35.8 – – 13.8 – – 50.0 – – 51.3 – – 25.5 34.5
JEDI-3B (2025) 61.0 13.8 38.1 53.5 8.4 34.6 27.4 9.4 23.0 54.2 18.2 38.6 64.4 32.1 57.0 38.3 9.0 25.0 36.1
JEDI-7B (2025) 42.9 11.0 27.4 50.0 11.9 34.0 38.0 14.1 32.2 72.9 25.5 52.4 75.1 47.2 68.7 33.6 16.9 26.0 39.5
UI-R1-3B (2025) 22.7 4.1 – 27.3 3.5 – 11.2 6.3 – 42.4 11.8 – 32.2 11.3 – 13.1 4.5 – 17.8
In�GUI-R1-3B (2025b) 51.3 12.4 – 44.9 7.0 – 33.0 14.1 – 58.3 20.0 – 65.5 28.3 – 43.9 12.4 – 35.7
In�GUI-R1-7B (2025b) 57.4 23.4 – 74.7 24.1 – 64.6 15.4 – 80.6 31.8 – 75.7 39.6 – 57.0 29.2 – 51.9
GUI-G1-3B (2025) 50.7 10.3 31.1 36.6 11.9 26.6 39.6 9.4 32.2 61.8 30.0 48.0 67.2 32.1 59.1 23.5 10.6 16.1 37.1
GUI-G2-7B (2025) 55.8 12.5 – 68.8 17.2 – 57.1 15.4 – 77.1 24.5 – 74.0 32.7 – 57.9 21.3 – 47.5

Ours
ScaleCUA-3B 57.8 18.6 38.8 42.9 16.8 32.0 54.3 28.147.9 64.6 35.5 52.0 66.7 37.7 53.9 31.8 16.9 25.0 42.3
ScaleCUA-7B 66.2 20.7 44.1 56.6 20.3 41.3 54.8 21.9 46.7 77.1 24.5 54.3 74.0 45.367.4 49.5 18.0 35.2 47.9
ScaleCUA-32B 75.3 35.2 55.8 73.2 30.8 55.4 60.4 39.1 55.2 76.4 46.4 63.4 81.4 49.1 73.9 63.6 41.6 53.6 59.2

operate seamlessly across Desktop (Windows, macOS, Ubuntu), Mobile (Android, iOS), and Web
platforms. The action set includes universally supported operations such asclick , write , wait ,
andterminate , which are shared across all platforms. It also accommodates platform-speci�c
interactions, includingswipe andlong press for mobile devices, and �ne-grained mouse or
keyboard controls such asdoubleClick , rightClick , dragTo , andhotkey for desktop and
web interfaces. To handle modern interactive elements,swipe operation has also been implemented
for Web. By standardizing the operation interface through a shared action space, we simplify training
and inference while supporting both generalization and specialization. Each action is de�ned with
explicit arguments (e.g., coordinates, keypresses), enabling precise control and compatibility with
structured outputs in grounding, direct-action, and reasoned-action inference modes. This design
facilitates modular training, policy transfer, and scalable data annotation, forming a critical foundation
for developing universal GUI agents.

Table 8: Performance on the MMBench-GUI L2 (GUI Element Grounding) (Wang et al., 2025c).

Model Windows MacOS Linux iOS Android Web Avg
Basic Adv. Basic Adv. Basic Adv. Basic Adv. Basic Adv. Basic Adv.

GPT-4o (2024) 1.5 1.1 8.7 4.3 1.1 1.0 5.1 3.3 2.5 1.4 3.2 2.9 2.9
Claude-3.7 (2025) 1.5 0.7 12.5 7.5 1.1 0.0 13.7 10.6 1.4 1.4 3.2 2.3 4.7
Qwen-Max-VL (2023) 43.9 36.8 58.8 56.1 53.9 30.1 77.4 59.1 79.5 70.1 74.8 58.8 58.0
Aguvis-7B-720P (2024) 37.3 21.7 48.1 33.3 33.5 25.0 67.5 65.2 61.0 51.0 61.6 45.5 45.7
ShowUI-2B (2024) 9.2 4.4 24.1 10.4 25.1 11.7 29.0 19.7 17.4 8.7 22.9 12.7 16.0
OS-Atlas-Base-7B (2024b) 36.9 18.8 44.4 21.7 31.4 13.3 74.8 48.8 69.6 46.8 61.3 35.4 41.4
UGround-V1-7B (2024) 66.8 39.0 71.3 48.6 56.5 31.1 92.7 70.9 93.5 71.0 88.7 64.6 65.7
InternVL3-72B (2025) 70.1 42.6 75.7 52.3 59.2 41.3 93.6 80.6 92.7 78.6 90.7 65.9 72.2
Qwen2.5-VL-72B (2025) 55.7 33.8 49.9 30.1 40.3 20.9 56.1 28.2 55.6 25.4 68.4 45.8 41.8
Qwen2.5-VL-7B (2025) 31.4 16.5 31.3 22.0 21.5 12.2 66.6 55.2 35.1 35.2 40.3 32.5 33.9
UI-TARS-1.5-7B (2025) 68.3 39.0 69.0 44.5 64.4 37.8 88.5 69.4 90.5 69.3 81.0 56.5 64.3
UI-TARS-72B-DPO (2025) 78.6 51.8 80.3 62.7 68.6 51.5 90.8 81.2 93.0 80.0 88.1 68.5 74.3
GUI-Owl-7B (2025) 86.3 61.8 81.7 64.5 74.4 61.7 94.9 83.0 95.8 83.7 93.2 72.7 80.5
GUI-Owl-32B (2025) 85.6 65.1 84.9 67.1 77.0 63.3 95.2 85.5 96.1 87.0 95.5 80.8 83.0
In�GUI-G1-3B (2025b) 74.2 47.1 78.8 55.2 65.4 41.8 95.2 78.8 92.1 78.0 89.7 64.3 73.4
In�GUI-G1-7B (2025b) 82.7 61.8 83.8 63.9 72.3 52.0 94.9 89.4 95.2 85.6 93.5 76.3 80.8
ScaleCUA-3B 78.6 46.0 79.4 52.9 73.3 49.0 93.0 73.3 94.1 74.4 92.6 63.6 73.7
ScaleCUA-7B 78.6 54.0 82.3 58.7 74.4 56.6 94.3 81.8 96.181.1 92.6 73.1 78.2
ScaleCUA-32B 83.0 62.9 88.1 64.2 81.2 65.8 95.9 84.9 96.4 81.7 93.9 76.3 82.0
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Table 9: Performance comparison on OSWorld-G (Xie et al., 2025).

Agent Model Text
Matching

Element
Recognition

Layout
Understanding

Fine-grained
Manipulation Refusal Overall

Gemini-2.5-Pro (2025) 59.8 45.5 49.0 33.6 38.9 45.2
Operator (2025) 51.3 42.4 46.6 31.5 0.0 40.6
Seed1.5-VL (2025) 73.9 66.7 69.6 47.0 18.5 62.9
OS-Atlas-7B (2024b) 44.1 29.4 35.2 16.8 7.4 27.7
UGround-V1-7B (2024) 51.3 40.3 43.5 24.8 0.0 36.4
Aguvis-7B (2024) 55.9 41.2 43.9 28.2 0.0 38.7
UI-TARS-7B (2025) 60.2 51.8 54.9 35.6 0.0 47.5
UI-TARS-1.5-7B (2025) 70.1 57.9 59.7 51.7 0.0 56.0
UI-TARS-72B (2025) 69.4 60.6 62.9 45.6 0.0 57.1
Qwen2.5-VL-3B (2025) 41.4 28.8 34.8 13.4 0.0 27.3
Qwen2.5-VL-7B (2025) 45.6 32.7 41.9 18.1 0.0 31.4
Qwen2.5-VL-32B (2025) 63.2 47.3 49.0 36.9 0.0 46.5
InternVL3.5-241B-A28B (2025a) 64.4 58.8 55.3 43.0 0.0 53.2
JEDI-3B (2025) 67.4 53.0 53.8 44.3 7.4 50.9
JEDI-7B (2025) 65.9 55.5 57.7 46.9 7.4 54.1

ScaleCUA-3B 64.8 61.8 64.0 43.6 0.0 55.7
ScaleCUA-7B 67.8 61.8 64.8 49.7 0.0 57.8
ScaleCUA-32B 69.0 66.7 70.0 51.0 0.0 60.6

Table 10: Performance comparison on AndroidControl (Li et al., 2024b).

Agent Model AndroidControl-Low AndroidControl-High

Type Grounding SR Type Grounding SR

Claude (2024b) 74.3 0.0 19.4 63.7 0.0 12.5
GPT-4o (2024) 74.3 0.0 19.4 66.3 0.0 20.8
SeeClick (2024) 93.0 73.4 75.0 82.9 62.9 59.1
InternVL-2-4B (2024b) 90.9 84.1 80.1 84.1 72.7 66.7
Qwen2-VL-7B (2024) 91.9 86.5 82.6 83.8 77.7 69.7
Aria-UI (2024) – 87.7 67.3 – 43.2 10.2
OS-Atlas-4B (2024b) 91.9 83.8 80.6 84.7 73.8 67.5
OS-Atlas-7B (2024b) 93.6 88.0 85.2 85.2 78.5 71.2
Aguvis-7B (2024) – – 80.5 – – 61.5
Aguvis-72B (2024) – – 84.4 – – 66.4
OS-Genesis-7B (2024b) 91.3 – 74.2 66.2 – 44.5
UI-TARS-2B (2025) 98.1 87.3 89.3 81.2 78.4 68.9
UI-TARS-7B (2025) 98.0 89.3 90.8 83.7 80.5 72.5
UI-TARS-72B (2025) 98.1 89.9 91.3 85.2 81.5 74.7
Qwen2.5-VL-3B (2025) – – 90.8 – – 63.7
Qwen2.5-VL-7B (2025) – – 91.4 – – 60.1
Qwen2.5-VL-32B (2025) – – 93.3 – – 69.6
Qwen2.5-VL-72B (2025) – – 93.7 – – 67.4
InternVL3.5-241B-A28B (2025a) 88.1 93.4 82.1 81.0 81.5 68.2

ScaleCUA-3B 91.4 93.7 84.1 81.4 83.9 70.3
ScaleCUA-7B 93.3 93.1 86.0 86.3 84.3 74.8
ScaleCUA-32B 91.9 94.7 85.7 85.7 87.3 75.9

A.5 ERRORCASE ANALYSIS

We here provide several error cases across different platforms to analyze the limitations of our
ScaleCUA.

On desktop platforms, ScaleCUA frequently violatesprocedural prerequisitesshown in Fig 7 and
Fig 8, such as attempting to compress �les without selecting them or changing font styles without
highlighting the target text. These issues stem from an incomplete understanding of interface states
and sub-task dependencies. Moreover, a signi�cant limitation of ScaleCUA emerges when actions
result in silent failures, characterized by a lack of discernible state transition. In such instances,
the model tends to perseverate on the unsuccessful operation, revealing the absence of a robust
error-recovery mechanism. This issue underscores the critical requirement for �ne-grained perception
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Table 11: Performance comparison on ScienceBoard (Sun et al., 2025).

Model Algebra Biochem GIS ATP Astron Doc Overall

GPT-4o (2024) 3.2 0.0 0.0 0.0 0.0 6.3 1.6
Claude-3.7-Sonnet (2025) 9.7 37.9 2.9 0.0 6.1 6.3 10.5
Gemini-2.0-Flash (2024) 6.5 3.5 2.9 0.0 0.0 6.1 3.2
Qwen2.5-VL-72B (2025) 22.6 27.6 5.9 0.0 9.1 12.5 12.9
InternVL3-78B (2025) 6.5 3.5 0.0 0.0 0.0 6.3 2.7
UI-TARS-1.5-7B (2025) 12.9 13.8 0.0 0.0 6.1 0.0 5.9

ScaleCUA-3B 6.5 13.8 0.0 0.0 0.0 0.0 3.6
ScaleCUA-7B 3.2 3.4 0.0 0.0 1.8 0.0 1.8
ScaleCUA-32B 9.7 10.3 0.0 0.0 12.1 0.0 5.9

Table 12: Performance on General VLM Benchmarks. ScaleCUA-3B (25%) denotes that, during
training, the number of general-purpose data samples was set to 25% of the GUI data samples (e.g.,
Understanding, Grounding, and Planning).

Model MathVistaMINI (2023) OCRBench(2024b) MMMU valid (2024) RealWorldQA (2024)

Qwen2.5-VL-3B (2025) 62.3 797 (79.7) 53.1 65.4
ScaleCUA-3B (0%) 52.8 819 (81.9) 48.8 65.2
ScaleCUA-3B (25%) 58.6 823 (82.3) 50.6 65.4
ScaleCUA-3B (50%) 58.7 824 (82.4) 52.4 65.1
ScaleCUA-3B (75%) 59.3 818 (81.8) 55.6 65.2
ScaleCUA-3B (100%) 60.6 806 (80.6) 53.4 63.5
Qwen2.5VL-7B (2025) 68.2 864 (86.4) 58.6 68.5
ScaleCUA-7B (50%) 65.4 852 (85.2) 54.7 69.8
Qwen2.5-VL-32B (2025) 74.7 854 (85.4) 70.0 72.2
ScaleCUA-32B (75%) 69.8 827 (82.7) 61.9 72.3

and a robust understanding of element state to interact with context-dependent UI elements, such as
focus and selection.

For the Android platform, there exist precision and positional challenges demonstrated in Fig 9. In
the �rst case, the instruction explicitly requires appending text to the top of a �le within a note-taking
application (Markor). However, the agent fails to recognize this positional constraint, instead inserting

Figure 7: Error cases on the Windows platform. The �rst case shows ScaleCUA creating an archive
without having selected any �les, revealing that it sometimes fails to follow the full instruction and
only completes a sub-step. The second case shows ScaleCUA persistently repeating the same action
until the step limit, when it misses the correct element and the screen remains unchanged.
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Table 13: Public data sources used for training our models. The “*” indicates that we count the
number of samples we use rather than the full size of the original dataset because we have processed
these datasets and �ltered some noisy examples. Some statistics are calculated from Aguvis (2024).

GUI Task Data source Platform #Elements / #Steps

Grounding

SeeClick (2024) Website 271K
GUIEnv (2024a) Website 328K
GUIAct (2024a) Website 67K
WebUI (2023a) Website 57K
Widget Captioning (2020b) Mobile 101K
RicoSCA (2020a) Mobile 173K
UI RefExp (2021) Mobile 16K
RICO Icon (2017) Mobile 16K
OmniACT (2024) Desktop & Website 7K
UGround (2024)* Website 1404K
OS-Atlas (2024b)* Desktop 799K
JEDI (2025)* Desktop 550K
Total – 3789K

Planning

MM-Mind2Web (2023) Website 7.8K
GUIAct (2024a) Website 16.6K
MiniWoB++ (2017) Website 9.9K
AitZ (2024) Mobile 11.9K
AndroidControl (2024a) Mobile 74.8K
GUI Odyssey (2024a) Mobile 118.3K
AMEX (2024) Mobile 35.6K
AitW (2023) Mobile 19.0K
PC Agent-E (2025) Desktop 27.8K
Total – 321.7K

Table 14: Actions space.

Action Platforms Description

click(x, y, clicks, button) All Perform a mouse click at coordinates (x, y) using the speci�ed
button and number of clicks.

write(message) All Input the given message.
wait(seconds) All Pause execution for the speci�ed number of seconds.
response(answer) All Submit a response to the environment or task prompt.
terminate(status) All Terminate the current task with a given completion status.
scroll(clicks, x, y) Desktop Performs a scroll of the mouse scroll wheel at position (x, y).
doubleClick(x, y, button) Desktop & Web Perform a double click at coordinates (x, y) with the speci�ed

button.
rightClick(x, y, button) Desktop & Web Perform a right click at coordinates (x, y) with the speci�ed

button.
hotkey( * args) Desktop & Web Trigger a keyboard shortcut composed of one or more keys.
moveTo(x, y) Desktop & Web Move the mouse pointer to the speci�ed (x, y) position.
dragTo(x, y, button) Desktop & Web Drag the mouse to (x, y) while holding the speci�ed button.
press(keys, presses) Desktop & Web Press the speci�ed key(s) a given number of times.
keyDown(key) Desktop & Web Press and hold a key without releasing it.
keyUp(key) Desktop & Web Release a previously held key.
swipe(from, to, direction, amount) Mobile & Web Swipe from a start to end point in the speci�ed direction with a

given intensity or distance.
navigate home() Mobile Return to the mobile home screen.
navigate back() Mobile Navigate back to the previous screen on mobile.
long press() Mobile Perform a long-press gesture on the current focus or location.
open app(app name) Mobile Launch a mobile application by its name.

content at the current cursor location without adjusting it. This suggests that ScaleCUA lacks a
�ne-grained understanding of positional semantics in natural language instructions, as well as the
ability to reason about UI state changes like cursor positioning. In the second case, the agent is
instructed to ”Take one photo.” Despite correctly launching the camera and triggering the shutter
once, the agent erroneously repeats the same actions multiple times. This behavior stems from
a failure to detect visual feedback or con�rm state transitions (e.g., a captured photo thumbnail),
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Figure 8: Error cases on the Ubuntu platform. ScaleCUA repeatedly fails tasks because it does not
comprehend procedural prerequisites. The agent attempts to execute a �nal command without �rst
performing the necessary intermediate step of selecting the target object. For instance, it tries to
restore a �le without selecting it from the trash or alter a font without highlighting the text. Critically,
this operational �aw generates no explicit error message, trapping the agent in a repetitive loop of
ineffective actions.

Figure 9: Error cases on the Android platform. The �rst case shows an instruction requiring content
to be inserted at the top of a document; however, ScaleCUA opens the �le and inserts directly at the
current cursor location, ignoring the positional prerequisite. The second case shows that when the
UI exhibits no obvious state change after an operation, ScaleCUA repeats the same action multiple
times, causing tasks such as taking a photo to fail.

leading to unnecessary repetition. These failure modes indicate two key limitations: (1) insuf�cient
grounding of spatial and contextual cues embedded in task descriptions, and (2) inadequate visual
state tracking, particularly under conditions where UI feedback is subtle. Addressing these issues may
require enhanced visual reasoning modules, memory-based state modeling, or task-guided grounding
re�nements.
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