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ABSTRACT
Generative AI is being leveraged to solve a variety of computer-use tasks involving desktop applications. State-of-
the-art systems have focused solely on improving accuracy on leading benchmarks. However, these systems are
practically unusable due to extremely high end-to-end latency (e.g. tens of minutes) for tasks that typically take
humans just a few minutes to complete. To understand the cause behind this and to guide future developments of
computer agents, we conduct the first study on the temporal performance of computer-use agents on OSWorld,
the flagship benchmark in computer-use AI. We find that large model calls for planning, reflection, and judging
account for most of the overall latency, and as an agent uses more steps to complete a task, each successive
step can take 3× longer than steps at the beginning of a task. We then construct OSWorld-Human, a manually
annotated version of the original OSWorld dataset that contains a human-determined trajectory for each task. We
evaluate 16 agents on their efficiency using OSWorld-Human and found that even the best agents take 1.5−2.4×
more steps than necessary.

1 INTRODUCTION

Computer-use agents, designed to autonomously control
computer systems, have the potential to revolutionize pro-
ductivity and accessibility. As generative AI (gen-AI)
models grow increasingly powerful, these agents have
surged in capability, now able to perform complex, multi-
step tasks across a wide range of computer applications.
Gen-AI models, particularly transformer-based large lan-
guage models (LLMs) (Vaswani et al., 2017) and vision
language models (VLMs) (Dosovitskiy et al., 2021), pro-
vide the core reasoning and perceptual abilities that al-
low agents to understand instructions, interpret screen con-
tent, plan actions, and execute them through keyboard
and mouse inputs. Prominent examples include commer-
cial products like OpenAI’s Operator (OpenAI, 2024), An-
thropic’s Claude Computer Use (Anthropic, 2024), Google’s
Project Mariner (Google DeepMind, 2024) and open-source
projects like ByteDance’s UI-TARS (Qin et al., 2025),
Agent S2 (Agashe et al., 2025), GTA1 (Yang et al., 2025),
InfantAgent (Lei, 2024), and Jedi (Xie et al., 2025).

Although these agents have shown impressive advancements
in accuracy on complex benchmarks, a critical bottleneck
remains: request latency. Our evaluation of real-world com-
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puter tasks suggests that computer-use agents can take tens
of minutes to complete a task, which is in stark contrast
to the couple of minutes a human expert might require for
the same task. For instance, changing the line spacing of
two paragraphs in a document to double-spaced takes 12
minutes for a computer-use agent. However, for a human
user with introductory computer experience, this task should
take under 30 seconds. The disparity limits the practical
applicability of these agents, especially in interactive or
time-sensitive scenarios, which hinders their integration
into real-time workflows.

Prior research has predominantly focused on improving the
accuracy and generality of computer-use agents, aiming to
increase the percentage of tasks they can successfully com-
plete. Although achieving high accuracy is always valuable,
the temporal efficiency of these agents is equally crucial for
real-world deployment and user experience.

This paper presents the first in-depth study that analyzes the
latency implications of computer-use agents. Specifically,
we investigate the performance of state-of-the-art agents
on the OS-World benchmark (Xie et al., 2024), a realis-
tic benchmark designed to evaluate multimodal agents in
real computer environments (Ubuntu, Windows, MacOS)
across a diverse suite of 369 tasks across 9 applications
(Chromium (The Chromium Project, 2008), GIMP (The
GIMP Development Team, 1995), LibreOffice Suite (The
Document Foundation, 2011), OS, Thunderbird (Mozilla
Foundation, 2003), VLC (The Chromium Project, 2008),
and Visual Studio Code (Microsoft, 2015)) via both graph-
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ical user interfaces (GUI) and command-line interfaces
(CLI).

To understand where latency originates within agent execu-
tion, we perform a detailed step breakdown analysis of agent
trajectories on a representative set of 39 OS-World tasks
using the Agent S2 (Agashe et al., 2025) and GTA1 (Yang
et al., 2025) frameworks, two popular and leading open-
source computer-use agents. We profile the steps taken by
S2 and GTA1, including information retrieval, step planning,
step grounding (e.g., finding coordinates), action-taking
(e.g., mouse click, text input, keyboard shortcut), screen-
shotting, judging, and reflection. We find that the planning
step accounts for more than half, sometimes close to 75%
of the total task latency, for both S2 and GTA1. The judging
(GTA1) and reflection (S2) steps account for the second
biggest time sink, accounting for 22.5% and 33.6% of total
task time, respectively. Furthermore, these steps’ latencies
grow as an agent takes more steps to complete a task.

To understand other factors affecting CUA’s efficiency, we
conduct token, failure, and cost analysis of GTA1. We find
23% of errors are due to poor visual grounding, resulting in
agents taking up to 30 extra steps on a single task.

Overall, our study findings suggest three promising ap-
proaches for speeding up computer agent execution: (1)
reducing the latency of planning, judging, and reflection
calls, (2) minimizing the number of steps for a task, and (3)
improving grounding or backoff mechanisms.

Based on this insight, we build OSWorld-Human, a
manually-constructed and set of human trajectories for all
369 OSWorld tasks. For each task, we meticulously annotate
the minimal humanly-perceived steps required for success-
ful task completion, based on verified ground-truth sources.
Furthermore, we examine the actions that can be performed
correctly from the same visual observation (screenshots).
Knowing which actions can be “grouped” together has the
implication that single planning, judgeing, and reflection
steps are potentially sufficient for them, allowing future
CUA systems to use much fewer LLM calls and achieving
faster request latency.

We further propose a new efficiency-based metric, the
Weighted Efficiency Score (WES), which penalizes inef-
ficient trajectories for successful and failed tasks in separate
ways. We apply this framework to anlayze the publicly-
released trajectories of 16 popular computer-use agents
against the single- and group-based manual step trajecto-
ries in OSWorld-Human. The best-performing agent with
publicly-released trajectories on the OS-World leaderboard
achieves a success rate of 42.5% but only 17.4% on WES.
Our analysis using OSWorld-Human shows that the leading
agents still take 1.4×to 2.7×more steps than is required to
complete the task. This stark difference highlights the need

for more efficient and practical agents.

In summary, our work makes six key contributions:

• The first systematic study of temporal performance of
CUAs using two leading computer-use agents and the
OSWorld benchmark.

• Detailed analysis of token counts, cost, observation
types, and failures in a step-by-step manner

• The identification of LLM-based planning, reflection,
and judging steps to be the key bottlenecks in CUA
request latency.

• The construction of OSWorld-Human benchmark, a
manually curated and cross-verified benchmark con-
taining optimal trajectories for all 369 OSWorld tasks.

• The proposal of grouping actions to reduce LLM calls,
and a human examined action grouping trajectories of
all OSWorld tasks.

• New efficiency metrics and comprehensive evaluation
of 16 state-of-the-art agents, showing that even the best
systems require sinificantly more steps than human
trajectories.

Together, these contributions establish the first unified frame-
work for benchmarking, analyzing, and improving the tem-
poral efficiency of computer-use agents.

We will open-source OSWorld-Human upon acceptance.

2 BACKGROUND AND MOTIVATION

Autonomous agents capable of operating computer systems
on behalf of human users represent a significant frontier
in AI research. These computer-use agents (CUAs) aim
to bridge the gap between high-level natural language in-
structions and low-level computer interactions, offering the
potential to automate complex digital workflows and en-
hance accessibility. This section provides background on
CUAs, their common technical approaches, and the latency
challenge that motivates our work.

2.1 Computer-Use Agents (CUAs)

Computer-use agents are AI systems designed to perceive
and interact with digital environments, such as operating
systems, web browsers, and applications, much like a hu-
man user does. Their primary goal is to execute tasks by
controlling the computer through standard interfaces, typi-
cally simulating keyboard inputs and mouse actions. CUAs
can improve productivity by automating repetitive or tedious
digital tasks, freeing up human users for more creative or
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strategic work. For individuals with disabilities, CUAs of-
fer a potential pathway to increased computer accessibility
by allowing interaction through natural language or other
modalities. Furthermore, they serve as a challenging bench-
mark for evaluating the general capabilities of AI systems
in complex, open-ended environments.

The rise of powerful large language models (LLMs) and
vision language models (VLMs), such as GPT-4V (OpenAI,
2023), Qwen-VL (Bai et al., 2024), Llama-3 (Meta, 2024),
and Gemini (Pichai & Hassabis, 2023), has significantly
advanced CUA capabilities. Several prominent research
projects and emerging products demonstrate the progress
in this area. OpenAI’s Computer-Using Agent (OpenAI,
2025b) is a notable example that leverages models like
GPT-4o’s (OpenAI et al., 2024) vision capabilities to in-
terpret raw screenshots to interact with the computer. Sim-
ilarly, Anthropic has explored computer use capabilities,
enabling models like Claude (Anthropic, 2024) to inter-
act with computer interfaces through defined tools and an
agentic loop (Anthropic, 2025). Other research focuses on
refining perception and action spaces, such as Aguvis (Li
et al., 2025), which explores a pure vision-based frame-
work for cross-platform GUI agents, OmniParser (Lu et al.,
2024), which improves visual grounding through structured
screen parsing, and UI-TARS (Qin et al., 2025), a fine-tuned
VLM for grounding tasks. GTA1 (Yang et al., 2025) imple-
ments parallel rollouts and a judge to increase the likelihood
of generating a valid action. Agentic systems like Agent
S2 (Agashe et al., 2025) and InfantAgent (Lei, 2024) uti-
lize a combination of retrieval and model-based methods to
enhance computer use.

2.2 Common CUA Approaches

Effective CUAs rely on sophisticated techniques for perceiv-
ing the environment and acting within it.

Perception is typically achieved through three primary
modalities: computer screenshots, which provides a direct
visual representation of the current state to a model; ac-
cessibility trees, which is a structured representation of UI
elements that includes information about their roles, names,
values, and hierarchical relationships, including unseen ele-
ments; and Set-of-Marks (Li et al., 2023), which overlays
unique identifiers (marks) onto interactive UI elements in a
screenshot and sends these marks to a model for prediction.

The action space defines the set of operations an agent can
perform. For CUAs, this typically involves simulating fun-
damental human interactions like mouse movements, clicks
(at specific coordinates and frequencies), scrolling, and key-
board inputs.

CUA architectures often combine perception and action
generation within a planning and reasoning loop, typically

powered by foundation and fine-tuned LLMs/VLMs using
techniques like Chain-of-Thought (Wei et al., 2022) or Re-
Act (Yao et al., 2023) to break down tasks, observe results,
and correct errors.

2.3 CUA Latency Challenges

For CUAs to be seamlessly integrated into human workflows
and to be useful for interactive tasks, their response time
needs to approach human levels, especially in time-sensitive
scenarios, such as rapid content editing, responding to fre-
quent visual adjustments, and application execution.

Reducing CUA latency is challenging due to several in-
herent factors. First, most computer tasks, and thus agent
trajectories, involve a sequence of discrete steps. The total
latency accumulates across all these steps, including percep-
tion, reasoning, and action execution for each step. Second,
CUAs rely heavily on LLMs and VLMs. These models are
called upon for planning, judging, and reflection at each
step, and they often involve long prompts, further increasing
their computation time. Third, unlike a human expert who
often follows a direct, efficient path, CUAs may engage
in trial-and-error, explore irrelevant parts of the interface,
spend considerable time recovering from errors, or perform
a correct but less efficient sequence of actions, all of which
add significant latency.

Before latency inefficiencies can be addressed, a founda-
tional step is to fully understand where inefficiencies come
from and their severity for different computer-use tasks. Un-
fortunately, as far as we know, no existing work has properly
studied the latency aspect of CUAs. This work directly in-
vestigates the impact of steps in CUA trajectories across a
wide range of applications, provides a human-based gold
standard, and directly identifies sources of inefficiency of
CUAs.

3 THE FIRST CUA LATENCY STUDY

To understand the bottlenecks of computer-use agents, we
study the performance of Agent S2 (Agashe et al., 2025) and
GTA1 (Yang et al., 2025), the leading open-source systems
on the OSWorld leaderboard (Xie et al., 2024). It should be
noted that our analysis was conducted prior to the release of
its successor, Agent S3.

Methodology. We use Agent S2’s default value that allows
it to take up to 50 steps for each task. For GTA1, this value
is 100 steps. The original S2 paper conducts their evalu-
ation on both GPT-4o and Claude-3.7 as the foundational
model for planning, reflection, and retrieval. In this study,
we use GPT-4.1 (OpenAI, 2025) as the planner, reflection,
and retrieval models for S2. For GTA1, we used o3 (Ope-
nAI, 2025a) as the planner and judge, as described in their
paper. For grounding, we use UI-TARS-7B-DPO (Qin et al.,
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Figure 1. Timeline view of an OS task successfully completed by Agent S2 (top row) and GTA1 (bottom row).

2025) and GTA1-7B (Yang et al., 2025) for S2 and GTA1,
respectively. The grounding model is hosted on a single
NVIDIA A6000 GPU using SGLang (Zheng et al., 2023),
a state-of-art inference engine. We utilize the OSWorld-
provided subset of 39 tasks, or 10% of the entire benchmark.
We then run Agent S2 and GTA1 on each of the tasks and
collect detailed timing and token traces.

S2 Background. At the beginning of each task, the S2
agent performs a one-time retrieval step. During this stage,
the agent calls the large language model (LLM) to retrieve
the most similar narrative or prior task experience from a
local database and, if a search engine is provided, addi-
tionally retrieves external knowledge from the web. The re-
trieved information is incorporated into the initial prompt to
form a high-level task plan. After this initialization, S2 pro-
ceeds through an iterative perception–planning–execution
loop. At each step, the agent first captures a screenshot
of the current environment (non-LLM). It then calls the
planner model (LLM) to generate a per-step plan based on
the screenshot and the accumulated task history. Next, the
grounding model (a smaller vision model) translates this
textual plan into concrete screen coordinates, after which the
agent executes the corresponding action (mouse click, text
input, or key press) directly in the environment (non-LLM).
After execution, the agent calls the reflection model (LLM)
to analyze the resulting screenshot and determine whether
the previous action achieved its intended effect, informing
the next planning step. This process repeats until the task is
completed, deemed infeasible, or reaches the maximum step
limit. Overall, S2 involves three major LLM-based opera-
tions—retrieval (once), planning (per step), and reflection
(per step)—while grounding and execution are handled by

smaller models or direct system actions.

GTA1 Background. In contrast, GTA1 omits the initial
retrieval phase and relies on a parallel planning and judg-
ing mechanism. At each step, the agent first captures the
current screenshot (non-LLM) and then sends it to the plan-
ner model (LLM) through parallel calls, producing multiple
candidate actions. These candidate plans are then evaluated
and aggregated by a judge model (LLM), which selects a
single action to execute. The selected action is passed to
the grounding model (a smaller vision-language model) that
converts it into precise coordinates, and the resulting action
is executed directly in the environment (non-LLM), produc-
ing a new screenshot for the next iteration. GTA1 does not
include a reflection stage; instead, it relies on its repeated
judging mechanism to implicitly correct suboptimal plans
over time. The loop continues until the task is completed,
fails, or reaches the predefined step limit. As a result, the
dominant LLM calls in GTA1 occur during the parallel plan-
ning and judging phases, while grounding and execution
remain lightweight operations.

3.1 Task Latency Analysis

Figure 1 illustrates a timeline view of how S2 and GTA1
completes a task in the OS domain. Specifically, the task is
to create an SSH user with a given username and password
that is only allowed access to a specific folder. The top
row shows S2 completes this task in 50 steps, which is the
maximum number of steps allowed. Planning, reflection,
and retrieval all leverage the large foundation model (in
this case, GPT-4.1). From the figure, per-step planning
and reflection is responsible for the bulk of the end-to-end
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Figure 2. Comparison of prompt tokens, completion tokens, and latency for different types of LLM calls for Agent S2 (top row) and GTA1
(bottom row).

latency of over 40 minutes. The bottom row shows the
timeline breakdown of GTA1 on the same task, following
the workflow of planning, judging, grounding and executing.
Similar to Agent S2, GTA1 completes this task successfully
in 54 steps, whereas the end-to-end latency is almost twice
that of Agent S2. The parallel rollout planning phase and
subsequent repetitive judging phase of GTA1 were the main
reasons for its extended duration.

We further break down the average time spent in each stage
by application in Table 1. For Agent S2, planning and re-
flection makes up 76% to 96% of the total task latency.
These tasks involve LLM/VLM calls usually with long con-
text (thousands of tokens), explaining their long latency.
Planning takes more time than reflection overall because
planning takes place at each step and after the completion
of a sub-task, while reflection only takes place at each step.
Retrieval accounts for 0.7% to 8.9% of the overall latency.
While retrieval does leverage the large model, it only occurs
once at the beginning of the task, which means its overhead
is constant. Meanwhile, grounding invokes a much smaller
model and is served using a popular and efficient inference
engine, SGLang (Zheng et al., 2023). The throughput of the
grounding model is dependent on both the size of the model,
the performance of the GPU, and the serving engine.

GTA1 exhibits a similar phenomenon, with planning and
judging accounting for 91-96% of total task latency. The
planner model retains the ability to retry 3 times if no
valid plan within the action space is generated. Meanwhile,
screenshot and action execution are the least intensive for
both agents since neither of them require significant GPU

resources like large models do. It is clear that gen-AI model
calling dominates the latency for a task, hence we conduct a
more thorough per-step breakdown.

3.2 Model Call Analysis

The above latency analysis shows that large model calls
are the major contribution to task end-to-end latency. To
understand LLM/VLM calls in CUAs, we analyze them
at different steps in a trajectory of Agent S2 for each task.
Figure 3 and Figure 4 shows the call latency and prompt
token count distributions of Agent S2 and GTA1 respectively
across all our subset of 39 tasks. Each line represents the
average value across five consecutive steps (ten lines in total
for 50 maximum steps for Agent S2 and 100 maximum
steps for GTA1). In each figure, when getting to the later
steps, large model calls take longer and have longer prompts.
This is due to the prompting mechanism for most CUAs: at
each step, the prompt sent to the LLM includes the history
of all previous steps. For example, if the agent is on step 10,
the prompt will include the screenshot for steps 1-9, along
with planning details and reflection feedback. With double
the step limit and parallel planning calls, GTA1 achieves
higher overall accuracy at the cost of a larger prompt token
range (28.5% higher) and higher latency per step.

We further study the comparison across different types of
LLM calls (planning, reflection, retrieval, and grounding
for Agent S2; planning, judging, and grounding for GTA1).
Figure 2 plots the distribution of prompt tokens, completion
tokens, and the latency of each type of LLM calls in a CDF.
The upper row shows in Agent S2 grounding maintains a
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Table 1. Average percentage breakdown of time spent performing a certain sub-task grouped by agent.

Agent Screenshot Action Planning Judging Reflection Retrieval Grounding
GTA1 0.36± 0.35% 0.7± 0.36% 74.59± 2.55% 22.53± 2.85% - - 1.82± 0.84%
S2 1.72± 0.73% 1.61± 0.35% 53.47± 3.18% - 33.56± 7.77% 3.08± 2.14% 3.91± 0.83%
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Figure 3. Probability distribution of latency and prompt tokens for
a single step.

constant and small number of prompt and output tokens be-
cause it only receives a single screenshot, as opposed to the
entire history being sent to planning, reflection, and retrieval
models. Furthermore, the output of the grounding model
is a set of coordinates, which is always fixed at 12 tokens
in this framework. The bottom row plots the same metrics
for GTA1, showing a similar pattern, but its distribution
is smoother due to GTA1’s parallel planning and multiple
judging attempts at each step.

The latency of planning, reflection, and judging is domi-
nated by the prefill stage of LLM inference due to the large
number of prompt tokens. Retrieval, however, does not take
a screenshot as input since it occurs at the beginning of the
task. Instead, the LLM only processes the relevant docu-
ment retrieved from the database and the user’s question.
Therefore, it has a stable and relatively small number of
prompt tokens. Instead, its latency is dominated by the de-
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Figure 4. Probability distribution of latency and prompt tokens for
a single step (GTA1).

coding stage since the model is tasked with integrating the
document into the execution plan. Since retrieval only oc-
curs once, its overall contribution to the end-to-end latency
of a task is minimal.

3.3 Observation Types

In addition to studying LLM call behavior, we also study
how different approaches to perception, specifically screen-
shot, accessibility (A11y) trees, and Set-of-Marks (SoM) (Li
et al., 2023) (§2.2), affect task latency. We selected Agent
S2 for this analysis because it is representative in its thor-
ough support for all three modalities, a feature not present
in all CUAs (e.g., GTA1 only uses screenshots).

We sampled one task per application (excluding multi-app
workflows) and charted task latency in Figure 5 with a 10k
token cutoff for the A11y tree. SoM does not incur signif-
icant overhead from labeling the screenshot and hence is
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Figure 5. End-to-end task latency for each application. Dashed
box represents screenshot-only latency while colored bars show
the breakdown when including the a11y tree.

omitted from figure 5. By and large, inclusion of the A11y
tree drastically increases the per-task latency for two rea-
sons, though this effect varies based on the application. First,
generating the tree itself takes time and is dependent on the
elements that exist in the current window, including hidden
and visible elements. This can take anywhere from 3 sec-
onds to 26 seconds. Applications that have more elements,
such as the LibreOffice suite (The Document Foundation,
2011), incur a much higher latency from generating the tree.
Other applications, such as GIMP (The GIMP Development
Team, 1995), may benefit from utilizing the tree to complete
the task quicker. Second, the tokenized tree is included in
each prompt to the model, which can be thousands more to-
kens per step. This can significantly affect tasks with longer
trajectories.

Table 2. Number of steps per sampled task per application for
each observation type. Bolded highlights the fewest steps for that
application’s task.

Application SS SS+A11y SS+A11y+SoM
OS 8 5 5
Thunderbird 14 20 8
VS Code 9 13 16
LibreOffice Writer 21 50 16
VLC 3 3 2
GIMP 49 17 12
LibreOffice Impress 32 50 50
Chrome 11 8 17
LibreOffice Calc 14 50 10

We also show the number of steps taken for each task
across observation types in Table 2. Adding A11y trees
to screenshots (SS) increases the number of steps for most
applications. Visually rich applications like the LibreOf-
fice Suite (The Document Foundation, 2011) see a particu-
larly high increase because trees can contain thousands of
nodes for such applications. Adding A11y tree decreases
the number of steps for OS, GIMP (The GIMP Development

Team, 1995), and Chrome (The Chromium Project, 2008),
because either the application contains fewer distinct visual
elements or the tree assists the CUA in completing the task
faster. Adding SoM in addition to A11y trees lowers the
number of steps overall and achieves the fewest number
of steps for LibreOffice Writer, VLC (VideoLAN, 2001),
Thunderbird (Mozilla Foundation, 2003), and GIMP. It does,
however, use more steps for Visual Studio Code (Microsoft,
2015) and Chrome (The Chromium Project, 2008) while
SoM ties the SS+A11y result in the highest steps for Libre-
Office Impress. This is likely task-dependent, as opposed
to application-dependent. Overall, the marked screenshot
contains useful information for the model to complete the
task using fewer steps.

3.4 Detailed Failure and Cost Analysis

While section 3.1 showed that both Agent S2 and GTA1
share a similar overall structure where LLM calls are the
primary latency bottleneck, GTA1’s architecture is more
complex. Its use of parallel planning rollouts and a subse-
quent judging step is computationally intensive and costly,
intended to improve plan quality. This complexity makes
it a more salient case for a deeper investigation into com-
pounding inefficiencies. We therefore focus our detailed
failure and cost analysis on GTA1, as it serves as a repre-
sentative upper bound for the challenges in state-of-the-art
CUA systems.

Failure Analysis. For GTA1 specifically, the grounding
model fails to efficiently locate the coordinates to execute
the action, which leads to tens more steps for the same gener-
ated plan. For instance, a single action of opening a folder in
Visual Studio Code takes 100 steps to fail; while the planner
generated the correct action (“Click the blue ‘Open’ but-
ton”), the grounding model was unable to generate precise
coordinates. This resulted in the agent repeating the same
step, accounting for 10% of all planning steps. In fact, 23%
of all failures for GTA1 exhibited such repetitive behavior,
where the planning step is correct but the grounding model
generates incorrect coordinates. There was also no efficient
backoff mechanism. When a wrong step is taken, the plan-
ning model would take several more steps to realize that a
wrong path has been taken. Instead of jumping directly back
to the last step that was correct, the agent tries to perform
new actions to go back to a previous state.

Cost Analysis GTA1 makes multiple planning model calls
to improve the plan quality. Although effective, a drawback
is the increased dollar cost. To understand this tradeoff, we
perform a cost analysis of GTA1. For GTA1, its planner
consists of two stages, planning and judging. Table 3 shows
the total cost and prompt count breakdown across different
steps (across all 39 tasks). On average, a task costs $2.43,
with planning, judging, and grounding being responsible
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for 87%, 13%, and less than 1%, respectively. Planning
costs over 6× more than judging because in each planning
step, GTA1 makes 4 parallel calls to o3. If any calls fail to
generate a valid plan, they will retry that call up to 3 times.
Hence, for every judging call, there can be between 4 and 12
planning calls. Figure 6 shows accumulated cost increases
over steps. The quadratic increase contributes to the drastic
cost difference between the planning and judging models
compared to the grounding model.
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Figure 6. Accumulated and per-step cost for GTA1 on a VS Code
task.

3.5 Study Generalizability

While our study focuses on Agent S2 and GTA1, its im-
plications go beyond a single agent. This is because both
agents share the same general framework, and it is repre-
sentative of other agentic systems. In each step, Agent S2
and GTA1 call a series of models with the observation as
part of the prompt to output the final action(s) for a step.
While the exact model calls and prompts may differ, this
pattern is common in other CUA systems. For example,
InfantAgent (Lei, 2024), a top-5 solution on the OSWorld
leaderboard as of May 2025, uses the same framework: it in-
vokes reasoning and utilizes previous history to output a set
of actions. Then, it performs an evaluation (i.e. judgement)
and summary (i.e. reflection) before starting the next step.
Another system, Jedi (Xie et al., 2025), uses two models

as well: one large model for planning (e.g. GPT-4o) and
a fine-tuned smaller model for grounding, while following
the same iterative pattern.

A more straightforward alternative to using agentic systems
is to make a single call to a fine-tuned model, such as the UI-
TARS-1.5 (Qin et al., 2025). This study is still applicable to
calling a single model for two reasons. First, the framework
of “observe-call-act” remains the same. Hence, the behavior
of a single call to a large model can resemble an agentic
system that deploys multiple small models, both in latency
and tokens consumed. Second, the overall trend is towards
agentic systems in these settings due to their superior per-
formance. When Claude 3.7 was released in February 2025,
it occupied the top spot on the OSWorld leaderboard with
a success rate of 28% using 100 steps. Three weeks later,
Agent S2 with Claude 3.7 outperformed the original model
with a score of 34.5% in only 50 steps.

4 OSWORLD-HUMAN

Based on the findings in our study, we constructed OSWorld-
Human, a manually annotated version of OSWorld that lists
the minimal humanly-perceived steps required to success-
fully complete a task. We now describe our construction of
OSWorld-Human.

4.1 Human Trajectory Construction

To construct OSWorld-Human, we first seek, perform, and
verify ground-truth trajectories (i.e., steps) for all OSWorld
tasks. In the original OSWorld benchmark, most tasks con-
tain a “source” that details a concrete ground-truth trajectory
for solving the task. For example, users may ask a question
in an online forum regarding editing their browser settings.
The responses given in the forum provide the set of actions
needed to complete the task. We manually map the steps
given by the source to the action space defined in OSWorld
and verify its success in the virtual environment. We refrain
from listing exact coordinates, as these may change across
environments.

For tasks without a listed source or where the source is
ambiguous, we manually identify the necessary steps and
compare with the ground truth from the original benchmark
(e.g., OSWorld provides a gold file for all LibreOffice tasks).
For all applications besides OS, we refrain from using any
programmatic methods (unless mentioned in the source) to
solve the task (for example, using the LibreOffice scripting
language to modify a given spreadsheet), as that is beyond
the expectation of what the typical user can do. However, we
do utilize application-specific information, such as keyboard
shortcuts, as a typical user is likely to be familiar with them.

The dataset was constructed using two passes by two com-
puter science graduate students. Then, each student cross-
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Table 3. Cost Analysis of Different Types of LLM Calls. Unit price using billing from TogetherAI (Together AI, 2025)
Model Prompt Tokens Prompt Price Prompt Cost Output Tokens Output Price Output Cost
Planning (o3) 87.34×106 $2 per mil $174.69 10.29×106 $8 per mil $82.35
Judging (o3) 17.94×106 $2 per mil $35.89 1.59×106 $8 per mil $12.76
Grounding (GTA1-7B) 3.77×106 $0.30 per mil $1.13 0.02×106 $0.30 per mil $0.006

Table 4. Average Steps per Trajectory by Application

Application Single Grouped
OS 3.9 2.0
Thunderbird 6.7 3.8
VS Code 3.6 2.0
LibreOffice Writer 7.5 3.2
VLC 5.1 3.7
GIMP 2.8 2.0
LibreOffice Impress 7.8 4.0
Chrome 5.8 4.3
LibreOffice Calc 13.2 4.5

validated the other’s results for a consensus. The final
dataset was validated by manually performing the actions
in the OSWorld virtual machine setup and obtaining a suc-
cessful evaluation score for each task. OSWorld-Human
contains the same number of examples (369) as the original
OSWorld.

4.2 Action Grouping

When inspecting ground-truth actions taken to accomplish
OSWorld tasks, we find that multiple actions can often be
performed consecutively in sequence without any change
in observation or prediction in between. For example, the
following steps can be performed in succession without the
need for more detailed planning: click on a text field, type
text, and press <enter>. This implies that CUA systems
can potentially perform one observation and model call for
a group of actions, thereby reducing the number of steps
and overall task latency.

To provide insights into this feature, we construct a single-
action trajectory as well as a grouped-action trajectory for
each task in OSWorld-Human. The single-action trajectory
lists all actions necessary to complete a task. The grouped-
action trajectory consists of groups of actions that can be
correctly executed from the same visual observation. For
example, a list of actions may include clicking on a cell,
typing a formula, and filling the column. These actions
can be grouped together because the UI elements (and the
coordinates) needed for all actions are present in a single
screenshot. The grouped-action trajectory contains strictly
less than or the same number of steps as the single-action
trajectory.

Table 4 summarizes our construction of single- and grouped-

action trajectories. For grouped-action trajectories, we count
each group as a step, while single-action trajectories use
one step per action. Overall, all applications benefit from
grouping; the total number of steps and thus large model
calls are reduced. For applications where actions frequently
trigger new windows, popups, or otherwise significant UI
changes, there is a smaller difference between single-action
and grouped-action trajectories. On the other hand, appli-
cations that operate on the same page or sheet, such as
LibreOffice Writer or LibreOffice Calc, are much less dis-
ruptive.

5 EVALUATION

This section presents our metric and evaluation of 16 leading
CUAs with published trajectories on the OSWorld leader-
board at the time of writing, conducted on all 369 examples
in OSWorld-Human.

5.1 Weighted Efficiency Score

As OSWorld-Human’s goal is to evaluate CUA systems’
temporal performance, we want to approximate end-to-end
latency by measuring how closely an agent performs com-
pared to ground-truth human trajectories. An easy way to
measure this is to compare the expected, human-performed
number of steps (thuman) to the actual, agent-generated
number of steps (tagent) for a task. However, only looking
at efficiency favors an agent that fails a task with fewer steps
over one that succeeds with more steps.

To accommodate this issue, we propose a new metric for
evaluating CUAs: Weighted Efficiency Score, or WES.
For a task t that was completed successfully (rt = 1), we
weight the result based on its efficiency (i.e. thuman/tagent).
This is based on the premise that a success in fewer steps is
strictly preferable to a success that takes more steps. For a
task t that was unsuccessful (rt = 0), we weight the result
with a penalty, tagent/S, where S is the maximum steps
allowed. This favors an agent that fails quickly over one
that takes the full allotment of steps. We compute this over
all n tasks in the dataset.
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Table 5. Performance of SOTA CUAs on OSWorld-Human with Single-Action and Grouped-Action Trajectories

Observation Baseline (Max Steps) Original (%) Single WES+ (%) Grouped WES+ (%) WES−

Screenshot (SS) UI-TARS-1.5 (100) 42.5 23.7 14.3 -0.22
Agent S2 w/ Gemini 2.5 (50) 41.4 28.2 17.4 -0.26

InfantAgent (50) 35.3 13.3 8.2 -0.22
Agent S2 w/ Claude 3.7 (50) 34.5 20.0 11.4 -0.42

UI-TARS-1.5 7B (100) 26.9 12.4 7.9 -0.33
UI-TARS-72B-DPO (50) 24.6 15.6 10.6 -0.16

A11y Tree GPT-4 (15) 12.2 8.6 6.1 -0.29
GPT-4o (15) 11.4 5.5 3.5 -0.19

Qwen-Max (15) 6.9 4.2 2.4 -0.36
Gemini-Pro-1.5 (15) 4.8 2.7 1.8 -0.49
Llama-3-70B (15) 1.6 0.4 0.3 -0.70

SS + A11y Tree GPT-4V (15) 12.2 8.5 5.7 -0.46
GPT-4o (15) 11.2 6.7 4.2 -0.26

Gemini-Pro-1.5 (15) 5.1 2.1 1.3 -0.59
Set-of-Mark GPT-4V (15) 11.8 6.9 4.5 -0.44

Gemini-Pro Vision (15) 1.1 0.5 0.3 -0.72

WES+ =

n∑
t

rt(
thuman

tagent
)

WES− =

n∑
t

−(1− rt)(
tagent
S

)

WES+ can range from 0 to 1. A score of 0 can mean an
agent fails to complete most tasks or it is very inefficient. An
agent that scores closer to 1 is both successful and efficient.
Meanwhile, WES− ranges from 0 to −1. Here, a score of 0
means that an agent completes most tasks successfully or
fails very quickly. This is by design, as the impracticality
of inefficient agents will hamper their usage. On the other
hand, a score of −1 means an agent fails to complete most
tasks and is very inefficient. Together, WES+ and WES−

provide a clear picture of an agent’s accuracy and efficiency.

Notably, agentic systems may each have different values for
S, which will result in different scoring for WES−. This is
because S acts as a cutoff point; if a system sets S to a higher
value, it may take more steps for a particular task. Thus,
using each agent’s value for S when penalizing failures with
WES− is the most fair policy.

5.2 Results

Table 5 presents the single-action and grouped-action WES
scores for all the CUAs, together with their success rate as
reported by OSWorld. We segment the CUAs by observation
type, as the OSWorld leaderboard does. For each CUA, we
use its reported trajectory and our definition of grouped
actions to determine which actions can be grouped. Since
WES− is not based on the expected number of steps for a
task (texp), both single-action and grouped-action share the
same value for WES−.

The best-performing baselines on OSWorld also performs
the best on both single-action and grouped-action WES+.
Relative ordering is also largely preserved. However, the
absolute performance value is drastically reduced. Agent
S2 w/ Gemini 2.5 holds the highest score on single-action
WES+ (28.2%) and grouped-action WES+ (17.4%), a 1.5×
and 2.4× reduction respectively from the comparative OS-
World score of 41.4%. Intuitively, this represents the aver-
age number of extra steps the agent takes. The performance
when using multi-action trajectories for computing the ex-
pected number of steps is strictly worse across all baselines,
as expected. Interpreting WES− is also straightforward:
how much of the allotted budget does an agent use. The
top performing system on WES− is UI-TARS-72B-DPO,
which scores −0.16. However, this score is accompanied
by the model’s poor performance on both WES+ metrics,
suggesting that it tends to complete all tasks quickly.

6 CONCLUSION

This paper performs the first study on the latency behavior
of computer-use agents. We conduct a detailed analysis of
Agent S2 and GTA1 on 39 OSWorld tasks. Our findings
suggest LLM calls to be the major latency bottleneck and
many steps could potentially be avoided without affecting
the end results. We also conduct failure and cost analysis
and find significant room for improvement when it comes
to grounding models. Accordingly, we construct OSWorld-
Human, a manually-annotated version of OSWorld with
human-determined task trajectories. We evaluate OSWorld-
Human on 16 CUAs and found that leading agents are ex-
tremely inefficient with 1.5−2.4× longer trajectories than
necessary. We believe this work and its open-sourced dataset
will foster new research directions for computer-use agents.
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