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Abstract

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

1 Introduction

In recent years, the rapid development of Large
Language Models (LLMs) (Anthropic, 2025; Ope-
nAl, 2025a; Bai et al., 2025) has driven LLM-based
agents to become a key research focus in both
academia and industry (OpenAl, 2025b; Manus,
2025). These agents demonstrate strong capa-
bilities in information processing and knowledge
reasoning, with growing potential for handling
complex tasks through direct interactions with op-
erating systems and applications. In particular,

“computer-using agents” (Cheng et al., 2024; An-
thropic, 2025; Qin et al., 2025; Sun et al., 2024b)
are designed to simulate human—computer interac-
tions by operating directly on Graphical User Inter-
faces (GUI), perceiving dynamic layouts, ground-
ing references to interface elements, and planning
subsequent actions. Such agents are expected to
reduce operational barriers for both daily affairs
and professional tasks, thereby advancing human—
computer collaboration.

Currently, GUI agents (OpenAl, 2025a; Liu
et al., 2025¢) primarily interact through the step-
by-step paradigm shown in Figure 1 (a). Given
an instruction, the model processes inputs such as
screenshots or accessibility trees, and iteratively
produces reasoning and corresponding actions un-
til completion. Multi-agent frameworks (Agashe
etal.,2025a; Jia et al., 2024; Wu et al., 2024) follow
a similar paradigm with additional planning stages.
Such an interaction paradigm requires agents to
execute 10 to 30 steps to complete a single GUI
task, with model querying accounting for most of
the execution time. Consequently, completing a
single GUI task often takes at least several minutes,
introducing nontrivial bottlenecks for real-world
deployment and commercial adoption.

However, we observe that in many scenar-
ios, especially office-related tasks, this interactive
paradigm leaves significant room for compression.
In fact, it is often unnecessary to obtain a new
observation before every single action. For hu-
mans, when completing tasks such as filling out
a form, a single round of observation is often
sufficient to determine the type and location of
several subsequent actions, as shown in Figure 1
(b). Inspired by this observation, we propose OS-
CATALYST, which introduces a novel interaction
paradigm for GUI agents. OS-CATALYST inte-
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Figure 1: Main idea of OS-CATALYST. Traditional GUI agents generate actions step by step (a), which incurs
repeated model-environment interactions and high latency. OS-CATALYST (b) enables the model to predict multiple
valid actions in one step, thus compressing trajectories and improving execution efficiency.

grates action-sequence prediction idea, a tailored
data compression pipeline, and fine-tuning strate-
gies, enabling models to output coherent multi-step
action sequences from a single observation.

We conduct measurements on
WorkArena (Drouin et al., 2024), a bench-
mark designed for GUI-based office tasks. The
results reveal that if the model outputs the
maximal feasible sequence of actions after each
observation, at least 50% of task execution steps
can be eliminated. However, current models
are unable to correctly infer such multi-step
action sequences through prompt-based guidance
alone. This suggests that existing GUI agents can
hardly reason about longer action plans within a
given observation. To address this, we construct
a dataset within the WorkArena environment
and train models based on UI-TARS (Qin et al.,
2025). OS-CATALYST achieves up to a 50%
reduction in task execution times compared with
the step-by-step paradigm.

* We propose a novel direction to improve the
efficiency of GUI agents through adaptive
action compression, which reduces unneces-
sary observations between sequential actions.

* We construct a dataset and develop corre-
sponding models within the WorkArena envi-
ronment, enabling multi-step action prediction
from a single observation.

* We achieve up to 50% reduction in task exe-
cution time on office benchmarks, demonstrat-

ing the effectiveness of OS-CATALYST.

2 Related Work

Computer-using agents. Unlike early LLM-
based agents that parse GUIs into structured
text (Deng et al., 2023; Zhou et al., 2024) and
navigate through tools (Sun et al., 2024a) or API
calls (Wu et al., 2024; Zhang et al., 2024a), VLM-
based GUI agents directly perceive raw screen-
shots and output atomic keyboard/mouse opera-
tions—boosting adaptability while introducing new
challenges. First, VLMs must perceive detailed in-
formation and localize elements in high-resolution
screenshots. Beyond supervised pre-training on
grounding datasets (Cheng et al., 2024; Chen et al.,
2024b; Xu et al., 2024; Gou et al., 2024; Wu et al.,
2025c), efforts include training on high-resolution
processing (Hong et al., 2024; Yang et al., 2024;
Li et al., 2024) or token selection (Ge et al., 2024;
Wu et al., 2025b; Zhang et al., 2024b) modules,
and designing reasoning strategies for dynamic
focusing or test-time scaling (Wu et al., 2025a;
Yang et al., 2025; Liu et al., 2025b). Furthermore,
computer-using agents require strong multi-turn
planning capabilities (Xie et al., 2024b; Sun et al.,
2025). Two mainstream approaches exist: one uses
elaborately designed agentic workflows for propri-
etary VLMs (Zhang et al., 2025b; Jiang et al., 2025;
Zheng et al., 2024a; Wang et al., 2024; Jia et al.,
2024; Agashe et al., 2025b), comprising external
modules for hierarchical planning, memory orga-
nization, and multi-agent collaboration; the other



conducts supervised fine-tuning and reinforcement
learning to endow open-source VLMs with native
long-horizon reasoning and error recovery (Wang
et al., 2025a; Xia and Luo, 2025; Liu et al., 2025a;
Qi et al., 2024).

Efficiency of agent workflows. Agentic work-
flows rooted in the CoT (Wei et al., 2022) and
ReAct-style (Yao et al., 2023) paradigms unlock
LLMs’ capabilities for complex tasks, while simul-
taneously significantly increasing tool invocation
complexity and context length—ultimately leading
to higher costs and degraded performance. To ad-
dress the issue of reasoning inefficiency, within the
multi-agent setup, DAAO (Su et al., 2025) lever-
ages the complementary advantages of heteroge-
neous models and introduces LLM routing based
on query difficulty estimator to implement an adap-
tive orchestration system. Optima (Chen et al.,
2024a) and Puppeteer (Dang et al., 2025) integrate
the balance between performance and efficiency
into reward functions, continuously enhancing the
system’s dynamic orchestration and adaptive evo-
lution capabilities through reinforcement learning.
In the specific context of computer-using tasks,
OS-Copilot (Wu et al., 2024), Mobile-Agent-
E (Wang et al., 2025b), and AppAgentX (Jiang
et al., 2025) extract repetitive patterns from his-
torical actions, organize them into shortcuts or
tool scripts, and store these in long-term mem-
ory for reuse and improved efficiency. Similarly,
UFO® (Zhang et al., 2025a) incorporates specu-
lative multi-action output; yet GUI environments
require system API calls for robust execution as tar-
get elements shift unpredictably. Dyna-Think (Yu
et al., 2025) demonstrates effective multi-action
reasoning under accessibility-tree—based Ul repre-
sentation, leveraging structured semantic and hi-
erarchical information. In contrast, models rely-
ing purely on visual observations still struggle to
achieve comparable quality, lacking explicit struc-
tural cues. OSWorld-Human (Abhyankar et al.,
2025) recognizes this limitation and provides man-
ually grouped action annotations as an evaluation
benchmark. Building on this insight, we internal-
ize prediction of environmental dynamics into the
model through large-scale supervised training.

3 Method

We propose OS-CATALYST, a method that enables
GUI agents to improve efficiency by adaptively
predicting action sequences. In the following, we

detail the components of OS-CATALYST. We first
introduce the formulation of action sequences and
describe how they are executed in the environment.
Next, we present the dataset construction pipeline,
which produces both step-level and compressed
trajectories. Finally, we present the overall process
of training our model.

3.1 Action Sequence Formulation

Most GUI agents today work step by step: the
model outputs one action (or a fixed combination
of two actions, for example, a click followed by
a type), the environment executes it, and then the
model is prompted again to predict the next ac-
tion (Sun et al., 2024b; Gou et al., 2024). This
repeats until task completion. While simple, this
approach is often inefficient. For example, imag-
ine a form that requires filling multiple fields. A
human can look at the page once and immediately
know the next several operations, such as clicking
field A — typing the name, then clicking field B —
typing the gender, and so on.

Inspired by this, we expect the model to predict
multiple consecutive actions in advance as well.
The model should adaptively decide the length and
content of the sequence based on the task, interface,
and progress. We define an action sequence as a
short list of consecutive actions predicted at once.
The environment executes them one by one in order,
but the model is prompted only after the entire
sequence completes, reducing model-environment
interactions and overall execution time.

Let s; be the environment state at step . The
model first generates a thought h;, which describes
its plan for the next steps, and then outputs an
action sequence

k=K,

At = {atlvatga‘ . '7atk}7

where a; is an atomic action and K is the maxi-
mum sequence length. The environment executes

A; sequentially:

St+1 = T(St7 Aty Qg s - - - 7atk)7

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

ing action in the environment. After A; is finished,
the model receives s;41 and predicts the next pair
(ht+17 At+1)'

3.2 Dataset Construction

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

ries.

major problems. First, the model had no aware-
ness of producing action sequences and would not
attempt multi-step actions within the current inter-
face. Second, even when action sequences were
produced, the accuracy was very low. Therefore,
we construct a dataset for post-training to enhance
the model’s multi-step planning and action pre-
diction ability. The complete dataset construction
process is shown in Figure 2.

Raw Trajectory Collection. WorkArena
(Drouin et al., 2024) is an enterprise software
environment built on the ServiceNow' platform to
evaluate GUI agents on realistic knowledge-work
tasks such as form filling, list filtering, informa-
tion retrieval, service catalog usage, and menu
navigation. It provides multimodal observations
(HTML, accessibility tree, screenshots) and
automatic validation for task completion. In
WorkArena, each type of task is defined by a task
template. By randomly sampling the conditions
and input values within a template, multiple
task instances can be constructed. WorkArena
provides a cheat_function that generates correct
Playwright action trajectories for any task configu-
ration, enabling reliable ground-truth trajectories
for training.

We collect a total of 420 trajectories across 21
tasks. Each trajectory contains the sequence of en-
vironment states (including screenshots) along with

1h’ctps ://www.servicenow.com/

the corresponding atomic actions (click, type, se-
lect, etc.) and their associated bounding boxes,
forming the raw data for subsequent action se-
quence compression and training. Formally, let a
trajectory be 7 = {(s;, a;)}1=1, where s; is the en-
vironment state (including screenshot I; and other
structural views) at step ¢, and a; is the atomic
action with its bounding box.

Thought Generation. Previous work has shown
that explicitly modeling the reasoning process can
improve the inference ability of GUI agents (Qin
et al., 2025; Zhang et al., 2025c). Following this,
we augment raw trajectories with a thought before
each action that reflects the agent’s consideration
of what to do next.

To generate thought h; for action a;, we pro-
vide GPT-40 (Hurst et al., 2024) with screenshot
pair (I;, I;41) together with the executed action
a;. In the screenshots, the bounding box of the
element involved in a; is highlighted with a red
rectangle to help the model identify the relevant
interface element. The model then produces a natu-
ral language description that explains the intention
of a; by referring to how it changes the interface
from s; to s;+1. The augmented trajectory is thus
7= {(si, hi,ai) Yo

Thus, each action is aligned with both its exe-
cution context and a reasoning thought, providing
extra supervision to support task understanding.
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Trajectory Compression Pipeline. In GUI tasks,
action sequences cannot be arbitrarily compressed,
since some actions trigger interface changes that
make it impossible to predict the next action with-
out updated observation. To obtain trajectories
with action sequences, we design a compression
pipeline that transforms raw step-by-step trajecto-
ries into compressed ones, as shown in Figure 2.
Let a raw trajectory be 7 = {(s;, h;, ai)}il from
WorkArena. We sequentially check whether ad-
jacent steps can be merged. The prerequisite is
that the first action does not affect the element in-
volved in the second one. If the previous action
includes navigating to another page or scrolling,
the condition is not satisfied.

Fair preparation. From T we build adjacent can-
didates consisting of P = (8¢, ay, S¢41, Ars1)-

Check 1: Similarity & Rule. For each
pair, we compute the Structural Similarity Index
(SSIM) (Wang et al., 2004) between consecutive
screenshots I; and ;1. Only pairs with similar-
ity greater than a threshold (0.9 in this work) are
retained, filtering out major interface transitions.
We also add a restriction that if the first action is
a scroll or any operation that inevitably changes
the page layout, the pair is filtered out.

Check 2: Region Match. For the remaining pairs,
we perform local verification. The key criterion
for compression is whether the first action changes
the position or state of the element involved in the
second action. To verify this, we use the bounding
box b;+1 of the second action and crop the corre-
sponding regions from screenshots /; and I;,1. We
then query GPT-40 with these cropped regions and
the action descriptions to decide whether the two
actions can be safely merged. This step ensures
that the element required by the second action re-
mains stable and does not depend on intermediate
model feedback.

Action Merge. We greedily merge consecutive
actions as long as both checks pass, forming a com-
pressed sequence A; = {atl,atQ, .. ,atk}, k<K,
with K = 5 as the maximum sequence length. The
merged sequence is then stored in the compressed
trajectory 7.

New Thought Generation.  Since original
thoughts h; are tied to atomic actions, we re-
generate a new thought flt for each compressed
sequence A;. To do this, we prompt GPT-
40 (Hurst et al., 2024) with the start and end
screenshots (I, I;)), and the original thoughts.
Based on this input, GPT-40 produces a concise

Table 1: Statistics of our constructed datasets.

Dataset #Traj. Avg. Steps Avg. Actions
Work-Step 420 19.00 1.00
Work-Seq 420  7.58 (:33.8%) 1.51 (+51.0%)

description that explains the reasoning behind ex-
ecuting A;. The final compressed trajectory is
represented as 7 = {(s, ﬁt,At)}j»Vil, A, =
{at,,ary, -, ay. }, |Ai| = K, which is then used
for training.

3.3 Dataset Statistics

The original WorkArena benchmark contains 25
task types. To clearly separate the training and test
sets, we select 21 task types for training. For each
task type, we collect 20 distinct trajectories using
different random seeds, resulting in a total of 420
trajectories. Based on these raw trajectories, we
construct two datasets that differ in how the actions
are represented and organized.

Work-Step is built from the raw trajectories
by adding a thought to each atomic action, as de-
scribed in Section 3.2. The dataset keeps the origi-
nal step-by-step format with reasoning information.

Work-Seq is built from Work-Step using the
compression pipeline described in Section 3.2. In
this process, consecutive actions are merged into an
action sequence when the conditions are satisfied.

Table 1 summarizes the statistics of constructed
datasets. Compared to Work-Step , Work-Seq sig-
nificantly reduces the average step length to 12.6
(-33.8%), due to the increase of the average num-
ber of actions per step to 1.51 (+51.0%). Further
details of the dataset can be found in Appendix D.

3.4 Training Strategy

To train models to generate coherent action se-
quences, we adopt a supervised objective that cou-
ples thoughts with actions. Unlike single-step pre-
diction, sequence generation requires the model
to decide whether subsequent actions are deter-
minable from the current observation and unaf-
fected by earlier actions. If so, they can be merged
as a sequence; otherwise, the model should stop
and wait for new observation. By training thoughts
and actions together, we encourage the model to
use thoughts for multi-step planning, enabling co-
herent action sequence prediction.

Context-Aware Formulation. Another design
choice is to include recent interaction history. Us-



ing only the current screenshot leaves the model
unaware of past actions, while conditioning on the
full trajectory can exceed the context window and
introduce noise. To balance this, we use the last
L = 5 steps as context, capturing short-term depen-
dencies (e.g., opening a menu before selecting an
option). Each training instance conditions on the
last L steps,

Ct = {(St—[n h’t—Lv At—L)7 )

and the current state s;, to predict both the next
thought h; and action sequence A;.

Thought-Action Training. We model the joint
generation of thought h; and action sequence A; as

|
G(htaAt | Itact) = Hpe(ht,j | Itactaht,<j)
j=1
|As]
X ﬂpe(At,m | I, Ce, hey At <)
m=1

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

T |k
Z ( Zlogpg hy | I, C, hy <])
t=1
[A]
+ Z 10gp6'(At,m | ItactahtaAt,<m))'
m=1

4 Experiment
4.1 Evaluation Benchmark

WorkArena. We evaluate our method on
WorkArena (Drouin et al., 2024), a benchmark
ideal for testing action-compression due to its
focus on automating multi-step business tasks.
WorkArena simulates repetitive, structured office
workflows such as list operations, form filling, and
service catalog tasks, where employees naturally
execute predictable action sequences. This makes
it well-suited for assessing our method’s efficiency
in generating multiple actions per turn, as complet-
ing tasks requires the model to plan and compress
logical sequences into cohesive outputs.

Since the benchmark contains 25 task types
and we use 21 types for training, the first test set
(WorkArena(Seen)) contains tasks from the same
21 types but generated with different random seeds.
This results in 84 distinct tasks that occur in the
same scenarios as the training set, but differ in

(St—h ht—la At—l)}a

their specific requirements. The second test set
(WorkArena(Unseen)) is built from the remain-
ing 4 task types that are excluded from training.
This set includes 16 tasks and serves to evaluate
the generalization ability of the models to novel
task types.

OSWorld. OSWorld (Xie et al., 2024a) evaluates
computer-use agents across heterogeneous soft-
ware environments (office tools, operating systems,
browsers, developer applications), making it well-
suited for assessing cross-domain generalization.
We use OSWorld to test whether OS-CATALYST
transfers beyond WorkArena.

4.2 Model Settings

UI-TARS. We use UI-TARS (Qin et al., 2025) as
our model, a GUI agent that takes screenshots as
input and produces human-like interactions (mouse
clicks, keyboard typing, etc.). Unlike systems rely-
ing on prompt engineering or workflow wrappers,
UI-TARS is an end-to-end model that unifies per-
ception, grounding, reasoning, and action directly.

4.3 Baseline Construction

We consider four groups of models: (1) The origi-
nal UI-TARS-7B-DPO and UI-TARS-72B-DPO with
default prompting that predicts actions step by step.
(2) The same UI-TARS models prompted to output
action sequences on each page without additional
training, denoted as UI-TARS(prompt). (3) Ul-
TARS fine-tuned on the Work-Step dataset with
step-by-step trajectories augmented with thoughts,
denoted as UI-TARS(Work-Step). (4) UI-TARS
fine-tuned on the Work-Seq dataset with com-
pressed action sequences and thoughts, i.e., Ul-
TARS(Work-Seq).

4.4 Metrics

Task Success. We evaluate success rate using
WorkArena’s rule-based outcome validator. How-
ever, WorkArena tasks are long-tailed, often re-
quiring over 30 steps, making them overly difficult
for current GUI models. To better capture model
performance under such challenging settings, we
implement a Partial Success Rate (PSR) validator
that reflects partial progress more fairly. For list
tasks, we distribute 1.0 point evenly across input
boxes in the filter panel. For form tasks, we allocate
0.2 points for correct submission and distribute the
remaining 0.8 across all required items. For service
catalog tasks, we allocate 0.3 points for navigation,



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

(bold) and second-best (underline) results.

Model SR PSR #A/S Step Time (s)  Task Time (s)
7B Models

UI-TARS-7B-DPO 0.036 0.072 1.00 11.66 580.80

UI-TARS(prompt) 0.024 0.072 1.00 7.95 381.02

UI-TARS(Work-Step)  0.095  0.267 1.00 12.00 291.41

UI-TARS(Work-Seq)  0.083  0.277  1.33 (+33.0%) 9.20 147.90 (-49.2%)
72B Models

UI-TARS(Work-Step)  0.079  0.210 1.00 15.19 389.41

UI-TARS(Work-Seq)  0.060 0.294  1.20 (+20.0%) 13.02 308.50 (-20.8%)

0.1 for submission, and distribute the remaining
0.6 across requested configurations.

Efficiency Metrics We also report three metrics
that measure execution efficiency. A/S (actions
per step) denotes the average number of valid ac-
tions per model output, excluding steps with no
executable action. Step Time (s) measures the aver-
age latency per output, while Task Time (s) reflects
the total time to finish a task, accumulating both
step-level latencies and step count.

S Main Result and Analysis

5.1 How Does OS-CATALYST Improve
Efficiency?

WorkArena(Seen) Results. For both 7B and
72B settings, Work-Seq trained models achieve
notable efficiency improvements over Work-Step.
Specifically, UI-TARS(Work-Seq) reduces average
task time from 291.4s to 147.9s (7B, 50% reduc-
tion) and from 389.4s to 308.5s (72B), while main-
taining comparable success rates. Compared to
the base model and prompt-only variant, which al-
most never output multiple actions per step (A/S
= 1.0), UI-TARS(Work-Seq) achieves 1.33 (7B)
and 1.20 (72B) actions per step, reducing model-
environment interactions and substantially shorten-
ing task duration.

WorkArena(Unseen) Results. On the Unseen
set with four untrained task, UI-TARS(Work-Seq)
maintains efficiency advantages. For 7B models, it
reduces average task time to 135.1s versus 157.4s
for UI-TARS(Work-Step) and over 300s for the
base model. For 72B models, task time decreases
from 405.9s to 360.3s. UI-TARS(Work-Seq) also
achieves higher average actions per step (1.28 for

7B and 1.25 for 72B) on unseen tasks, indicating
that action sequence prediction generalizes beyond
training tasks and yields consistent efficiency gains.

Action Sequence Type. We analyze the distri-
bution of action sequence types produced by UI-
TARS(Work-Seq). As shown in Figure 3, most
sequences have two actions, with some successful
cases containing three or four. The most frequent
patterns are [click, type]and [click, click],
corresponding to common GUI interactions like se-
lecting a field then typing, or navigating menus
through consecutive clicks. Other action sequence
types also carry concrete meaning, such as [click,
type, click] for filling in a field followed by con-
firmation, and [click, type, click, type] for
completing two consecutive fields in a form. Over-
all, this distribution suggests that OS-CATALYST
enables the model to generate action sequences in
a way that reflects common interaction patterns
observed in real GUI tasks. Examples of action
sequences in Appendix C.1.

5.2 How Does OS-CATALYST Perform on
Task Success Rate?

On the Seen set, UI-TARS(Work-Seq) achieves suc-
cess rates that are close to those of UI-TARS(Work-
Step), with 0.083 vs. 0.095 for the 7B models and
0.060 vs. 0.079 for the 72B models. This shows
that UI-TARS(Work-Seq) method does not com-
promise the ability to complete tasks. Additionally,
UI-TARS(Work-Seq) consistently yields the high-
est partial success rates, reaching 0.277 (7B) and
0.294 (72B). Compared with the base UI-TARS
models without additional training, both fine-tuned
variants achieve higher SR and PSR, suggesting
that training improves the model’s understanding
of the WorkArena environment. On the Unseen



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

Model SR PSR A/S (non-empty) Step Time (s)  Task Time (s)
7B Models

UI-TARS-7B-DPO 0.063 0.125 1.00 6.35 309.80

UI-TARS(prompt) 0.063 0.100 1.00 10.84 500.48

UI-TARS(Work-Step)  0.000  0.157 1.00 9.12 157.38

UI-TARS(Work-Seq) 0.063 0.129 1.28 (+28.0%) 7.41 135.15 (-14.1%)
72B Models

UI-TARS(Work-Step)  0.063  0.205 1.00 20.2 405.9

UI-TARS(Work-Seq)  0.063  0.180 1.25 (+25.0%) 14.7 360.3 (-11.2%)
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Figure 4: Evaluation Results on OSWorld

set, UI-TARS(Work-Seq) achieves comparable suc-
cess rates to the baselines, with 0.063 SR for both
7B and 72B models. It also sustains strong partial
success rates (0.129 and 0.180), showing that OS-
CATALYST generalizes to new task types. Overall,
these results show that OS-CATALYST improves
efficiency without reducing task success, and its
ability to predict action sequences transfers to tasks
outside the training set.

5.3 How Does OS-CATALYST Perform on
Cross-Domain Settings?

To assess generalization beyond the WorkArena en-
vironment, we further evaluate OS-CATALYST on
OSWorld. Figure 4 reports the average actions per
step (A/S) across task domains. OS-CATALYST

consistently maintains non-trivial action-sequence
prediction ability across unseen environments,
achieving A/S values ranging from 1.219 (Chrome)
to 1.367 (LibreOffice_Calc). Task domains with
more frequent page transitions tend to yield lower
A/S values (e.g., chrome, thunderbird), as such
patterns limit multi-action opportunities within a
single interface state. This aligns with human an-
notation statistics reported in Table 3 of OSWorld-
Human (Abhyankar et al., 2025), where grouped
steps in several LibreOffice-related tasks show sub-
stantially greater reduction compared to single-step
interactions, suggesting higher inherent compres-
sion potential in office-style environments.

These results suggest that OS-CATALYST can
transfer its adaptive compression capability to het-
erogeneous GUI environments without retraining,
showing potential robustness to domain shifts.

6 Conclusion

We propose OS-CATALYST, a method that im-
proves the efficiency of computer-using agents
through adaptive action compression. By allowing
models to predict multiple consecutive actions from
a single observation, OS-CATALYST reduces re-
dundant model-environment interactions and short-
ens overall task duration. To enable this capability,
we construct two datasets in the WorkArena en-
vironment, supporting both step-level interaction
and compressed action sequences. Experiments
show that OS-CATALYST achieves up to a 50%
reduction in task execution time while maintaining
comparable task success rates, highlighting the po-
tential of sequence-level action prediction as a new
approach for GUI agents. In future work, we hope
this approach can generalize to broader application
scenarios, further advancing the development of
efficient and practical GUI agents.



Limitations

While the environment, benchmark, and method
proposed in this work demonstrate the potential to
advance the safety research of mobile GUI agents,
it is important to acknowledge some limitations:

Verifier Dependency. In our hybrid method, our
Formal Verifier relies on obtaining system state
traces, which are currently accessible only on open
platforms such as Android. This makes the ap-
proach less directly applicable to closed environ-
ments such as 10S. Nevertheless, we believe that
such ideas could be adapted and extended to other
platforms according to practical needs.

Environment. We construct as a simulated en-
vironment and derive a frozen dataset from it to
form . While our experiments demonstrate strong
closeness between the live and frozen settings, cer-
tain discrepancies inevitably remain, for example,
random push notifications under online network
conditions. However, we believe these differences
do not undermine the general conclusions of our
study, and future work can be expected to further
reduce such gaps.

Broader Impacts

Computer agents operating in an OS environment
may potentially interfere with the normal function-
ing of a system. In this work, however, all experi-
ments are conducted within controlled virtual en-
vironments, which eliminates risks to real devices
or user accounts. The instructions and trajectories
used in our study are released solely for research
purposes, and we encourage interested researchers
to conduct experiments using our provided environ-
ment or benchmark rather than applying them to
their own devices or personal accounts. This pre-
caution is intended to avoid any unintended harm
or irreversible consequences to real systems and
communities.
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A Large Language Model Usage

In this submission, we leverage LLLMs to support
and refine the writing process, including grammar
and typo correction, and the identification of related
work.

B Experimental Details

B.1 Environment Selection

Among the available GUI benchmarks with diverse
features, we selected WorkArena for our exper-
iments. This choice was motivated by the fact
that WorkArena tasks generally require a relatively
higher number of steps too complete. Moreover,
the office scenario naturally lends itself to sequen-
tial action execution, making it well-suited for ob-
serving how models learn to perform multi-step
operations. Following WorkArena, the same team
introduced WorkArena++, which incorporates com-
plementary tasks along with more fundamental in-
teractions. However, we found WorkArena++ to be
excessively challenging—tasks often exceed 100
steps in length, and preliminary tests showed that
both GPT-40 and GPT-40-v achieved near-zero suc-
cess rates. Consequently, we decided not to adopt
WorkArena++ for this study.

Action Definition Parameter

click Clicks at coordinates. start_box
left_double Double-clicks at coordinates. start_box
right_single Right-clicks at coordinates. start_box

drag Drags from start to end. start_box, end_box
hotkey Presses a keyboard shortcut. key

type Types specified content. content

scroll Scrolls in the given direction. start_box, direction
wait Pauses for 5s. /

finished Marks the task as complete. /

call_user Requests user intervention. /

Table 4: Action space with definitions and parameters.

B.2 Action Space

We follow the action space design of UI-TARS,
while adapting it to our model and dataset.
In particular, the action space of the model
includes click, left_double, right_single,
drag, hotkey, type, scroll, wait, finished,
and call_user. The definition and parameter are
shown in Table 4.

B.3 Fine-Tuning Setup.

We apply the training strategy in Section 3.4 to fine-
tune the base models. For the UI-TARS-7B-DPO
model, we adopt full SFT for 4 epochs using the ms-
swift (Zhao et al., 2024) framework, with a learning



rate of 1 X 10™%. For the UI-TARS-72B-DPO model,
we adopt LoRA-based SFT with rank 8 and train for
4 epochs with the learning rate of 1 X 10_5, as full
SFT is infeasible under our resource constraints.
Here we use LLaMA-Factory (Zheng et al., 2024b)
framework for lora fine-tuning.

C Case Study

In this section, we present representative cases to
illustrate the behavior of UI-TARS(Work-Seq). We
include both success and failure examples to show
how the model generates action sequences in prac-
tice.

C.1 Success Case Examples

Figure 5 and Figure 6 are two success case that
demonstrate our model’s ability to output consecu-
tive actions. In both examples, the model correctly
follows the task instructions and current page state
to generate coherent sequences of 3—4 actions.

C.2 Failure Case Examples

We further examine representative failure cases
of our model. As shown in Figure 7-9, they
can be grouped into three categories: (1) over-
compression, where the model outputs an exces-
sively long action sequence beyond what is feasible
for the current state; (2) under-compression, where
the model fails to merge actions even though multi-
ple steps could safely be combined; (3) incorrect
element localization, where the target referenced
in the thought is inconsistent with the executed
coordinates; These cases illustrate the challenges
that remain for robust multi-action planning in GUI
environments, and addressing them constitutes an
important direction for future work.

While these limitations remain, OS-CATALYST
has already led to substantial efficiency improve-
ments over previous methods, reducing overall task
time by approximately 50% and decreasing the
average number of interaction steps by 33%.

D Dataset Details

In this section, we provide additional details of the
datasets used for training in OS-CATALYST. As
described in Table 1, our data consists of two sub-
sets: Work-Step and Work-Seq, both constructed
within the WorkArena benchmark environment.
Each dataset is designed to support the develop-
ment of GUI agents from both step-level interaction
and action-sequence perspectives.
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Thought: I will click on the "Short description” field and enter "Customer didn't receive
eFax" to specify the issue of the incident. Then, I will click on the "Caller" field and e
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Thought: I will click on the "Short description” field and enter "Customer didn't receive
eFax" to specify the issue of the incident. Then, I will click on the "Caller” field and e
nter "Don Goodliffe" to indicate who is reporting this incident.

Action: click(start_box='(514,546)")

type(content="Customer didn't receive eFax’)

click(start_box='(259,229))

type(content="Don Goodliffe’)

Figure 5: The task is filling up a form. The model
outputs a succession of four actions, filling up two items
in a row.



Data Structure.

Data Format.

Each trajectory includes:

¢ Screenshots of the interface at each interac-
tion step.

* Ground-truth thoughts that describe the
agent’s intention and intermediate reasoning.

* Actions (e.g., click, type, scroll) along
with their coordinates and content.

* Bounding boxes specifying the Ul elements
involved in each action.

The dataset is provided as images

and JSON records:

Licensing and Usage.

e x.png: High-resolution GUI screenshots
(1920 X 1080).

e %_json: Structured metadata containing
thoughts, action definitions, coordinates, and
bounding boxes.

The dataset will be re-

leased under the MIT License and can be used
for non-commercial academic research, including
model training, benchmarking, and GUI agent au-
tomation studies. It permits redistribution and mod-
ification with proper attribution.

E Prompts

E.1 Model Prompts

Vs

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

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

## Output Format
Thought :
Action:

e

## Action Space
{action_space}

## Note

- Use {language} in ‘Thought‘ part.

- Summarize your next action (with its
target element) in one

sentence in ‘Thought‘ part.

## User Instruction
{instruction}
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Updated prompt that requires model to out- A
put multiple actions.

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

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

## Output Format
Thought:
Action:

e

## Action Space
{action_space}

## Note

- Use {language} in ‘Thought‘ part.

- Summarize all upcoming actions (with
their target elements) in ‘Thought®
part.

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

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

## User Instruction
{instruction}

.

E.2 Data Curation Prompts

Vs

Prompt for generating thought.

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

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

the global instruction to complete,

the previous actions taken,

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

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

the UI screenshot after the action is
executed,




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

Thought: {{<thought>}}

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

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

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

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

-—- INPUT ---
Instruction: {instruction}

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

Current action: {current_action}

Current screenshot:

N\

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

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

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

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

Write your reasoning step by step. Then
give your final answer as ‘‘yes’’ or
‘‘no’’ on the last line. (‘‘yes’’
means both images show the same GUI
element.)
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The first element:
{imagel1}
The second element:
{image2}

Prompt for merging thoughts of multiple )
actions

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

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

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

## Output Format

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

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

Thought: I will click on the "Configuration item" field and enter the value "lawson_db" to
fulfill the requirement for this problem record.

Action: click(start_box='(259,479)')

type(content="lawson_db')

Figure 8: In this form filling example, the model fills in
the two form fields across two separate steps, whereas
the task can actually be completed in a single step with
four consecutive actions.
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Thought: I will click on the "Closure Information” tab to access and fill out the fields r
elated to closure, such as "Close code” and "Close reason”.
Action: click(start_box=\(126,43))

Figure 9: In this example, the correct plan for the model

is to click on the closure information field. However,

the predicted coordinates (marked with a red circle) are
far from the correct location.
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