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ABSTRACT

Large language models (LLMs) show remarkable potential to act as computer
agents, enhancing human productivity and software accessibility in multi-modal
tasks that require planning and reasoning. However, measuring agent performance
in realistic environments remains a challenge since: (i) most benchmarks are lim-
ited to specific modalities or domains (e.g., text-only, web navigation, Q&A) and
(ii) full benchmark evaluations are slow (on order of magnitude of multiple hours
or days) given the multi-step sequential nature of tasks. To address these chal-
lenges, we introduce the WINDOWSAGENTARENA: a reproducible, general en-
vironment focusing exclusively on the Windows operating system (OS) where
agents can operate freely within a real Windows OS and use the same wide range
of applications, tools, and web browsers available to human users when solving
tasks. We adapt the OSWorld framework (Xie et al., 2024) to create 150+ diverse
Windows tasks across representative domains that require agent abilities in plan-
ning, screen understanding, and tool usage. Our benchmark is scalable and can be
seamlessly parallelized in Azure for a full benchmark evaluation in as little as 20
minutes. To demonstrate WINDOWSAGENTARENA’s capabilities, we also intro-
duce a new multi-modal agent, Navi. Our agent achieves a success rate of 19.5%
in the Windows domain, compared to 74.5% performance of an unassisted hu-
man. Navi also demonstrates strong performance on another popular web-based
benchmark, Mind2Web. We offer extensive quantitative and qualitative analysis
of Navi’s performance, and provide insights into the opportunities for future re-
search in agent development and data generation using WINDOWSAGENTARENA.
Code: In .zip supplementary material

1 INTRODUCTION

The concept of an agent is not new to the field of artificial intelligence, with its definition and
taxonomy being subject to debate for decades (Minsky, 1988; Shoham, 1993; Franklin & Graesser,
1996; Jennings et al., 1998). In the broadest sense, an agent is “anything that can be viewed as
perceiving its environment through sensors and acting upon that environment through actuators”
(Russell & Norvig, 2016). As most of our daily tasks move to and concentrate within the digital
realm, the development of computer agents that can perceive, plan, and act in virtual environments
holds great potential to enhance human productivity and software accessibility.

High-capacity multi-modal models like GPT-4V (Achiam et al., 2023), GPT-4o, and Gemini (Team
et al., 2023) now serve as the main backbone of agents tested in benchmarks focusing on domains
such as web navigation (Deng et al., 2023) mobile screens (Rawles et al., 2024b), and software
development (Jimenez et al., 2023). We often perform complex cross-domain tasks while switching
between programs, contexts, and graphical or command line interfaces. To address the gap between
task complexity and simulator realism, OSWorld (Xie et al., 2024) and AndroidWorld (Rawles et al.,
2024a) embody and envelop a real computer and mobile OS into the testing domain in attempts to
align the observation/action spaces to better match the human computing experience.

However, as benchmarks evolve to better capture the complexity of realistic human workflows, their
growth in size (number of tasks) and task complexity will likely require an ever-increasing amount
of time and computing resources to run and evaluate similarly large foundation model agents—
presenting issues in both efficiency and accessibility.
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Figure 1: WINDOWSAGENTARENA is a benchmark suite that envelops a real Windows OS environment, allowing agents to interact with a
variety of applications and web domains. The benchmark is scalable and can be deployed in Azure virtual machines for fast parallel evaluation.

In this work, we introduce WINDOWSAGENTARENA—a benchmark suite building upon upon the
OSWorld framework with the goal of advancing the development and testing of multi-modal agents
within the Windows OS ecosystem. While works like OSWorld focus on Linux OS, our benchmark
is developed specifically for Windows—the most common computer OS among everyday users and
enterprises (with 73% market share1). In spite of its prevalence, Windows’ closed-source proprietary
nature can limit access for researchers who rely on open-source environments—which, in turn, limits
progress in developing/testing agents capable of performing tasks in one of the most commonly used
computing platforms in the world.

Contributions. To address these gaps and more, we make the following contributions:

• We introduce WINDOWSAGENTARENA: an agentic benchmark consisting of 154 tasks
distributed across multiple apps and domains (Table 2). Unlike other benchmarks such as
OSWorld, we focus exclusively on the Windows OS—providing significantly more tasks in
both number and variety to address the unique aspects of Windows OS. For instance, only
�10% of OSWorld’s tasks are for Windows (�50 tasks out of over 400). Our benchmark
also provides open/free access to a Windows OS environment (Section 3.3), allowing users
to install programs, configure new tasks, etc.

• WINDOWSAGENTARENA is designed to be fully scalable and parallelizable, allowing for
fast evaluation (Section 3.3). Unlike other agent benchmarks where evaluation can be slow
due to the benchmark’s size/complexity, we parallelize our benchmark’s deployment in
Azure using secure infrastructure. As a result, full evaluation on our benchmark takes as
little as 20 minutes, as opposed to tens of hours to over a day with serial computation
(Appendix A.7)—all without the need for any high-performance computing setups, large
storage capacities, or GPU resources, ensuring low-cost affordability and accessibility.

• To our knowledge, we are the first to open-source infrastructure which allows re-
searchers to fully parallelize benchmark evaluation, enabling faster turn-around times
and reiteration when it comes to research, development, and evaluation of agents.

• To demonstrate WINDOWSAGENTARENA’s capabilities and provide the research com-
munity with a starting agent template, we also introduce a multi-modal agent for Win-
dows OS called Navi. We provide extensive ablations and benchmark its perfor-
mance (Section 4) with the best configuration achieving a 19.5% success rate on WIN-
DOWSAGENTARENA using Set-of-Marks prompting (Yang et al., 2023) combined with the
system’s UIA accessibility tree and pixel-based element detectors.

• We analyze and provide several variants of Navi to serve as references for future
agent iterations (Table 4)—including those based off of popular multimodal staples
like GPT-4V and GPT-4o, OpenAI’s recent text-only o1, and smaller models typically
neglected by agentic benchmarks like phi-3/phi-3.5.

• Additionally, we test the best performing configurations of Navi on another web-based
benchmark (Mind2Web) and verify its performance.

1https://gs.statcounter.com/os-market-share/desktop/worldwide
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We make our code available as open-source contributions2 in the hopes that WIN-
DOWSAGENTARENA can make agent research more accessible while also facilitating further agent
development, faster experimentation, and data generation at scale in the Windows environment.

2 PRIOR WORK

Platform 9 Env? k Env? # templates # tasks/templ.
(approx.)

Reward Platform

GAIA 7 - 466 1 text-match None
Mind2Web 7 - 2,350 1 None Desktop Web
WebLinx 7 - 2,337 1 None Desktop Web
PixelHelp 7 - 187 1 None Android
MoTIF 7 - 4,707 1 None Android (Apps+Web)
AiTW 7 - 30,378 1 None Android (Apps+Web)
OmniAct 7 - 9,802 1 None Desktop (Apps+Web)
MiniWoB++ 3 7 114 variable HTML/JS state Web (synthetic)
WebArena 3 7 241 3.3 text-match Desktop Web
VisualWebArena 3 7 314 2.9 text/img-match Desktop Web
WorkArena 3 7 29 622.4 cloud state Desktop Web
MMInA 3 7 1,050 1 text-match Desktop Web
AndroidWorld 3 7 116 variable device state Android (Apps+Web)
OSWorld 3 l 369 1 device state Desktop (Apps+Web)
WINDOWSAGENTARENA 3 3 154 1 device state Desktop (Apps+Web)

Table 1: Table adapted from Rawles et al. (2024a) comparing different benchmarks for AI agent evaluation. “9 Env?” denotes whether an
environment exists for the platform/benchmark and “k Env?” denotes whether the benchmark environment is natively scalable/parallelizable.
OSWorld can be parallelized within a single machine, but this limits scalability.

LLMs, Agents, & Multimodality. Advances in LLMs and foundation models have led to signif-
icant interest in their potential as autonomous agents. Recent improvements in multi-modal (e.g.,
language and vision) capabilities like image captioning and visual reasoning have spurred applica-
tions to agent perception and action grounding such as cross-attention between modalities (Alayrac
et al., 2022), trainable visual expert models (Wang et al., 2023), mapping images into frozen LLM
embedding spaces (Tsimpoukelli et al., 2021), �ne-tuning with images/instruction pairs (Liu et al.,
2023a), and more. Many closed-source LLMs have followed suit to incorporate vision and other
modalities such as GPT-4V (OpenAI, 2023) and Gemini (Google-Research, 2023). Various ex-
amples of text-only and vision-language agent models have seen testing on the web, desktop, and
mobile environments: UFO (Zhang et al., 2024a), CC-Net (Humphreys et al., 2022), AiTW (Rawles
et al., 2024b), CogAgent (Hong et al., 2023), MM-Navigator (Yan et al., 2023), SeeAct (Zheng et al.,
2024b), WebAgent (Gur et al., 2023), OS-Copilot (Wu et al., 2024), among others.

Benchmarks. Several benchmarks attempt to test different facets of agentic capabilities (see Ta-
ble 1 for an overview). Some benchmarks rely on a static dataset of human-collected data to evaluate
agent performance, such as Mind2Web (Deng et al., 2023), WebLinx (L�u et al., 2024), PixelHelp (Li
et al., 2020), MoTiF (Burns et al., 2021), AiTW (Rawles et al., 2024b), and OmniAct (Kapoor et al.,
2024). The downside of static benchmarks is that they are unable to capture the full range of trajec-
tories which an agent might take to solve tasks as these can differ from human demonstration.

Interactive benchmarks, in contrast, can provide reward signals at task completion that allow for
more dynamic and open-ended agent evaluation. These evaluations can occur in pre-de�ned environ-
ments or in open-ended fashion allowing the agent to make use of any tools available. GAIA (Mialon
et al., 2023), for instance, allows the agent to use the web and tools to answer complex questions,
but does not specify a closed environment in which the agent can actually operate. On acting in
speci�c environments, notable examples are MiniWoB++ (Shi et al., 2017), WebArena (Zhou et al.,
2024), VisualWebArena (Koh et al., 2024), WorkArena (Drouin et al., 2024), MMInA (Zhang et al.,
2024b), AndroidWorld (Rawles et al., 2024a), and OSWorld (Xie et al., 2024). Closest to our work is
OSWorld, which provides a benchmark for agents to operate within OS environments, with a focus
on Linux. We extend and build upon this work to focus on Windows OS, as discussed in Section 3.2.

2Github link will be available after paper review.
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3 THE WINDOWSAGENTARENA ENVIRONMENT

3.1 TASK DEFINITION

Similar to Koh et al. (2024) and Xie et al. (2024), we formalize the agent behavior as a partially
observable Markov decision process (POMDP)(S;O; A ; T; R) with state spaceS, observation
spaceO (3.1.1), action spaceA (3.1.2), transition functionT : S � A ! S, and reward func-
tion R : S � A ! R. Given current observationot 2 O , an agent generates executable action
at 2 A , resulting in a new statest +1 2 S and a new partial observationot +1 2 O . The process
repeats until the agent outputs a termination action (DONEor FAIL) or when the maximum number
of steps is reached (t > t max). The reward functionR : S � A ! [0; 1] returns a non-zero value at
the �nal step if the agent state achieves the task objective, or if the agent accurately predicts failure
for an infeasible task; depending on the task, the reward either returns 1 if the outcome is binary
(correct vs. incorrect) or a non-zero decimal value if task evaluation depends on similarity of agent
outcome to the task's objective. In all other scenarios, it returns 0. We note that the benchmark can
potentially be modi�ed to allow for intermediate non-zero rewards along the episode to account for
partial completion via more complex evaluation functions—we leave this as possible future work.

3.1.1 OBSERVATION SPACE

The observation spaceO represents the OS information available to the agent at each time step. In
its most general form, this includes the task instruction, the clipboard content, metadata about the
current session (e.g. title of the current foreground window, titles for all other windows or browser
tabs currently open), and a representation of the current screen. The screen can be represented
in various formats such as a screenshot (RGB array), DOM (Document Object Model) tree, UI
Automation tree (UIA tree), or using pixel-based models to augment the raw data and create Set-
of-Marks (Yang et al., 2023) visual lists of interactive elements (e.g. buttons, images, text �elds)
as described in Section 4.1. For each task, we use a deterministic script to set the initial state of
the systemst =0 (to generate the initial observationot =0 ) which might open speci�c applications,
download �les, or navigate to webpages. More details are provided in Appendix A.1.

3.1.2 ACTION SPACE

Group Function

computer.mouse

move_id(id)
move_abs(x,y)
single_click()
double_click()
right_click()
scroll(direction)

computer.
keyboard

write(text)
press(key)

computer.
clipboard

copy_text(text)
copy_image(image)
paste()

computer.os open_program(program)

computer.
window_manager

switch_to_
application(window)

Table 2: Computer class actions in WIN-
DOWSAGENTARENA. Details in Appendix A.2.

We provide two types of action spaces: free-form
pyautogui/python code execution, and function wrap-
pers through theComputerclass. TheComputerclass
is described in the prompt and allows the agent to use
simple and complex OS-related functions with relatively
high precision or, in some cases, to interact directly with
the IDs of interactive elements on the screen rather using
absolute pixel coordinates (Table 2). We provide more
details on the full action space in Appendix A.2.

3.1.3 REWARD EVALUATION BASED ON EXECUTION

We follow the guidelines from OSWorld Xie et al. (2024),
and use post-processing scripts to evaluate task comple-
tion. Depending on the task, this might involve reading
the state of system or app settings, checking the content
of �les, or dynamic functions that use the web to evalu-
ate a result. We provide examples in Table 3 and leave
additional details to Appendix A.3.

3.2 TASK CURATION FORWINDOWS OS

Our initial release of WINDOWSAGENTARENA consists of 154 diverse tasks spanning applications
which represent the typical user workloads within Windows OS: editing documents and spreadsheets
(LibreOf�ce Calc /Writer), browsing the internet (Microsoft Edge, Google Chrome), Windows sys-

4
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Initial State Task Instruction Evaluation Script (Simpli�ed)

“Can you help me clean up my computer
by getting rid of all the tracking things

that Amazon might have saved? I want to
make sure my browsing is private and

those sites don't remember me.”

cookie_data = get_cookie_data(env)
rule = {"type":"rule",

"domains": ["amazon.com"]}
is_cookie_deleted(cookie_data, rule)

“I have been editing my document and
some words that needed to be rewritten
are highlighted in yellow. As I �x those

words, please help me remove all
highlight. I want to make sure that there is

no highlighted word.”

vm_file = get_file(env, "file.doc")
golden_file = get_file(drive,

"file.doc")
check_highlighted_words(vm_file,

golden_file)

“Please help me modify the setting of VS
Code to keep my cursor focused on the
debug console when debugging in VS

Code, instead of automatically focusing
back on the Editor.”.

vscode_data = get_vscode_config(env)
rule = {"expected":
{"debug.focusEditorOnBreak": false}

}
check_json_settings(vscode_data, rule)

Table 3: Examples of evaluation scripts for task across data manipulation, web navigation, app settings. The task rewardR is calculated based
on the �nal state of the system after agent execution, allowing for evaluation of complex real-world tasks.

Domain Activity Examples # Tasks %

Of�ce

Libreof�ce Writer (Editing,
writing) and LibreOf�ce Calc
(spreadsheets, plotting, data
manipulation)

43 28%

Web Browsing
Online shopping & search,
customizing app settings with
Edge and Chrome

30 19%

Windows System
File Explorer (navigate, cus-
tomize �les), Windows Set-
tings, customization

24 16%

Coding
Editing code, customizing
IDE, installing extensions
with VSCode

24 16%

Media & Video Watching videos in VLC, lis-
tening to music, settings 21 14%

Windows Utilities Miscellaneous tasks with
Notepad, Clock, and Paint 12 8%

Total 154 100%

Figure 2: Breakdown of available tasks across 11 programs/applications in WINDOWSAGENTARENA by domain, dif�culty, and number of
steps required to completion.

tem tasks (File Explorer, Settings), coding (Visual Studio Code), watching videos (VLC Player), and
utility functions (Notepad, Clock, Paint). We provide a breakdown and overview of tasks in Fig. 2.

Each task is de�ned by its con�guration �le: a JSON containing a natural language instruction (e.g.,
“Make the line spacing of �rst two paragraphs into double line spacing”), the necessary steps to
set up the initial task state (e.g. downloading the required document and opening it before the agent
takes over), the information that is retrieved to evaluate the task (e.g. downloading agold answer
�le to be compared to the agent's �le at the end of the episode), as well as the style and manner of
evaluation (e.g. python scripts which implement the �le comparison function). We show a detailed
example of the task procedure in Appendix A.3.

We adapted approximately two thirds of tasks in WINDOWSAGENTARENA from the OSWorld (Xie
et al., 2024) Linux con�gurations, making the necessary modi�cations and revisions to make them

5
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executable on Windows. These changes include, but are not limited to, modifying OS-appropriate
�le paths, converting Linux terminal commands and scripts into ones compatible with Windows
PowerShell, establishing a reverse proxy to communicate with Edge/Chrome via ports on the host
machine, corrections and modi�cations to task initial conditions and evaluator functions, and revi-
sions to task instructions. Nonetheless, the basic structure of each task JSON of task con�guration
follows the same logical structure. The remaining third of tasks were created from scratch to cover
a wider range of applications and activities that are speci�c to Windows OS. The interested reader
can refer to Section 3.2 of Xie et al. (2024) for more details on task creation guidelines.

Human performance on WINDOWSAGENTARENA results in a 74.5% success rate with the highest
success coming from Windows Utilities tasks (91.7%) and the lowest on VLC Player tasks (42.8%).
We offer details and analysis on human performance and perceived dif�culty in Appendix A.5.

3.3 BENCHMARK INFRASTRUCTURE& SCALABILITY

We designed the infrastructure behind WINDOWSAGENTARENA to support �exible local execution
as well as scalable and secure cloud parallelization via Azure. The core of our system is a Docker
container that hosts the Windows 11 virtual machine (VM). Within the container, we deploy a client
process for task scheduling and con�guration as well as the agent and the evaluation scripts. The
VM is our main simulation environment: a PythonFlask server acts as the bridge between the
container and the VM by receiving commands from the client processes, executing them within the
VM, and sending observations and �les back to the client. Fig. 3 illustrates the setup.

While licensing restrictions restrict us from providing a pre-built Windows 11 snapshot, we provide
users a way to access a trial image from Microsoft's servers and use our scripts to automatically
prepare it for the benchmark. The VM is deployed using QEMU and KVM with a process adapted
from thedockur/windowsDocker image3.

(a) Local deployment setup in WSL/Linux (b) Cloud deployment setup at scale using Azure

Figure 3: Comparison between local and cloud deployment of WINDOWSAGENTARENA. The benchmark is designed for small scale local
testing and large scale cloud parallelization.

Local deployment details. Local runs can use Ubuntu or Windows Subsystem for Linux (WSL).
To ensure a seamless experience, we avoid constant rebuilding of the Docker image by mounting
external volumes with the OS image and code from the user's host machine onto the container.

Cloud deployment details. Agent benchmarks can be notoriously slow for evaluation to complete
given the sequential multi-step nature of each task, often taking days to compute in series using a
local development machine. We use Azure Machine Learning jobs to parallelize the benchmark
evaluation using compute instances. The process is similar to the local setup, but the VMs are
instantiated and terminated with each experiment submission. We use the Azure Blob Store to
manage the Windows 11 snapshot and output logs while the code is pre-con�gured in the Docker
image. Tasks are distributed evenly among the workers, and the results are aggregated at the end of
the run. We provide additional information on VM types in Appendix A.7.

3https://github.com/dockur/windows
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