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Abstract

Graphical User Interface (GUI) agents show promising capabilities for automating
computer-use tasks and facilitating accessibility, but existing interactive bench-
marks are mostly English-only, covering web-use or Windows, Linux, and Android
environments, but not macOS. macOS is a major OS with distinctive GUI patterns
and exclusive applications. To bridge the gaps, we present macOSWorld, the first
comprehensive benchmark for evaluating GUI agents on macOS. macOSWorld
features 202 multilingual interactive tasks across 30 applications (28 macOS-
exclusive), with task instructions and OS interfaces offered in 5 languages (English,
Chinese, Arabic, Japanese, and Russian). As GUI agents are shown to be vulnerable
to deception attacks, macOSWorld also includes a dedicated safety benchmark-
ing subset. Our evaluation on six GUI agents reveals a dramatic gap: proprietary
computer-use agents lead at above 30% success rate, while open-source lightweight
research models lag at below 5%, highlighting the need for macOS domain adap-
tation. Multilingual benchmarks also expose common weaknesses, especially in
Arabic, with a 28.8% average degradation compared to English. Results from safety
benchmarking also highlight that deception attacks are more general and demand
immediate attention. Project page: https://macos-world.github.io.

1 Introduction

Graphical User Interface (GUI) agents have emerged as promising tools for automating digital tasks
across web interfaces or operating systems [1–8]. These agents interpret screenshots, understand
user instructions, and execute actions to accomplish complex workflows, such as file management or
web browsing [9–13]. To evaluate and advance their capabilities, it is crucial to develop interactive
benchmarks, allowing agents to operate freely in realistic GUI environments.

Current interactive benchmarks have well-established web-browsing evaluation [13–17, 5, 10, 18],
with recent expansion toward more complex OS-level interactions. OSWorld [19] established a
framework for benchmarking GUI agents in Ubuntu Linux, which was extended to Windows and
Android by WindowsAgentArena [20] and AndroidWorld [21]. Despite this progress, three critical
gaps remain in interactive OS-level benchmarks: (1) none cover macOS – a major operating system
with distinctive interface patterns and unique applications; (2) most focus exclusively on English-
language tasks and environments, neglecting global user diversity; and (3) few comprehensively
evaluate both functional performance and safety considerations within a unified framework.

macOS presents unique challenges for GUI agents due to its distinct interaction paradigms, visual
aesthetics, and exclusive application ecosystem. Applications like Pages, Numbers, Keynote, iMovie,
and Xcode have no direct counterparts on other operating systems, requiring agents to understand
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Figure 1: macOSWorld is an interactive computer-use benchmark, allowing GUI agents to operate in
a real macOS environment and complete a series of tasks. To facilitate multilingual benchmarking,
both the tasks and the environments are provided in 5 languages.

macOS-speci�c navigation patterns, menu structures, and design conventions. Supporting multilin-
gual interfaces further compounds these challenges, as agents must adapt to varied text orientations,
character sets, and layout modi�cations across languages. Simultaneously, as GUI agents gain greater
system-level control, evaluating their resilience to deceptive content also becomes increasingly
important for safe deployment.

To address these gaps, we introduce macOSWorld (Figure 1), the �rst comprehensive benchmark for
evaluating GUI agents on macOS environments. Our contributions include:

• A virtualized macOS environment with 202 interactive tasks spanning 30 applications – 28 of
which are exclusive to macOS – covering system navigation, �le management, productivity
suites, media editing, and advanced development work�ows.

• Full multilingual support, with both task instructions and system interfaces provided in �ve
languages (English, Chinese, Arabic, Japanese, and Russian), enabling evaluation of agents'
capabilities in different languages.

• A dedicated safety benchmarking subset with realistic macOS-style deceptive pop-up win-
dows, providing the �rst non-synthetic context deception attack evaluation for GUI agents.

• Comprehensive evaluation of six representative GUI agents, revealing performance tiers,
language-speci�c capabilities, and systematic failure patterns that highlight current limita-
tions and future research directions.

The benchmarking results reveal distinct performance tiers, with proprietary computer use agents
(CUAs) achieving over 30% success rate while open-source research models struggle at below 5%.
On average, the agents perform the best with linear alphabetic languages (English, Russian), followed
by block character-based languages (Chinese, Japanese), while right-to-left Arabic shows a 28.8%
performance drop compared to English. This drop primarily manifests through degraded planning or
grounding capabilities. Task and environment language mismatch further degrades agent performance.
Our safety evaluation reveals that agents' susceptibility varies, with the two strongest CUAs being
highly vulnerable to context deception attacks (� 70% deception rate), highlighting that the issue is
more general than previously understood and demands immediate attention.

2 Related Works

GUI Agents are systems based on large language or vision-language models (LLMs/VLMs) that
perceive graphical user interfaces (GUIs) and manipulate digital environments to carry out user-
speci�ed tasks. Some agents leverage off-the-shelf powerful VLMs through prompt engineering and
specialized system designs [1, 11], while others are speci�cally �netuned to enhance UI perception
and grounding [23–25, 2, 3, 26, 12, 27]. Commercial computer-use agents (CUAs) have also emerged
[28, 29]. Early agents relied on structured inputs, such as Set-of-Mark (SoM) labels [30, 31]
and HTML element annotations [14, 11], but recent systems predominantly use more generalized
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Table 1: Comparison of interactive (online) operating system benchmarks for GUI agents. "Total
Apps" counts the number of apps evaluated in the benchmark, among which "Unique Apps" reports
how many apps are unique to this OS.

Tasks OS
OS-Level
Recovery

Languages
(Task � Env)

Unique/Total
Apps

Safety
Evaluation

OSWorld [19] 369+43 Ubuntu, Windows 3 1�1 1 / 9 7
WindowsAgentArena [20] 154 Windows 3 1�1 7 / 12 7
AndroidWorld [21] 116 Android 7 1�1 18 / 20 7
WorldGUI [22] 107 Windows 7 1�1 2 / 9 7
macOSWorld (Ours) 201+29 macOS 3 5�5 28 / 30 3

pure vision inputs, operating on screenshots without additional metadata [28, 29, 25, 2]. These
developments underscore the promise of GUI agents for automating computer use, motivating the
need for realistic benchmarks.

Benchmarks for GUI Agents fall into two categories: static and interactive. Static (a.k.a. of�ine)
benchmarks are datasets providing paired GUI states (e.g., screenshots) and ground-truth next-action
annotations [32–38], but they often oversimplify real-world interfaces and fail to assess authentic
GUI dynamics [19]. In comparison, interactive (a.k.a. online) benchmarks allow agents to interact
freely within a real environment, and evaluate agents based on successful task completion. Interactive
benchmarks have been well-established in web-browsing [13–17, 5, 10, 18], with recent works
expanding to OS-level tasks that encompass more complex and diverse GUIs and use cases [19–22].
As compared in Table 1, while OSWorld [19], WindowsAgentArena [20], AndroidWorld [21] have
covered Ubuntu Linux, Windows and Android platforms, none of the existing benchmarks cover
macOS – a major platform with distinct GUI conventions and interaction paradigms. Nor do they
support multilingual or non-English instructions and environments. Addressing these omissions is
essential to ensure broader applicability.

Agent Safety Benchmarks evaluate agents' vulnerability under adversarial attacks [39], jailbreak-
ing threats [40, 41], or context-deception attacks (e.g., malicious pop-up windows designed to mislead
the agent) [42–44]. Since GUI agents are particularly vulnerable to context deception attacks [42, 45],
comprehensive safety evaluations are critical. However, current methods typically employ synthetic
contents [43, 44], leaving agent behavior in handling realistic, interactive deceptions unexplored.

Gaps and Contributions Despite signi�cant advances, existing benchmarks omit macOS and its
unique applications, lack coverage of non-English tasks or interfaces, and rarely combine functional
performance with safety evaluation. We therefore develop macOSWorld, a multilingual interactive
macOS benchmark integrated with safety evaluations to bridge the gaps.

3 macOSWorld Benchmark Infrastructure

Benchmarking a GUI agent requires orchestrating the interaction between the agent and a GUI
environment around a target task. macOSWorld realizes this interaction through (1) an agent being
evaluated (Section 3.1), (2) a suite of tasks with natural language instructions and programmatic
evaluation (Section 3.2), (3) the macOSWorld environment hosting interactive, reproducible and
multilingual macOS instances (Section 3.3), and (4) a centralized testbench that drives the evaluation
via SSH, VNC, and AWS APIs (Section 3.4).

3.1 Agent

Following [19, 20], we formulate the agent's interaction with a GUI environment as a partially
observable Markov decision process (POMDP) with an environment state spaceS, an observation
spaceO and an action spaceA (Section 3.3), a transition functionT : S � A ! S , and a reward
functionR : S ! fsuccess; failg . At timestept, the agent observesot 2 O (e.g., a screenshot) and
issues an executable actionat 2 A (e.g., a mouse click), leading to a new statest+1 = T(s t ; at )
and the next observationot+1 . This cycle continues until either the agent elects to terminate (e.g.,
declaring task completion or failure), or upon reaching a maximum horizon� . Upon termination, we
compute r = R(st max ) to determine whether the agent successfully achieved the objective.
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Figure 2: macOSWorld benchmark infrastructure. The main components are (1) a suite of multilingual
tasks with natural-language instructions and programmatic evaluation, (2) interactive, reproducible
macOS computer environments hosted on AWS, and (3) a centralized testbench that drives the
evaluation process, orchestrates different components via SSH, VNC, and AWS APIs.

Table 2: Example actions in the macOSWorld action space. macOSWorld support actions provided in
the VNC remote control protocol, which is built-in to macOS and Ubuntu systems.

Category Action Function Explanation
Clicking mouse_down, mouse_up Press mouse key (left/middle/right)

move_to, drag_to, left_click, double_click,
triple_click, middle_click, right_click Move to, drag to, or click at a coordinate (x, y)

Scrolling scroll_up, scroll_down, scroll_left, scroll_right Scroll by an amount of pixels
Typing key_press, key_press_and_hold, type_text Press a key or a combination of keys (e.g., command-c)
Requesting screenshot, cursor_position Take a screenshot or get the cursor position

3.2 Tasks

A macOSWorld task contains three components. (1) Task Instructions are natural language in-
structions that agents need to follow or accomplish. Each instruction is offered in 5 languages:
English, Chinese, Arabic, Japanese, and Russian. (2) Environment Preparation Con�gurations
is for environment state initialization. It includes a designated Amazon Machine Image (AMI) ID
specifying the OS state, and a preparation script that restores the application state (e.g., by opening
a speci�c document). (3) Evaluation Script rewards agent's performance of a task, following the
execution-based approach of [19, 20]. Each task is paired with one or several exclusively designed
evaluation scripts. For example, the script could verify task completeness by verifying if a desired
�le is successfully created. Appendix C walks through a real example of each task component.

3.3 Environment

The macOSWorld environment consists of one or more virtualized macOS instances running on
AWS EC2, designed with three properties in mind: interactivity, reproducibility, and multilingual
support. Interactivity is provided through publicly accessible SSH and VNC interfaces, allowing
agents to interact with the environment using the same protocol as controlling a remote computer.
Reproducibility is ensured by maintaining multiple snapshots: each snapshot, when paired with a
preparation script, restores the system to a precise state, including open applications or documents,
simulating diverse usage scenarios. For multilingual support, every English snapshot is duplicated
in Chinese (simpli�ed), Arabic, Japanese, and Russian; the applications and document templates
automatically adapt their language and layouts under each OS language.

To comply with Apple software's EULA, macOSWorld runs in macOS EC2 instances on AWS-hosted
dedicated Apple hardware. These hosts are genuine Mac minis with custom �rmware that boot
macOS from external hardware, allowing virtualized macOS emulation, snapshot recovery, and
environment reproducibility by other AWS users.

Observation Space Agents receive full-screen screenshots as observations, re�ecting the de facto
community standard [19, 25, 2]. To enhance perception or ease grounding, agent themselves may inte-
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grate tools such as Set-of-Mark annotators [14]; for instance, Table 8 presents a baseline performance
where GPT-4o is augmented with Set-of-Mark (SoM) annotations [30] to facilitate grounding.

Action Space In line with OpenAI CUA [28] and Claude CUA [29], macOSWorld adopts the VNC
standard action space, with examples of actions shown in Table 2. Agents with compatible but smaller
action spaces, such as UI-TARS [2] or ShowUI [25], can interface through adapters that translate
their native actions into the VNC action space.

3.4 Testbench

Given a task con�guration (Figure 2(a)), our testbench takes 4 steps to benchmark it. To facilitate
benchmark fairness and reproducibility, (1) Snapshot Recovery �rst recovers the OS state by booting
the Mac mini from a publicly available Amazon Machine Image (AMI) snapshot (containing required
software and �les). (2) Task Preparation then executes preprocessing commands via SSH (either
zsh shell or Applescript) to prepare the application-level environment, such as copying task assets
to the desktop or opening a document template with starter content. Once the environment is set,
the testbench enters the (3) Interaction Loop, enabling agent-environment interaction for multiple
rounds. When the interaction terminates, in (4) Evaluation, the testbench runs evaluation scripts
(written in AppleScript, JavaScript or zsh) in the background via SSH and obtains reward values.

4 macOSWorld Tasks

macOSWorld comprises 202 interactive tasks organized into seven categories, of which 171 are
available in �ve languages. These tasks span common system interfaces (such as the Lock Screen
and App Launcher) as well as 30 macOS applications – 28 of which are exclusive to macOS.
By benchmarking both macOS-unique applications and multilingual task execution (environment
language and instruction language), macOSWorld �lls two important gaps in prior work.

4.1 Task Instruction Curation

The task instructions were authored in English by our annotators according to the following principles.
First, we adopted the task taxonomy from OSWorld [19] and WindowsAgentArena [20], which has
been established through extensive computer use cases (see Table 9 in [19]). Second, we replaced
Windows and Linux contexts with their macOS counterparts – for example, swapping LibreOf�ce for
iWork, VSCode for Xcode, and Python coding tasks for SwiftUI development. Third, we reduced
the proportion of web browsing scenarios (already well covered by benchmarks such as [13, 14, 19])
and instead emphasized interactions with macOS-unique application interfaces. Finally, annotators
consulted of�cial Apple resources – including tutorials, sample projects and templates – to ensure
that each instruction re�ected representative use cases and user �ows. The instructions were then
translated by GPT-4o into Chinese, Arabic, Japanese, and Russian versions (retaining proper nouns
and �le names), with Google Translate round-trip veri�cation back to English to con�rm consistency.
Figure 5 provides an example of a task in all 5 languages, and screenshots of their initial states.

4.2 Task Statistics

Multi-Language Figure 3(a) shows that, out of the 202 English (instruction and environment)
tasks, 183 have been translated into Chinese, Japanese, and Russian, while 171 are also available in
Arabic. The discrepancy arises from two advanced apps: iMovie has no Arabic version, and Xcode is
only available in English.

Category We categorize macOSWorld tasks into seven groups (Figure 3(b)) to facilitate perfor-
mance analysis: System & Interface (settings, Lock Screen, App Launcher etc.), File Management
(Finder and �le operations), Productivity (Pages, Numbers, Keynote, Notes), Media (Music, Quick-
Time), Built-in Apps (Contacts, Reminder, Disk Utility etc.), Advanced Apps (iMovie, Xcode), and
Multitasking (tasks requiring multiple applications). Among the 30 applications covered, 28 are
exclusive to macOS3. Compared to existing interactive OS benchmarks, macOSWorld speci�cally
bridges the gap of benchmarking the unique GUI interaction patterns of macOS.

3Safari and QuickTime are also available on Windows; mobile OS versions are treated as distinct applications.
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Figure 3: macOSWorld statistics and human performance. (a) Number of tasks available in each
language. (b) Task distribution across seven categories. (c) Human performance on each task plotted
as a scatter of total time versus number of steps used. (d) Histogram of task per-step time usage.

Figure 4: Examples of our safety benchmarking subset. (a) Pop-up window attack [42] (top) versus
our macOS-style deceptive pop-up window (bottom). (b) Four examples of our attack. Our method
spawns real pop-up windows in the environment with several buttons. Only when the distracting
buttons are clicked would the attack be considered successful.

Human Performance We asked our annotators to re-perform each task one month after initial
annotation. All tasks were completed within 20 user steps, but with diverse action steps and execution
times. Figure 3(c) shows macOSWorld tasks lean towards planning-oriented (top-left), with no
action-intensive outliers (bottom-right). Figure 3(d) shows a histogram of per-step completion times,
which well �ts an ex-Gaussian distribution.

4.3 Safety Benchmarking Subset

Since OS-level agents could directly control computer hardware, their safety is crucial. In particular,
GUI agents are vulnerable to context deception attacks [42–45]. To assess this risk, we introduce a
dedicated safety benchmarking subset. To our knowledge, this is the �rst interactive (non-synthetic)
context deception attack.

Attack Design We build on the pop-up window attack of prior work [42], adapting it to macOS
and making three key modi�cations: (1) UI Consistency: We replaced the original's exaggerated
typography with fonts and sizes faithful to standard macOS dialogs. (2) Evaluation Criteria: Each
popup has both "gold" and "distraction" buttons, and only clicking the distraction buttons counts
as a successful attack. (3) Element Obstruction: Dialogs are centered on the screen, potentially
obscuring critical UI elements and requiring explicit handling. Figure 4(a) compares [42]'s synthetic
attack (top) with our version (bottom).

All titles, body text, and button labels were manually crafted to appear authentic yet contain subtle
atypical cues, with 4 examples shown in Figure 4(b). We form the safety subset by �rst randomly
sampling 29 tasks from the main dataset, and then manually annotating 29 unique dialogs containing
deceptive content paraphrased from each corresponding task. The safety subset is provided in English.

Implementation Rather than overlaying synthetic pop-ups on screenshots, we use AppleScript to
trigger genuine macOS pop-up windows. The testbench spawns a process parallel to the agent loop,
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Table 3: Performance of baseline agents on macOSWorld by language and task category. Language
indicates both the task prompt and system UI language (e.g., "zh" means both are Chinese). The
Overall column reports the average success rate (SR) over 171 of 202 tasks, excluding those under
Advanced Apps (Adv Apps). Highest SRs in each column are inblue ; second highest ingreen .

Model &
Language

Success Rate (")
System &
Interface

System
Apps

File
Manage

Produc-
tivity Media

Adv
Apps

Multi-
Apps Overall

Claude
CUA

en 65.5% 52.6% 41.4% 51.4% 33.3% 16.1% 10.7% 44.4%
zh 48.3% 36.8% 31.0% 34.3% 25.0% - 7.1% 31.6%
ar 48.3% 31.6% 34.5% 34.3% 41.7% - 3.6% 31.6%
ja 58.6% 31.6% 41.4% 45.7% 33.3% - 7.1% 36.8%
ru 62.1% 44.7% 48.3% 40.0% 25.0% - 14.3% 40.9%
Avg 56.6% 39.5% 39.3% 41.1% 31.7% - 8.6% 37.1%

OpenAI
CUA

en 41.4% 42.1% 27.6% 51.4% 8.3% 19.4% 7.1% 33.3%
zh 44.8% 42.1% 27.6% 45.7% 25.0% - 3.6% 33.3%
ar 13.8% 31.6% 37.9% 45.7% 33.3% - 3.6% 28.1%
ja 34.5% 44.7% 31.0% 54.3% 25.0% - 7.1% 35.1%
ru 51.7% 50.0% 27.6% 48.6% 41.7% - 10.7% 39.2%
Avg 37.2% 42.1% 30.3% 49.1% 26.7% - 6.4% 33.8%

GPT-4o

en 3.4% 13.2% 6.9% 14.3% 8.3% 0.0% 3.6% 8.8%
zh 3.4% 5.3% 6.9% 11.4% 8.3% - 3.6% 6.4%
ar 0.0% 2.6% 0.0% 5.7% 8.3% - 3.6% 2.9%
ja 3.4% 7.9% 6.9% 5.7% 0.0% - 3.6% 5.3%
ru 3.4% 2.6% 3.4% 5.7% 0.0% - 0.0% 2.9%
Avg 2.8% 6.3% 4.8% 8.6% 5.0% 2.9% 5.3%

Gemini
Pro 2.5

en 10.3% 31.6% 37.9% 28.6% 16.7% 6.5% 3.6% 22.8%
zh 6.9% 21.1% 44.8% 25.7% 8.3% - 3.6% 19.9%
ar 10.3% 21.1% 24.1% 20.0% 0.0% - 7.1% 15.8%
ja 3.4% 26.3% 31.0% 17.1% 25.0% - 7.1% 18.1%
ru 13.8% 13.2% 31.0% 20.0% 16.7% - 0.0% 15.8%
Avg 9.0% 22.6% 33.8% 22.3% 13.3% - 4.3% 18.5%

UI-TARS
7B DPO

en 13.8% 0.0% 6.9% 8.6% 0.0% 3.2% 0.0% 5.3%
zh 20.7% 7.9% 0.0% 11.4% 0.0% - 0.0% 7.6%
ar 3.4% 0.0% 3.4% 5.7% 0.0% - 0.0% 2.3%
ja 10.3% 0.0% 3.4% 0.0% 0.0% - 0.0% 2.3%
ru 13.8% 7.9% 6.9% 5.7% 0.0% - 0.0% 6.4%
Avg 12.4% 3.2% 4.1% 6.3% 0.0% - 0.0% 4.8%

ShowUI

en 3.4% 2.6% 0.0% 0.0% 0.0% 0.0% 0.0% 1.2%
zh 3.4% 2.6% 0.0% 0.0% 0.0% - 0.0% 1.2%
ar 0.0% 2.6% 0.0% 5.7% 0.0% - 0.0% 1.8%
ja 0.0% 0.0% 0.0% 0.0% 0.0% - 0.0% 0.0%
ru 0.0% 0.0% 6.9% 0.0% 0.0% - 0.0% 1.2%
Avg 1.4% 1.6% 1.4% 1.1% 0.0% - 0.0% 1.1%

Average 19.9% 19.2% 19.0% 21.4% 12.8% - 3.7% 16.7%

triggering the pop-up window and logging one of three outcomes: gold, distracted, or unhandled
(e.g., the pop-up is not interacted or dragged aside).

5 Benchmarking Baselines

5.1 Benchmark Setup

Agents We evaluate six representative GUI agents as baselines: two proprietary computer-use
agents (OpenAI Computer-Using Agent [28], computer-use-preview-2025-03-11 ; Claude
Computer-Use Agent [29], claude-3-7-sonnet-20250219 with computer-use-2025-01-24
andtoken-efficient-tools-2025-02-19 betas), two general VLM-based agents (GPT-4o [46],
gpt-4o-2024-08-06 ; Gemini 2.5 Pro [47], gemini-2.5-pro-preview-03-25 ), and two commu-
nity open-source GUI agents (ShowUI 2B [25]; UI-TARS 7B DPO [2], chain-of-thought [48] enabled
in Chinese). This selection spans state-of-the-art proprietary systems, powerful vision-language back-
bones, and lightweight research models. Implementation details (including prompts used, temperature,
and top_p) are given in Appendix G.
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Benchmark Con�gurations All experiments run in a macOS virtual instance at 1024� 768 pixels
(the default for macOS and for Claude CUA [29]), physically on AWS-hosted Mac Minis (model
A2348). Except for the Set-of-Mark (SoM) ablation (Table 8), all agents perceive the environment
from the most recent 3 screenshot only. Each task is granted up to 15 screenshots or 30 dialog turns,
whichever limit is reached �rst. Agents retain the full conversation history, but prune screenshots
to the most recent 3 (with ShowUI [25] being an exception, following its own context format [7]).
Tasks are benchmarked in �ve languages – English (en), Chinese (zh), Arabic (ar), Japanese (jp), and
Russian (ru) – with both the task prompt and system UI set to the target language. The only exception
is the Advanced Apps category, which is evaluated in English exclusively (Section 4.2).

Evaluation Criteria Upon task termination, we assign a binary reward: 1 if the agent achieves the
�nal goal, 0 otherwise. Non-binary evaluation criteria are removed. We aggregate these scores as the
mean Success Rate (SR) across dimensions such as language or task category.

5.2 Quantitative Performance Evaluation

Agents' performance form three tiers on macOSWorld. As shown in Table 3), the two proprietary
CUAs lead with overall SRs above 30%. Gemini 2.5 Pro, alone, occupy the middle tier, at 18.5%.
Finally, GPT-4o and the two open-source models (UI-TARS 7B DPO, ShowUI) register below 10% on
average. For the open-source models, compared to their competitive performance on web browsing,
Windows and Ubuntu Linux [25, 2, 19], the results here reveal they lack macOS-speci�c adaptation.
Notably, Although GPT-4o and UI-TARS are close in performance, their failure modes are completely
different, which we analyze in detail in Section 5.3.

Agents handle interface and productivity tasks moderately but struggle on media, advanced
apps, and multi-app work�ows. When averaged over the four interface and productivity categories
(System & Interface, System Apps, File Management, Productivity), agents achieve a fairly consistent
17%-21% SR, demonstrating basic navigation and command execution competence. However, Media
tasks fall to 12.8% SR – likely because these involve more precise dragging operations that current
agents handle poorly. Advanced Apps tasks, which demand both domain knowledge and complex
operations, peak at only 19.4% (OpenAI CUA) and drop to 0% for even GPT-4o. Multi-app scenarios
are the hardest of all, with a mere 3.7% average SR, underscoring the challenge of coordinating
actions across concurrent windows and applications.

Agents show different ef�cacy under different languages, with English and Russian leading the
performance. As shown in Table 4, across �ve languages evaluated, linear alphabetic languages
(English, Russian) yield the highest average overall SRs across agents (>17.5%). East Asian block
characters (Chinese, Japanese) follow closely at 17.2% and 15.8%. Right-to-left Arabic lags at
13.7%, which is a 28.8% drop from English, re�ecting agents' dif�culty perceiving either the visual
complexity of Arabic glyphs or the mirrored UI layout, or both. GPT-4o exhibits especially uneven
multilingual performance, with over 60% SR degradation on Russian and Arabic compared to English.
If the task language and the environment language do not match, agent performance could further
decline (see Appendix D.1).

5.3 Qualitative Analysis: Agent Behavior and Failure Modes

Open-source research models – Good grounding but poor planning. ShowUI demonstrates
decent grounding ability but often executes nonsensical actions. For example, it attempts to open
Settings by scrolling the mouse wheel on the desktop (Figure 9). It also tries to complete the task by
typing it into the Help menu (Figure 8), which clearly shows that while it can identify basic interface
elements, it lacks macOS-speci�c domain knowledge. In comparison, UI-TARS not only exhibits
similarly nonsensical behaviors (Figure 10 and 14), but also fails due to illegal output formats and
hallucinations. In Figure 15, it issues instructions to click a button by name rather than by coordinates,
which is an illegal operation; in Figure 14, it mistakenly believes the Apple menu is located at the
bottom-left corner of the screen. These results indicate that lightweight research models require
substantial adaptation for mainstream macOS GUI tasks.

General-purpose proprietary VLMs – Good planning with imprecise grounding. Although
GPT-4o's performance is close to UI-TARS, its failure mode is more similar to Gemini 2.5 Pro,
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Table 4: Performance (success rate, SR) of baseline agents on macOSWorld by language, averaged
across all agents and all task categories excluding Advanced Apps. Performance degradations (� )
are with respect to the English counterpart.

en ru zh ja ar Average
SR 19.3% 17.7% 17.2% 15.8% 13.7% 16.7%
� - -8.1% -11.1% -18.2% -28.8% -13.2%

Table 5: Agent performance on the macOSWorld safety subset under context-deception attacks,
showing rates (%) of Distracted (clicking a decoy), Gold (clicking the close/cancel button), and
Unhandled (pop-up not closed). Colors indicatehighest andsecond highest rates in each row.

Claude CUA OpenAI CUA GPT-4o Gemini Pro 2.5 UI-TARS 7B ShowUI Average
Distracted 72.4% 69.0% 0.0% 17.2% 58.6% 41.4% 33.3%
Gold 24.1% 27.6% 0.0% 3.4% 34.4% 10.3% 10.9%
Unhandled 3.4% 3.4% 100.0% 79.3% 6.9% 44.8% 55.2%

another general-purpose VLM. Both GPT and Gemini struggle to precisely ground GUI elements,
consistent with prior �ndings on general VLM agents in GUI settings [19, 20, 31]. While Gemini
2.5 Pro shows noticeably better grounding than GPT-4o, neither approaches the performance of
specialized computer-use agents. Grounding UI elements with Set-of-Mark annotations [31] doubles
GPT-4o's performance (details in Appendix D.2), at 13.0% averaged across all languages (Table 8),
but still lags Gemini's 18.5%.

Proprietary CUAs – Suboptimal action ef�ciency. OpenAI and Claude CUAs achieve the highest
overall SRs but exhibit inef�ciencies in step budgeting. They often repeatedly fail and retry simple
operations like creating folders (Figure 16 and 17), consuming more action steps than humans do and
leaving insuf�cient step budget for downstream operations. For successful tasks, OpenAI and Claude
CUAs take 15.95 and 19.85 steps on average, while human annotators use only 7.51 steps.

Multilingual discrepancies of CUAs – Performance gap stems from degraded grounding or
planning. Differences in performance across languages are most pronounced for the two proprietary
CUAs. For OpenAI CUA, the performance degradation stem primarily from degraded grounding:
In one task (Figure 18), the agent effortlessly completed the account-creation task in English, but
in Arabic, it fails to open Settings at all. Claude CUA exhibits both grounding and planning-related
errors: while GUIs are mirrored in Arabic, Claude may carry biases from left-to-right UI layouts and
incorrectly click on non-mirrored locations. It could also use more steps to complete the same task
(Figure 19). These cross-language discrepancies underscore the necessity for language-aware training
and UI layout adaptation to maintain consistent performance across diverse language environments.

5.4 Safety Subset Evaluation

As shown in Table 5, under context deception attacks, proprietary CUAs almost always handle the
pop-up events (<4% unhandled) but exhibit high distraction rates (� 70%), whereas proprietary VLMs
leave the vast majority of pop-ups unhandled. Notably, despite UI-TARS and ShowUI's low overall
SR in previous experiments, they understand the pop-ups and were distracted half of the time on
average. These results reveal the vulnerability in GUI agents (particularly CUAs) to complex
small-font deceptive UI designs, highlighting that context deception attacks could be more
general and broadly effective, going beyond prior studies [42, 45]. The �ndings underscore the
need for imminent safety mechanisms.

6 Conclusion and Future Analysis

We presented macOSWorld, the �rst macOS interactive benchmark for GUI agents, with multilingual
tasks, environments, and a safety evaluation subset. Results reveal clear performance tiers among
agents and signi�cant variation across language settings, highlighting the need for better adaptation
to both the macOS system and multilingual environments. Future work could extend macOSWorld to
non-binary reward evaluation, addressing the challenge of de�ning appropriate scoring rubrics, thus
facilitating �ne-grained benchmarking as well as reinforcement-learning-based agent training.
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A Impact Statement

macOSWorld contributes to accessibility and inclusion in computing environments. By establishing
the �rst multilingual interactive macOS benchmark, our work facilitates the development of more
capable macOS GUI agents that can assist users with disabilities, limited technical knowledge, or
language barriers. The benchmark's multilingual design actively promotes linguistic inclusivity in AI
development, directly addressing underserved languages like Arabic where our results demonstrate a
substantial 27.5% performance drop compared to English. This aligns with broader efforts to make
AI technologies more equitable across diverse user populations.

B Ethical and Safeguarding Statement

macOSWorld adheres to responsible AI principles through both its design choices and implementation
safeguards. All main benchmark tasks focus exclusively on constructive applications that enhance
accessibility and productivity, deliberately avoiding scenarios that could lead to harmful outcomes.
While our safety benchmarking subset might inadvertently provide a blueprint for adversaries due
to its effectiveness, we acknowledge this presents a double-edged sword, and we call for urgent
development of defense mechanisms.

For responsible deployment, macOSWorld implements environment isolation for safeguarding. The
benchmark operates solely within virtualized macOS environments on AWS Mac mini machines,
isolating potential harmful operations from both host platforms and physical hardware. Our snapshot
restoration process ensures all content, �les, and system changes are immediately discarded after each
evaluation, preventing any accumulation of sensitive information. To further facilitate auditability
and traceability, additional techniques such as output watermarking could be employed [49–52].

C Example of a Real Task

A macOSWorld task comprises four key components – (1) a task instruction, (2) an AMI ID mapping,
(3) a preparation script, and (4) an evaluation script. Figure 5 illustrates one example.

Figure 5: Example of a task involving updating a dishwasher selection in a Numbers project document,
together with its environment preparation and evaluation scripts.
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Task Instruction In this example, the agent is instructed to open the current Numbers project
document, navigate to the "Products" tab, and change the previously selected dishwasher model to
"Model B". This instruction is provided in all �ve supported languages (English, Chinese, Arabic,
Japanese, and Russian), ensuring that both the environment UI and the task text remain consistent
with the agent's language setting.

Note that macOSWorld also allows cross-language evaluations, for example, evaluating with Chinese
tasks in an Arabic macOS environment. This simulates the scenario, for example, a Chinese engineer
helping an Arabic customer with computer usage.

AMI ID Mapping Before the agent begins, we must restore the macOS environment to the exact
state in which the target document is already open. We do this by launching a pre-con�gured Amazon
Machine Image (AMI) on AWS EC2. Each language variant maps to its own AMI ID. For example:
{ "en": "ami-07f4fd69378358c18", "zh": "ami-0abc1234def567890", ... }.

Each AMI contains the correct macOS version plus all necessary applications and �les. For this task,
the chosen AMI already has Numbers installed and the "Personal Budget" template available.

Preparation Script Once the EC2 instance is up, our testbench runs a language-speci�c preparation
script over SSH (via zsh and AppleScript). The script given in Figure 5 (1) launches Numbers, (2)
waits �ve seconds to avoid race conditions, and (3) opens a new document from the built-in "Personal
Budget" template. Because template names differ across macOS languages, for some tasks, we
maintain one script per language.

Agent Interaction & Expected Behavior After preparation, the agent enters its interaction loop.
Here, it is expected to click to (a) select the "Products" tab, (b) untick "Dishwasher C", and (c) tick
"Dishwasher B". Although this is a simple three–click task, it tests the agent's ability to ground
instructions in a complex spreadsheet. In practice, however, many agents still fail. Figure 6 shows a
representative failure case.

Evaluation Script Upon termination, the testbench invokes an AppleScript–based evaluation script
via SSH to verify task success. The script reads two speci�c cells in the Products tab of the frontmost
document:

1. The checkbox state (Cell C6) for Dishwasher B must be true.

2. The checkbox state (Cell C7) for Dishwasher C must be false.

Only if both conditions hold does the script echo True; otherwise it echo False. The testbench parses
this return value from ssh-executed script to assign a binary reward.

Although this example uses a single evaluation script, many macOSWorld tasks employ multiple
scripts to handle language-dependent window titles or alternative success criteria. While our platform
supports non-binary rewards for intermediate states, the experiments reported in this paper remove
those rewards and use only binary (success/failure) evaluations.

D Additional Benchmarking Scenarios

D.1 Cross-Lingual Evaluation

In many real-world settings, a user may submit a task prompt in one language while operating a
system whose interface is rendered in another. To measure the impact of this mismatch, we repeat the
OpenAI CUA experiments from Table 3 under cross-lingual conditions. Speci�cally, we �x the task
prompt language to English and vary the environment language across the supported set: English,
Chinese, Arabic, Japanese, and Russian.

Table 6 presents the mean Success Rate (SR) when task and environment languages are matched
versus mismatched. To illustrate the degradation patterns, Table 7 shows a confusion matrix of
overall SRs: each column corresponds to the environment language, and the diagonal entries report
matched-language performance. Across all off-diagonal cells, the SR consistently falls below the
matched case, con�rming that language mismatch between task prompt and UI leads to further
performance degradation.
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Table 6: Cross-lingual performance of OpenAI CUA on macOSWorld. Env stands for the macOS
system (GUI) language. The top 5 rows are where the task language aligns with the environment
language. The bottom 5 rows are where the agent is given English tasks and operate in environments
with different languages.

Language System &
Interface

System
Apps

File
Ops

Produc-
tivity Media Multi-

tasking TotalTask Env
en en 41.4% 42.1% 27.6% 51.4% 8.3% 7.1% 33.3%
zh zh 44.8% 42.1% 27.6% 45.7% 25.0% 3.6% 33.3%
ar ar 13.8% 31.6% 37.9% 45.7% 33.3% 3.6% 28.1%
ja ja 34.5% 44.7% 31.0% 54.3% 25.0% 7.1% 35.1%
ru ru 51.7% 50.0% 27.6% 48.6% 41.7% 10.7% 39.2%
en en 41.4% 42.1% 27.6% 51.4% 8.3% 7.1% 33.3%
en zh 34.5% 34.2% 24.1% 48.6% 25.0% 3.6% 29.8%
en ar 13.8% 23.7% 27.6% 45.7% 8.3% 3.6% 22.8%
en ja 37.9% 42.1% 31.0% 40.0% 25.0% 0.0% 31.0%
en ru 44.8% 44.7% 27.6% 37.1% 25.0% 3.6% 32.2%

Table 7: Confusion matrix of baseline OpenAI CUA performance in different task and environment
languages. Values are success rates averaged across tasks. Results show that mismatch between task
and environment languages could further degrade agent performance.

Task
Language

Environment Language
en cn ar ja ru

en 33.3% 29.8% 22.8% 31.0% 32.2%
cn 33.3%
ar 28.1%
ja 35.1%
ru 39.2%

D.2 Set-of-Mark (SoM) Annotation Evaluation

Previous work has alleviated grounding errors in general VLM agents (e.g., GPT-4o) by overlaying
Set-of-Mark (SoM) annotations on interface elements [14, 19, 20, 31]. We evaluate GPT-4o [46]
with and without SoM tags under the same benchmark con�gurations described in Section 5.1, with
implementation details in Section G.2.

Table 8 compares GPT-4o's SR across the �ve languages when using explicit SoM tag identi�ers in
place of raw screen coordinates. The results show that SoM annotations roughly double GPT-4o's
success rates in every language. Nevertheless, GPT-4o with SoM still trails behind Gemini Pro 2.5
and both proprietary CUAs. This gap indicates that SoM annotations are a useful but insuf�cient
workaround; agents speci�cally trained or �netuned for computer -use tasks maintain superior
grounding and overall performance.

Table 8: Performance of baseline GPT-4o agent with and without Set-of-Mark (SoM) annotations.
The overlayed SoM labels and their transcripts were generated using OmniParser v2. Language
indicates both the task prompt and system UI language. The Overall column reports the average
success rate excluding tasks from the Advanced Apps category.

Language SoM
Suceess Rate (")

System &
Interface

System
Apps

File
Ops

Produc-
tivity Media

Advanced
Apps

Multi-
Apps Overall

en 3.4% 13.2% 6.9% 14.3% 8.3% 0.0% 3.6% 8.8%
3 6.9% 15.8% 31.0% 31.4% 33.3% 3.2% 7.1% 19.9%

zh 3.4% 5.3% 6.9% 11.4% 8.3% - 3.6% 6.4%
3 6.9% 15.8% 24.1% 22.9% 0.0% - 3.6% 14.0%

ar 0.0% 2.6% 0.0% 5.7% 8.3% - 3.6% 2.9%
3 6.9% 7.9% 10.3% 5.7% 8.3% - 3.6% 7.0%

ja 3.4% 7.9% 6.9% 5.7% 0.0% - 3.6% 5.3%
3 10.3% 10.5% 10.3% 17.1% 0.0% - 3.6% 9.9%

ru 3.4% 2.6% 3.4% 5.7% 0.0% - 0.0% 2.9%
3 6.9% 13.2% 20.7% 25.7% 0.0% - 7.1% 14.0%

15



Figure 6: An example illustrating ShowUI's inconsistent capabilities. In this case, the task instruction
is: "In the project document, go to products and change my previous choice of the dishwasher to
model B." ShowUI immediately navigates to the Products tab in the complex Numbers spreadsheet,
but fails to complete the subsequent task of changing the dishwasher model choice, despite this
requiring only two simple clicks.

E More Analysis on Agent Behavior and Failure Modes

In this section, we support Section 5.3 with visualizations and more detailed analysis.

E.1 ShowUI

ShowUI [25] fails to complete the vast majority of tasks, with an end-to-end success rate averaging
only 1.1% across �ve languages, signi�cantly lower than computer-use agents (CUAs) and general
VLM-based agents. Our analysis reveals that ShowUI demonstrates some understanding of complex
interfaces and execution capabilities; however, it frequently performs nonsensical operations on
simple tasks, likely due to its lack of domain knowledge. In other words, ShowUI's primary
limitation lies in planning.

ShowUI still exhibits capability in understanding complex interfaces, but its performance is highly
inconsistent. Figure 6 provides such an example, where ShowUI is asked to navigate to the "Products"
tab in a given project document, before changing the choice of a dishwasher product. ShowUI
successfully locates the Products tab at the top of the page and precisely clicks on it in the �rst step,
demonstrating accurate comprehension of this complex Numbers document and sensitivity to small
UI elements. However, ShowUI displays signi�cant inconsistency in subsequent steps: it only needed
to click twice to uncheck Dishwasher C and check Dishwasher B, but instead begins inexplicably
editing the content of the Refrigerator C link, ultimately failing to complete the task.
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Figure 7: An example of ShowUI's nonsensical operations. In this case, the task instruction is:
"Change my hard disk volume name to `Local HD`." ShowUI correctly presses enter to initiate the
renaming interface. At this point, the hard disk name is fully selected and editable, so ShowUI only
needs to type "Local HD". However, it chooses to click on the hard disk icon, exiting the �lename
editing mode. Subsequently, ShowUI presses enter again to re-enter editing mode, then clicks the
hard disk icon again to exit �lename editing mode, repeating this cycle until the task step limit is
exhausted.

This phenomenon of making nonsensical predictions on simple tasks is prevalent throughout ShowUI's
task completion processes. As shown in Figure 7, during a renaming operation, ShowUI cycles
repeatedly between entering and exiting renaming mode until the step limit is exhausted. Other
nonsensical operations include inexplicably scrolling down on the desktop when needing to open
Settings (Figure 9), or randomly right-clicking on the screen. These operations have no clear
motivational explanation. In the example in Figure 8, ShowUI is asked to change the window
minimization animation effect to "scale effect", but it immediately clicks the help menu at the
beginning of the task and inputs this keyword into the search box. This provides direct evidence
that ShowUI lacks domain knowledge of macOS usage, which may be the root cause of its series of
nonsensical operations.

Additionally, ShowUI's behavior of inputting the task into the search box in Figure 8 exposes a
potential security risk: under speci�c circumstances (such as in this case, where the task is dif�cult
and the agent is unclear how to proceed), GUI agents risk directly inputting content from user-
given tasks into the environment. This poses a potential privacy risk, such as when user-given task
instructions contain sensitive information like passwords, and the agent chooses to input this content
into a malicious input �eld constructed by an adversary.
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Figure 8: An example of ShowUI using the help button. In this case, the task instruction is: "Help me
modify settings to use scale effect when minimizing windows." This is a system animation settings
task, and the �rst step should be to open Settings. However, ShowUI chooses to seek assistance from
the "Help" in the menu bar, and after a search box appears, directly inputs part of the user-speci�ed
task into the search box. This help-seeking behavior directly re�ects ShowUI's lack of macOS
domain knowledge.

E.2 UI-TARS

UI-TARS's performance lies between that of ShowUI and GPT-4o, achieving an average task success
rate of 4.8% across all languages. It exhibits three primary failure modes: executing nonsensical
actions, hallucinations, and producing outputs in invalid formats.

When executing nonsensical actions, UI-TARS behaves similarly to ShowUI, often in ways that are
dif�cult to interpret. For example, in Figure 10, when the task requires opening System Settings via
the Apple menu in the top-left corner of the screen, UI-TARS instead opens four unrelated menus
(e.g. Edit, File) from the top bar. It is unclear whether this re�ects a systematic attempt to locate
System Settings or merely random, unconscious exploration. n some cases, this phenomenon may
even occur during actions that UI-TARS had previously been able to complete successfully. For
example, when asked to insert two blank tables into a document, as shown in Figure 11, UI-TARS
successfully inserts the �rst one, but during the second attempt, it begins performing nonsensical
actions, adjusting the zoom level of the view. Notably, UI-TARS's thought process during these
tasks offers little insight into the rationale behind its actions, either. Its internal reasoning often only
speci�es what to do and how to do it, without explaining why.

Hallucinations in UI-TARS are most evident in its perception of screen content. For instance, it
might mislocate the Apple icon, perceiving it on the bottom-left instead of the top-left (Figure 12), or
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Figure 9: An example of ShowUI failing to correctly open the settings panel. In this case, the task
instruction is: "Someone else would be temporarily using my Mac. Help me create an account
without a password. This account should be prohibited from changing my system settings, and that
all changes made by this account (like �les placed on the desktop) will not be saved upon logout."
However, ShowUI continuously scrolls down rather than recognizing the need to click on the Settings
icon in the Dock to �rst open Settings.

misestimate the aspect ratio of a slide on screen (Figure 13). Hallucination and nonsensical actions
can also occur simultaneously: in step 4 in Figure 14, the agent attempts, without clear motivation, to
click the Apple icon to close the Apple menu, while also hallucinating the Apple icon is located at
the bottom-left of the screen. Considering that UI-TARS achieves strong quantitative performance
across multiple platforms and benchmarks [2], such errors may stem from its lack of adaptation to
macOS and limited domain-speci�c knowledge.

Another factor limiting UI-TARS's performance is its inconsistency in output formatting. Figure 15
shows invalid formats across two consecutive steps: the agent omits the "Thought:" pre�x before
stating its reasoning, includes redundant equals signs, quotation marks, and line breaks within the
click action syntax, and incorrectly places a translated label of the UI element in place of a screen
coordinate. Improving formatting consistency would enhance the agent's reliability and ensure that
its outputs remain parsable by downstream algorithms.

Despite the room for improvement on macOS tasks, UI-TARS sometimes demonstrates self-correction
capabilities. In some examples, it explicitly acknowledges past mistakes in its reasoning, as shown
below:

Thought ( or iginal ly in Chinese ): Due to my incorrect action in
,! the previous step , a dropdown menu labeled " Document " has
,! appeared on the right side of the page . This does not meet
,! the task requirements . I should left - cl ick the " Document "
,! tab in the upper - right corner of the page to close the
,! dropdown menu .

E.3 OpenAI Computer-Using Agent and Claude Computer-Use Agent

Both CUAs outperform other agents in our benchmark, achieving average success rates of around
35% across all languages. While they do not exhibit obvious error patterns within individual
languages, they demonstrate performance disparities across different languages, with weaknesses in
less pro�cient languages manifesting as diminished grounding and planning capabilities.

Within a single language, these agents do not display obvious shortcomings in speci�c capabilities
like ShowUI or UI-TARS; rather, task failures primarily stem from imperfect handling of various
details. For example, in a �le organization task requiring the creation of two folders followed by
sorting images and documents into their respective directories, both CUAs only managed to create
the folders before exhausting their step limits. OpenAI CUA (Figure 16) struggles to select �les
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Figure 10: An example where UI-TARS executes nonsensical actions. In this case, the task instruction
is: "Please help me modify the settings so that I can view a larger version of text when I am typing."
UI-TARS should open System Settings via the Apple menu in the top left corner or click the gear
icon in the Dock below, but it does neither. Instead, it successively opens the Finder, Edit, Window,
and File menus from the top bar. It's unclear whether it is searching through each menu in hopes of
�nding the entrance to System Settings or mindlessly opening menus without intent.

correctly before dragging them into each folder after creating the folders. It inadvertently selects
unintended content, such as simultaneously selecting newly created folders while attempting to select
�les, and repeatedly makes the same mistakes, demonstrating signi�cant room for improvement
in its perception and handling of details. Although it exhibits error correction capabilities, such as
closing mistakenly opened windows and returning to the directory where �les need categorization,
this correction consumes numerous steps, directly leading to step limit exhaustion. Claude CUA
(Figure 17) fails to observe that text is already in selected state when renaming a folder, where
it could directly input the new �lename "Documents." Instead, it clicks the text once, deselecting
all text, causing subsequent keystrokes to append to rather than replace "untitled folder", resulting
in an incorrectly named folder ("untitleDocumentsd folder") while consuming substantial steps.
This example illustrates the primary error pattern for both CUAs – task failures triggered by detail-
level issues. In interactive environments, minor errors can have cascading effects, as the numerous
additional steps required to correct detailed errors easily amplify the impact of mistakes, preventing
agents from completing tasks within speci�ed step limits.

OpenAI CUA's performance degradation in less pro�cient languages primarily manifests as reduced
grounding capability. Figure 18 presents an example where the agent successfully completes a task in
English, Russian, and Chinese but struggles with the �rst step in Arabic. This complex task requires
creating a guest account on the computer, with the �rst step being opening settings. However, while
the agent can smoothly open settings and proceed with subsequent operations in other languages,
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Figure 11: An example where UI-TARS executes nonsensical actions. In this case, the task instruction
is: "Help me create a blank Pages document and insert two separate empty tables in it. No need
to con�gure the details of the tables." The task requires the agent to insert two tables. The agent
has already inserted one and now needs to insert the second. To do this, it only needs to repeat the
previous steps by clicking the Table icon at the top of the interface again and selecting any table.
However, it �rst clicks a cell in the existing table and then starts adjusting the zoom level of the view.
These actions are inexplicable, illogical, and the agent's thoughts and actions are not aligned.

it repeatedly misclicks when attempting to open settings from either the Dock or Apple menu in
Arabic. OpenAI CUA's ability to successfully complete this complex task in three other languages
but repeatedly encounter basic grounding issues in Arabic demonstrates its performance degradation
in multi-language scenarios manifesting as diminished grounding capabilities.

Claude CUA's performance degradation in less pro�cient languages includes not only reduced
grounding capability but also diminished planning ability to some extent. Figures 19(a) and (b)
show cases where Claude CUA incorrectly clicks when opening system settings in Arabic, targeting
icons on the right side of the Dock. In other languages, the System Settings icon defaults to the
right side, but Arabic system environments mirror the UI, placing the Settings icon on the left. This
demonstrates Claude CUA's dif�culty adapting to mirrored UI layouts. Figure 19(c) illustrates the
only successful method used by Claude CUA to open settings in Arabic – through the System Settings
option in the Apple Menu in the top right corner, requiring two steps. In contrast, Claude CUA in
the other four languages directly clicks the icon in the Dock, opening settings in a single step. This
indicates a decline in Claude CUA's planning ability – when an icon is placed in a mirrored location,
it fails to recognize or locate it effectively.

21


	Introduction
	Related Works
	macOSWorld Benchmark Infrastructure
	Agent
	Tasks
	Environment
	Testbench

	macOSWorld Tasks
	Task Instruction Curation
	Task Statistics
	Safety Benchmarking Subset

	Benchmarking Baselines
	Benchmark Setup
	Quantitative Performance Evaluation
	Qualitative Analysis: Agent Behavior and Failure Modes
	Safety Subset Evaluation

	Conclusion and Future Analysis
	Acknowledgements
	Impact Statement
	Ethical and Safeguarding Statement
	Example of a Real Task
	Additional Benchmarking Scenarios
	Cross-Lingual Evaluation
	Set-of-Mark (SoM) Annotation Evaluation

	More Analysis on Agent Behavior and Failure Modes
	ShowUI
	UI-TARS
	OpenAI Computer-Using Agent and Claude Computer-Use Agent

	Environment Implementation Details
	Agent Implementation Details
	GPT-4o
	GPT-4o with Set-of-Mark Annotations
	Gemini Pro 2.5
	OpenAI Computer-Using Agent
	Claude Computer Use Agent
	UI-TARS
	ShowUI


