
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046

Under review as a conference paper at ICLR 2026

COMPUTER-USING WORLD MODEL

Anonymous authors
Paper under double-blind review

ABSTRACT

Agents operating in complex software environments benefit from reasoning about the con-
sequences of their actions, as even a single incorrect user interface (UI) operation can de-
rail long, artifact-preserving workflows. This challenge is particularly acute for computer-
using scenarios, where real execution does not support counterfactual exploration, mak-
ing large-scale trial-and-error learning and planning impractical despite the environment
being fully digital and deterministic. We introduce the Computer-Using World Model
(CUWM), a world model for desktop software that predicts the next UI state given the
current state and a candidate action. CUWM adopts a two-stage factorization of UI dy-
namics: it first predicts a textual description of agent-relevant state changes, and then real-
izes these changes visually to synthesize the next screenshot. CUWM is trained on offline
UI transitions collected from agents interacting with real Microsoft Office applications,
and further refined with a lightweight reinforcement learning stage that aligns textual tran-
sition predictions with the structural requirements of computer-using environments. We
evaluate CUWM via test-time action search, where a frozen agent uses the world model to
simulate and compare candidate actions before execution. Across a range of Office tasks,
world-model-guided test-time scaling improves decision quality and execution robustness.

1 INTRODUCTION

Click ‘Encrypt with Password’

Current state 

action

Next state 

Click ‘Images’
action

Current state Next state 

Current state Next state 

Zoom In action

Figure 1: UI state transitions generated by
CUWM. Each row is one example transition.

The performance of Large language models (LLMs) has
improved consistently through scaling; natural language
has been effectively modeled by training large models
on massive static corpora (Brown et al., 2020; Hoffmann
et al., 2022; OpenAI et al., 2024). In contrast, agents op-
erate in non-stationary environments: their actions shape
future observations and thus the data they learn from
changes as learning progresses (Sutton et al., 1999; 1998;
Yao et al., 2022; 2023). Since an agent’s actions change
the world’s state, reliable decision-making requires coun-
terfactual reasoning: anticipating the consequences of al-
ternative actions before choosing one.

This requirement is particularly acute for computer-using
agents in desktop applications (Zhang et al., 2025b;a;c;
Bonatti et al., 2024). Although software is fully digi-
tal and largely deterministic, interaction is neither cheap
nor safely reversible: UI actions incur substantial la-
tency (Endo et al., 1996), undo is limited and context-
dependent (Prakash & Knister, 1994), and a single mis-
take can corrupt artifacts or derail long workflows. Deter-
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minism therefore does not imply cheap rollouts; without simulation, desktop agents cannot effectively and
safely perform counterfactual explorations, making trial-and-error learning and real-execution tree search
impractical (Xie et al., 2024; Zhou et al., 2023; Chen et al., 2025).

While model-based reinforcement learning has demonstrated the value of learned dynamics in robotics and
games (Ha & Schmidhuber, 2018; Levine, 2022; Schrittwieser et al., 2020; Hafner et al., 2019), world mod-
els remain underexplored for GUI-based desktop software in the era of LLMs (Zhang et al., 2024). Recent
LLM-based world modeling efforts have primarily focused on implicit latent dynamics, textual or semantic
state transitions for web and mobile agents, or visual observation prediction in mobile UI settings (Hafner
et al., 2019; 2023; Chae et al.; Li et al., 2025a;b; Luo et al., 2025; Cao et al., 2026; Xiang et al., 2025), rather
than interactive desktop GUIs. Desktop software for computer use poses unique challenges, combining
high-dimensional visual observations, rich compositional GUI actions, and long-horizon, artifact-preserving
workflows where early mistakes persist and compound Wang et al. (2024).

In this paper, we take a first step toward world modeling for computer use by introducing the Computer-
Using World Model (CUWM) for real-world desktop software. We instantiate CUWM in the Microsoft Of-
fice suite, including Word, Excel, and PowerPoint, which are widely used productivity applications. World
modeling in this domain is especially important because actions such as editing, formatting, or deleting con-
tent can have irreversible consequences; a faithful world model enables agents to simulate action outcomes
for safer planning, faster evaluation, and more reliable automation without interacting with live user data.

CUWM predicts the next UI state from the current state and a candidate action by factorizing UI dynamics
into two stages. A textual transition model first predicts the action-induced, decision-relevant UI changes,
and a visual realization model then renders these changes as the next screenshot. This separation of what
changes from how it appears focuses model capacity on structurally salient transitions while retaining pixel-
level state generation required by desktop agents. Figure 1 shows example UI state transitions predicted by
CUWM, where candidate actions induce localized but consequential interface changes. CUWM is trained on
offline UI transitions collected from agents interacting with real Microsoft Office applications. Supervised
fine-tuning provides a faithful initialization of UI dynamics, which is further refined with a lightweight
reinforcement learning stage that uses an LLM-based judge and a length penalty to encourage concise textual
transitions that are aligned with the structural organization of software UIs.

We evaluate CUWM using test-time action search with a frozen LLM agent, where candidate actions are
simulated by CUWM and a single action is executed. This enables improved decision quality through
additional test-time computation without further training or risky exploration, and we evaluate both agent
performance and the fidelity of predicted textual transitions and next-state screenshots. In summary, this
work makes the following:

• To our best knowledge, we present the first Computer-Using World Model (CUWM) that explicitly
models UI state transitions, enabling test-time planning for productivity use-cases by learning to recon-
struct Microsoft Office (Word, Excel, and PowerPoint) applications.

• We propose a two-stage world model learning framework that factorizes UI state transitions into a
textual abstraction of action-induced changes followed by a visual state realization. CUWM is initialized
via supervised learning on offline UI transitions and further refined with a reinforcement learning stage that
aligns textual transitions with the structural organization of software UIs, promoting concise descriptions.

• Taken together, our world model evaluations show that test-time simulation of UI consequences can sub-
stantially improve reliable decision making in software systems.

2 RELATED WORK

Implicit World Models. Model-based reinforcement learning has long studied implicit world models (Ha &
Schmidhuber, 2018; Levine, 2022; Schrittwieser et al., 2020; Hafner et al., 2019) that encode environment
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The specified column (“H”) 
becomes selected and 

highlighted, while the rest 
of the UI remains 

unchanged.

Click column ‘H’

Current UI state 

Next state 

‘H’

Action

Computer-Using World Model

Stage 1: Stage 2:

The specified column (“H”) 
becomes selected and 

highlighted...

Transition Description

Textual State 
Transition

Visual State 
Realization

Figure 2: Overview of the CUWM. The world model state transitions proceed in two stages, in the first
stage, given the current UI state and an action, the world model predicts a textual state-transition description
of the next state. In the second stage, the world model conditions on the current UI state and the transition
description to render the next UI state.

dynamics in latent representations for planning and value prediction, rather than explicit state reconstruc-
tion. Representative methods include World Models (Ha & Schmidhuber, 2018), PlaNet (Hafner et al.,
2019), Dreamer (Hafner et al., 2023), and MuZero (Schrittwieser et al., 2020). While effective in games
and robotics, these latent models are not designed to be interpretable or aligned with explicit UI semantics,
limiting their applicability to computer-using agents. Textual and Semantic World Models. Recent work
explores explicit textual or semantic world models, primarily for web and mobile agents. Web Agents with
World Models (Chae et al.) predicts semantic state transitions for test-time action search in web navigation,
and MobileWorldBench (Li et al., 2025a) argues for the effectiveness of semantic prediction in mobile envi-
ronments. Related studies such as “From Word to World” (Li et al., 2025b) examine whether large language
models can serve as implicit world models in purely text-based settings. However, these approaches do
not model the visual realization of UI changes, which is often critical for desktop software. Visual GUI
World Models. Another line of work focuses on predicting future GUI observations. ViMo (Luo et al.,
2025) and MobileDreamer (Cao et al., 2026) synthesize future app screens using visual world models, while
UI-SIM (Xiang et al., 2025) explores image-based UI simulation. In contrast, we present a factorized, mul-
timodal world model for desktop productivity software that, to the best of our knowledge, is the first world
model explicitly tailored for GUI-based computer use in software environments, where small UI changes
can have outsized effects in long, artifact-preserving workflows.

3 METHOD

Our goal is to learn a world model that captures software UI dynamics and supports agent decision-making
through imagined trajectories. Given a current UI state and a candidate action, the model predicts the result-
ing next state using annotated UI transitions collected from real applications. We instantiate this objective
in desktop productivity software and propose a two-stage computer-using world model, as illustrated in
Figure 2. The model factorizes UI dynamics into two stages. Stage 1 (Textual State Transition) predicts
a structured natural-language description of the localized, decision-relevant change induced by the action.
Stage 2 (Visual State Realization) conditions on the current UI state and the predicted transition to synthesize
the next UI screenshot, preserving unchanged regions while applying the specified edits. This factorization
separates what changes from how it appears, enabling interpretable and controllable modeling of UI dynam-
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ics. The world model is trained primarily via supervised learning on offline UI transitions, and further refined
with reinforcement learning to improve the decision relevance and conciseness of predicted transitions.

3.1 TWO-STAGE WORLD MODEL ARCHITECTURE

We model computer-using interaction as a sequential decision process and instantiate our study in desktop
productivity software. At time step t, the environment is in a UI state st represented by a screenshot image,
and executing a natural-language action at induces a transition to the next UI state st+1.

Directly predicting the next UI state st+1 from (st, at) in pixel space is computationally inefficient due to
the highly structured and sparse nature of software state changes. We define this structure by three key
characteristics: UI transitions are typically localized in space, compositional in nature, and causally
aligned with the triggering action. In desktop applications, most actions induce localized updates, such
as changing a selection, spawning a dialog box, or moving a text cursor, while the majority of the interface
remains unchanged. While this sparsity is rooted in a strong underlying structure, it complicates monolithic
pixel-level prediction by forcing models to simultaneously track massive invariant backgrounds and tiny,
decision-critical updates. Consequently, end-to-end pixel prediction often wastes modeling capacity on
these static regions and fails to emphasize the action-relevant components of the transition.

To exploit this structure, we adopt a two-stage decomposition of software UI dynamics. Specifically, we
separate what changes from how it appears by first predicting a textual abstraction of the action-induced
state transition, followed by a visual realization of the next UI state. This factorization allows the model
to explicitly represent semantically meaningful changes, such as which UI element is affected and in what
manner, while delegating image synthesis to a specialized visual model. By aligning the model architecture
with the compositional and localized nature of UI interactions, the world model can focus its capacity on
decision-relevant dynamics rather than static visual details.

Stage 1: Textual State Transition Model. This stage predicts a textual description of the UI transition. We
employ Qwen2.5-VL (Bai et al., 2025) as a vision-language model that takes the current UI state st (includ-
ing the screenshot and associated textual context) and the action at as input, and outputs a textual transition
description ∆t: ∆t = ftext(st, at). Rather than describing the entire UI, ∆t focuses on decision-relevant
changes, such as selection shifts, content edits, dialog appearances, or mode transitions. This abstraction
significantly reduces the prediction space and provides an interpretable representation of software dynamics
that is well aligned with agent decision-making.

Stage 2: Visual State Realization Model. The second stage translates the abstract transition description
into a concrete visual outcome. We use Qwen-Image-Edit1 (Wu et al., 2025), a diffusion-based conditional
image editing model, to synthesize the next-state screenshot conditioned on the current UI and the predicted
transition: ŝt+1 = fimage(st,∆t). By conditioning on both the current screenshot and the textual transition,
the visual model is responsible only for rendering localized changes, while preserving unchanged regions.

This two-stage design cleanly separates semantic state transitions from visual realization. By allocating
model capacity to the most informative components of the prediction problem other than pixel-level synthe-
sis, the architecture improves interpretability, modularity, and scalability, and forms the basis for effective
training and downstream agent usage.

3.2 SUPERVISED TRAINING WITH GPT-ANNOTATED TRANSITIONS

We first initialize the Computer-Using World Model (CUWM) using supervised learning. Supervised train-
ing provides a natural starting point for learning faithful software dynamics, as it allows the model to directly

1We use the Qwen-Image-Edit-2509 checkpoint throughout this work.
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observe how UI states change in response to actions. However, manually annotating UI transitions at scale
is prohibitively expensive, motivating the use of automated supervision.

To obtain training data, we use the GUI-360 (Mu et al., 2025) dataset, which consists of UI interaction tra-
jectories generated by multiple computer-using agents interacting with Office applications. Each trajectory
is represented as a sequence of screenshot-based UI states and text-described GUI/API actions, yielding
transition tuples (st, at, st+1), as illustrated in Figure 1. Based on these transitions, we use GPT-5 as an
automated annotator to generate concise natural-language description of UI state changes by conditioning
on the triplet (st, at, st+1), explicitly identifying which elements change and which remain unchanged.

This process yields ground-truth transition descriptions of the form (st, at) → ∆GT
t , where ∆GT

t summarizes
the semantic differences between the consecutive UI states st and st+1. We apply supervised fine-tuning to
both stages of CUWM. In Stage 1, the textual transition model (Qwen-VL 2.5) is trained to predict the GPT-
annotated transition description ∆GT

t from the current screenshot and action (st, at), producing a predicted
transition ∆t. In Stage 2, the visual realization model (Qwen-Image-Edit) is trained via diffusion-based
image editing to reconstruct the next UI state st+1 conditioned on the current screenshot and the predicted
transition (st,∆t). This supervised training grounds both stages in real software behavior and provides a
faithful initialization of UI dynamics and a strong foundation for subsequent refinement.

3.3 STRUCTURE-AWARE REINFORCEMENT LEARNING FOR TEXTUAL TRANSITIONS

Supervised fine-tuning provides a faithful initialization of textual UI transitions, but it does not ensure that
the predicted descriptions consistently capture the UI structures most critical for downstream reasoning. In
computer-using environments, effective planning depends on whether key interface components, such as
selection state, active controls, and visible panes, are accurately and concisely represented.

We therefore apply a lightweight reinforcement learning refinement to the textual transition model. The
model is treated as a policy conditioned on the current screenshot and action (st, at), generating a transi-
tion description ∆t, and is optimized to maximize E∆t∼ftext(·|st,at) [R(st, at,∆t)] . The reward combines
an LLM-as-a-Judge score and a length penalty: R(st, at,∆t) = Rjudge(∆t,∆

GT
t ) − βRlen(∆t). The judge

assigns a normalized score in [0, 1] by evaluating correctness across predefined UI structural aspects (e.g.,
ribbon state, editing area, and side panes). The length penalty softly penalizes predictions that deviate from a
target length range defined relative to the ground-truth transition, discouraging overly long or short descrip-
tions that tend to introduce unsupported or noisy UI changes. We optimize the textual transition model using
a relative preference objective based on Group Relative Policy Optimization (GRPO) (Shao et al., 2024).
Further details regarding the GRPO implementation and reward formulation are in Appendix A.2.4.

3.4 WORLD-MODEL-GUIDED TEST-TIME ACTION SEARCH

We evaluate CUWM using world-model-guided test-time action search with a frozen agent policy, follow-
ing (Luo et al., 2025). At inference time, the agent proposes a set of candidate actions from the current UI
state st. CUWM simulates the resulting next UI state for each candidate, and the agent selects a single ac-
tion based on the predicted outcomes. The agent policy remains unchanged throughout this process, and the
world model is used solely as a simulator. This think-then-act procedure allows decision quality to improve
with additional test-time computation, which is particularly important for long-horizon computer-using tasks
where errors are costly to reverse.

5
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4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Dataset. We train and evaluate CUWM using data from the GUI-360 dataset (Mu et al., 2025), focusing on
real desktop software, including Microsoft Word, Excel, and PowerPoint. Each sample is constructed as a
state–action–next-state tuple (st, at, st+1). More details about the dataset can be found in Appendix A.1.

Training. We implement a two-stage pipeline: LoRA-based SFT for both textual (Qwen2.5-VL) and visual
(Qwen-Image-Edit) models, followed by GRPO refinement for the textual model (details in Appendix A.2).

Metrics. We evaluate CUWM from two perspectives: (i) world model fidelity, assessing the quality of
predicted transitions independent of agents, and (ii) agent-level evaluation, measuring CUWM’s impact on
agent performance via test-time action search.

4.2 WORLD MODEL FIDELITY

In this section, we evaluate whether CUWM accurately captures UI dynamics independent of any down-
stream agent, focusing on both textual state transitions and visual state realization.

4.2.1 TEXTUAL STATE TRANSITION EVALUATION

We evaluate the textual state transition model independently, as it provides the explicit representation of UI
dynamics used for visual realization and agent reasoning. We compare three variants: Base, an untrained
Qwen2.5-VL model; SFT, trained with supervised fine-tuning; and SFT+RL, the full CUWM model with
additional RL refinement. We evaluate textual transitions using two complementary metrics.

LLM-as-a-Judge Score. Predicted transitions are compared against GPT-5 generated ground-truth de-
scriptions derived from (st, st+1) using an LLM-as-a-Judge. The judge evaluates consistency across

Table 1: Textual state transition model evalu-
ation: LLM-as-a-Judge Score.

Model Base SFT SFT+RL
Judge Score ↑ 0.6027 0.6834 0.6883

multiple UI aspects (e.g., application state, executed actions,
and major UI components), assigning scores of 0, 0.5, or 1
per aspect. We use GPT-5 as the judge and report the average
score across aspects (See more details in Appendix A.3.1).
As shown in Table 1, scores improve from Base to SFT and
further to SFT+RL.

Action Consistency Score. To evaluate whether the generated textual transitions preserve decision-
relevant information, we introduce the Action Consistency Score(ACS). Focusing on a single-step pre-
diction setting, this metric measures the functional equivalence between the real UI and the generated
text. Specifically, we compute the agreement rate between actions selected by a frozen agent policy
when conditioned on two distinct inputs: (i) the ground-truth UI screenshot and (ii) the world model’s
predicted textual transition(see more details in Appendix A.3.2). We evaluate this metric using two

Table 2: Action consistency across agent back-
bones.

Model Agent Score
Base GPT-4.1-mini 0.4990
Base Gemini-2.0-Flash 0.3860
SFT GPT-4.1-mini 0.5450
SFT Gemini-2.0-Flash 0.4368
SFT+RL GPT-4.1-mini 0.5642
SFT+RL Gemini-2.0-Flash 0.4732

representative agent backbones, GPT-4.1-mini and Gemini-
2.0-Flash, to assess robustness across different multimodal
reasoning models. As shown in Table 2, the SFT+RL
variant achieves the highest action consistency across both
backbones. Crucially, this improvement in ACS translates
into tangible gains in downstream agent performance (as
detailed in Table 13), confirming that RL-driven refinement
effectively captures decision-critical UI structures neces-
sary for accurate planning.

6
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4.3 VISUAL STATE REALIZATION EVALUATION

The visual state realization model is a critical component of CUWM, as it translates predicted textual state
transitions into concrete UI screenshots that can be directly perceived by agents. We evaluate this model
using two complementary criteria: image-based quality metrics and text perception score, which together
assess visual fidelity and the correctness of rendered UI text. We study how different sources of textual
state transitions affect visual realization quality and compare our approach against the off-the-shelf Qwen-
Image-Edit-2509 model. Specifically, we consider four evaluation settings: (1) Action-Only + Qwen-Edit:
directly conditions Qwen-Image-Edit-2509 on the UI screenshot and action.

(2) Base-Text + Qwen-Edit: conditions Qwen-Image-Edit-2509 on textual state transitions generated
by the Base textual state transition model. (3) SFT-Text + Qwen-Edit: conditions Qwen-Image-Edit-
2509 on textual state transitions generated by the SFT textual state transition model. (4) SFT-Text +
Finetuned-Visual (CUWM): conditions a finetuned visual state realization model on SFT textual transi-
tions and corresponds to the full CUWM setting. Image-Based Metrics To evaluate the similarity be-
tween the generated and ground-truth next-state UI screenshots, we adopt standard image quality metrics,

Table 3: Visual state realization: image-based metrics.
Method PSNR SSIM LPIPS FID
Action-Only + Edit 11.09 0.49 0.48 136.14
Base-Text + Edit 12.45 0.53 0.39 32.21
SFT-Text + Edit 12.86 0.54 0.39 34.59
CUWM 14.91 0.67 0.21 20.48

including PSNR (Hore & Ziou, 2010),
SSIM (Wang et al., 2004), LPIPS (Zhang
et al., 2018), and FID (Heusel et al., 2018)
(details in Appendix A.3.3). As shown in
Table 3, incorporating textual state transitions
significantly improves visual fidelity compared to
directly conditioning on the previous screenshot
and action. Performance is further enhanced by fine-tuning the textual transition model, while jointly
fine-tuning both textual and visual components (CUWM) achieves the best results across all metrics,
demonstrating superior accuracy and perceptual faithfulness in next-state UI generation.

Text Perception Score Text perception is critical in CUWM, as UI applications rely heavily on textual con-
tent to convey semantics. We therefore evaluate the readability and semantic consistency of rendered UI text
across state transitions using an automated vision-based parser (Lu et al., 2024)(details in Appendix A.3.4).

Table 4: Visual state realization: text perception accuracy.
Text Perception ↑

Method Word Excel PPT Overall
Action-Only + Edit 0.314 0.269 0.339 0.307
Base-Text + Edit 0.621 0.614 0.542 0.597
SFT-Text + Edit 0.591 0.655 0.455 0.574
CUWM 0.742 0.707 0.689 0.716

Table 4 reports results across Word, Excel,
and PowerPoint. CUWM achieves the best
performance across all applications, indicat-
ing that jointly fine-tuning the textual state
predictor and the visual renderer substantially
improves text preservation during UI transi-
tions. As shown in Figure 5, the Text Per-
ception Score generally increases over train-
ing epochs.

4.4 WORLD-MODEL-GUIDED TEST-TIME ACTION SEARCH

In this section, we evaluate the impact of the proposed CUWM on agent performance. We follow the agent
design and test-time planning procedure described in Section 3.4, and use it as our evaluation protocol.

We evaluate CUWM through controlled comparisons across different world model configurations and agent
backbones. Specifically, we consider four agent backbones: Qwen3-VL-8B (Yang et al., 2025), GPT-4.1-
mini (OpenAI et al., 2024), GPT-4o (OpenAI et al., 2024), and Gemini-2.0-Flash (Team et al., 2025).

For each backbone, we examine variants without a world model (None), with the Textual State Transition
Model only, with the Visual State Realization Model only, as well as their combinations (CUWM) under
different integration strategies. In addition, we compare CUWM with two representative image-generation-

7
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Table 5: Agent task scores across different visual state realization models for different agents.

Agent None Text Qwen-Edit CUWM (ours) GPT-Image
Image Image+Text Image Image+Text Image Image+Text

Qwen3-VL-8B 0.3895 0.4102 0.4051 0.4120 0.4189 0.4137 0.4137 0.4080
GPT-4.1-mini 0.4361 0.4279 0.4196 0.4286 0.4418 0.4089 0.4189 0.4127
GPT-4o 0.4558 0.4625 0.4506 0.4668 0.4720 0.4624 0.4514 0.4587
Gemini-2.0-Flash 0.3923 0.4008 0.4053 0.3728 0.4073 0.3649 0.4004 0.3821

based world model baselines, Qwen-Image-Edit-2509 (Wu et al., 2025) and GPT-Image-1.5 (OpenAI, 2025).
Table 5 reports agent task completion rates under these settings. CUWM with image-only input improves
performance across all agent backbones, with gains of 4% for GPT-4o and 8% for Qwen3-VL-8B. These
results demonstrate the effectiveness of our proposed world model in enhancing GUI agent decision-making.
Compared with existing world models, our image-based methods consistently outperform both text-based
world models and image-generation baselines across all agents. Further details on the agent evaluation
methodology and calculations are provided in Appendix A.4.

Contrary to expectations, combining text and image predictions degraded agent performance across most
configurations. We hypothesize two potential explanations: (1) cross-modal conflict, where textual descrip-
tions contradict visually salient elements, forcing agents to decide between inconsistent signals without a
learned resolution strategy, and (2) noise accumulation, where independent prediction errors in each modal-
ity compound rather than complement each other when provided together. These findings highlight limita-
tions in current VLMs’ capacity for integrated, multimodal reasoning.

4.5 CASE STUDY

Click ‘Pictures’

Current state 

action

Next state Ground Truth state 

Current state Next state Ground Truth state 

action
Click ‘File Tab’

Type ‘New Content’

action

Current state Next state Ground Truth state 

Figure 3: Qualitative comparison of CUWM predictions
and ground truth under representative UI actions, showing
close alignment in both layout and panel states.

Case 1: Capturing Structurally Salient UI
Changes. Figure 3 shows cases where the pre-
dicted UI state closely matches the ground-
truth next state and faithfully reflects the un-
derlying changes. CUWM correctly captures
action-induced updates such as text entry, tab
switches (e.g., Pictures), and opening the File
view. By accurately modeling these struc-
tural transitions and rendering realistic next
screens, CUWM enables the agent to antic-
ipate the updated interaction context. Case
2: World-Model-Guided Test-Time Action
Search. Figure 4 illustrates how CUWM sup-
ports action selection by simulating the out-
comes of multiple candidates before execu-
tion. Given the task “Add password protec-
tion to the Excel workbook”, the agent pro-
poses several candidate actions (e.g., click-
ing “coordinate”, “Title”, or “Protect Work-
book”). Then CUWM correctly simulates the
subsequent states for each candidate respec-
tively, providing accurate visual evidence of their distinct outcomes. Guided by these predictions, the agent
identifies “Protect Workbook” as the optimal action consistent with the goal, effectively precluding live
trial-and-error.
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Agent

Current state 

CUWM

Add password protection to the Excel ...
Task

a3: click 
"Protect 
Workbook"

a1: click 
"coordinate"
a2: click 
 "Title "

…

…

‘Protect Workbook’

Next state 

Figure 4: World-model-guided action selection. Given the current Excel UI state and candidate actions,
CUWM correctly simulates the respective next states for each action, guiding the agent to select “Protect
Workbook” based on goal alignment.

4.6 INSIGHTS: HOW WORLD MODELS HELP GUI AGENTS

A dominant failure mode of VLM-based agents is their inability to anticipate the consequences of actions
(Shi et al., 2026), which often leads to ineffective or repetitive interactions. CUWM directly addresses this
by enabling agents to reason over predicted post-action UI states before execution. We find that world mod-
els are especially valuable for structural UI transitions, opening modals, expanding dropdowns, or activating
side panes, where changes are visually localized but fundamentally alter the interaction context and valid
subsequent actions. By explicitly predicting such transitions, CUWM provides actionable signals about in-
terface changes that VLMs frequently fail to infer from the current state alone. A notable insight is that
agent performance correlates more strongly with access to high-level structural information (e.g., “a drop-
down menu appeared”) than with pixel-level fidelity (e.g., “a precise icon rendered in the dropdown”). This
explains why CUWM-based agents outperform those using GPT-Image-1.5 (Table 5) despite lower visual
fidelity metrics (Table 3). Finally, world-model-based simulation mitigates a common planning failure: ac-
tion loops where agents repeatedly select actions that return the interface to its current state. By previewing
outcomes, agents can distinguish actions that advance toward the goal from those resulting in stagnation.

5 CONCLUSION

We introduced the Computer-Using World Model (CUWM), a two-stage world model for desktop produc-
tivity software that factorizes UI dynamics into textual transition prediction and visual state realization. This
design captures structurally salient UI changes while remaining compatible with pixel-level agent interac-
tion, and can be trained from offline UI transitions with lightweight refinement. Across a range of Mi-
crosoft Office tasks, CUWM serves as an effective test-time simulator for computer-using agents, enabling
world-model-guided action search that improves decision quality and execution robustness without modify-
ing agent policies. Importantly, these gains hold even in deterministic software environments, highlighting
the value of test-time simulation for reliable computer use. Several promising directions could be explored
in future work. One potential avenue is to incorporate reinforcement learning on top of DiT fine-tuning to
further align the world model with downstream decision-making objectives. Another direction is to design
reward functions that more directly reflect the usefulness of the world model for agent performance. Finally,
improving the joint training of textual and visual components may help better preserve decision-relevant
information during state transitions.
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Siddharth Gopal, Jarrod Kahn, Maciej Kula, Jeff Pitman, Rushin Shah, Emanuel Taropa, Majd Al Merey,
Martin Baeuml, Zhifeng Chen, Laurent El Shafey, Yujing Zhang, Olcan Sercinoglu, George Tucker, En-
rique Piqueras, Maxim Krikun, Iain Barr, Nikolay Savinov, Ivo Danihelka, Becca Roelofs, Anaı̈s White,
Anders Andreassen, Tamara von Glehn, Lakshman Yagati, Mehran Kazemi, Lucas Gonzalez, Misha

12

https://arxiv.org/abs/2303.08774
https://arxiv.org/abs/2402.03300
https://openreview.net/forum?id=S3U0m4Z3ZT


564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593
594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610

Under review as a conference paper at ICLR 2026

Khalman, Jakub Sygnowski, Alexandre Frechette, Charlotte Smith, Laura Culp, Lev Proleev, Yi Luan,
Xi Chen, James Lottes, Nathan Schucher, Federico Lebron, Alban Rrustemi, Natalie Clay, Phil Crone,
Tomas Kocisky, Jeffrey Zhao, Bartek Perz, Dian Yu, Heidi Howard, Adam Bloniarz, Jack W. Rae, Han
Lu, Laurent Sifre, Marcello Maggioni, Fred Alcober, Dan Garrette, Megan Barnes, Shantanu Thakoor, Ja-
cob Austin, Gabriel Barth-Maron, William Wong, Rishabh Joshi, Rahma Chaabouni, Deeni Fatiha, Arun
Ahuja, Gaurav Singh Tomar, Evan Senter, Martin Chadwick, Ilya Kornakov, Nithya Attaluri, Iñaki Itur-
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Sébastien Cevey, Zach Gleicher, Thi Avrahami, Anudhyan Boral, Hansa Srinivasan, Vittorio Selo, Rhys
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David Soergel, Adrian Goedeckemeyer, Willi Gierke, Mohsen Jafari, Meenu Gaba, Jeremy Wiesner,
Diana Gage Wright, Yawen Wei, Harsha Vashisht, Yana Kulizhskaya, Jay Hoover, Maigo Le, Lu Li,
Chimezie Iwuanyanwu, Lu Liu, Kevin Ramirez, Andrey Khorlin, Albert Cui, Tian LIN, Marcus Wu, Ri-
cardo Aguilar, Keith Pallo, Abhishek Chakladar, Ginger Perng, Elena Allica Abellan, Mingyang Zhang,
Ishita Dasgupta, Nate Kushman, Ivo Penchev, Alena Repina, Xihui Wu, Tom van der Weide, Priya Pon-
napalli, Caroline Kaplan, Jiri Simsa, Shuangfeng Li, Olivier Dousse, Fan Yang, Jeff Piper, Nathan Ie,
Rama Pasumarthi, Nathan Lintz, Anitha Vijayakumar, Daniel Andor, Pedro Valenzuela, Minnie Lui, Cos-
min Paduraru, Daiyi Peng, Katherine Lee, Shuyuan Zhang, Somer Greene, Duc Dung Nguyen, Paula
Kurylowicz, Cassidy Hardin, Lucas Dixon, Lili Janzer, Kiam Choo, Ziqiang Feng, Biao Zhang, Achintya
Singhal, Dayou Du, Dan McKinnon, Natasha Antropova, Tolga Bolukbasi, Orgad Keller, David Reid,
Daniel Finchelstein, Maria Abi Raad, Remi Crocker, Peter Hawkins, Robert Dadashi, Colin Gaffney,
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A APPENDIX

A.1 DATASET SUMMARIZATION

Our dataset is constructed based on GUI-360 (Mu et al., 2025). From this dataset, we sampled and processed
task trajectories across three widely used Office applications: Word, Excel, and PowerPoint. GUI-360
provides frame-by-frame screenshots for each trajectory together with rich additional metadata, including
the corresponding action commands at each step and task completion signals.

During data preprocessing, we paired each current UI screenshot with the executed action and the subsequent
UI screenshot, forming a tuple (st, at, st+1) as one sample. We select successful trajectories from the
original dataset and uniformly sample from those with continuous trajectories and complete, standardized
action annotations. In total, we collected 2,876 samples for training and 339 samples for evaluation, serving
as an initial dataset that can be readily scaled up in future work. To facilitate efficient and stable training,
we standardized image resolutions and removed samples where the pre- and post-action images remained
unchanged, the action was invalid, or the data contained excessive noise. We organize the dataset into
training, validation, and test splits, and report the number of samples for each split in Table 6.

Table 6: Number of samples in the CUWM dataset for each data split and application.

Data Split Word Excel PowerPoint

Training 797 997 1082
Validation 40 31 27
Test 119 96 124

Total 956 1124 1233

A.2 TRAINING DETAILS

A.2.1 OVERVIEW OF THE TRAINING PIPELINE

Our Computer-Using World Model (CUWM) factorizes UI dynamics into two stages: (i) a textual state
transition model that predicts a concise transition description ∆t from the current UI screenshot and action
(st, at), and (ii) a visual state realization model that synthesizes the next UI screenshot ŝt+1 conditioned
on the current UI and the predicted transition (st,∆t). We train these two stages in a staged manner: (1)
supervised initialization (SFT) for both Stage 1 and Stage 2, subsequently applying (2) reinforcement
learning refinement (GRPO) to Stage 1 only.

A.2.2 STAGE 1: QWEN2.5-VL SUPERVISED TRAINING (TEXTUAL TRANSITIONS)

In this stage, we use Qwen2.5-VL as a vision-language model to map (st, at) to a textual transition descrip-
tion ∆t. The model receives the current UI screenshot st and a natural-language action at as input, and is
trained to generate ∆GT

t . We optimize a standard autoregressive cross-entropy loss on the target transition
text: LSFT = − log p(∆GT

t | st, at). We fine-tune the model using LoRA, all Stage 1 hyperparameters are
summarized in Table 7.
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Table 7: Stage 1 (Qwen2.5-VL) SFT hyperparameters.

Category Setting

Model Qwen2.5-VL-7B-Instruct
Train type LoRA
Target modules all-linear
LoRA rank 32
LoRA alpha 32
Precision bfloat16
Learning rate 1e-4
Warmup ratio 0.05
Weight decay 0
Batch size 4
Grad accumulation 4

Table 8: Stage 2 (Qwen-Image-Edit) SFT hyperparameters.

Category Setting

Model Qwen-Image-Edit-2509
Training type LoRA
LoRA base DiT
Target modules to q, to k, to v, add q proj, add k proj,

add v proj, to out.0, to add out, img mlp.net.2,
img mod.1, txt mlp.net.2, txt mod.1

LoRA rank 32
LoRA alpha 32
Precision 16-mixed
Learning rate 1e-4
Warmup ratio 0
Weight decay 0.01
Batch size 1
Grad accumulation 1
Max pixels 1,048,576
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Table 9: Stage 1 GRPO hyperparameters.

Category Setting

Model SFT-Qwen2.5-VL
Algorithm GRPO
Train type LoRA
Target modules all-linear
Exclude modules .*visual.*
KL loss enabled (coef=0.01)
LoRA rank 64
LoRA alpha 32
Precision bfloat16
Learning rate 3e-6
Warmup ratio 0
Weight decay 0.01
Train batch size 32
Rollout n 5
ppo mini batch size 32
ppo micro batch size per gpu 8

Length Penalty Weight (β) 1
Min Length Ratio (rlow) 0.75
Max Length Ratio (rup) 1.25
Max Penalty Score (m) 1.0

A.2.3 STAGE 2: QWEN-IMAGE-EDIT SUPERVISED TRAINING (VISUAL REALIZATION)

In this stage, we use Qwen-Image-Edit as a conditional image editing model to generate the next UI
screenshot. The model is conditioned on the current UI screenshot and the predicted textual transition:
ŝt+1 = fimage(st,∆t). We fine-tune the model with a pixel-wise reconstruction objective using the mean
squared error (MSE) loss: LEDIT = ∥ŝt+1−st+1∥22, where st+1 denotes the ground-truth next-state screen-
shot. We apply LoRA fine-tuning only to the DiT backbone of Qwen-Image-Edit, all Stage 2 hyperparame-
ters are summarized in Table 8.

A.2.4 STAGE 1 RL REFINEMENT: QWEN2.5-VL + GRPO

Although SFT provides a faithful initialization, it does not guarantee that the generated textual transition ∆t

consistently captures the most decision-critical UI structures. To address this, we further refine the Stage 1
model using Group Relative Policy Optimization (GRPO), treating the VLM as a policy πθ that generates
∆t conditioned on (st, at).

During training, for each input tuple (st, at), we sample a group of K = 5 candidate descriptions {∆(k)
t }Kk=1

from the current policy using a temperature of 1.0 and top-p of 1.0. GRPO optimizes the relative preference
among these K samples without requiring a separate value network (critic), which ensures stability for text
generation tasks involving structured metrics.

Reward Formulation. The optimization objective is driven by a composite scalar reward function. For a
sampled description ∆t, the total reward is defined as:

R(st, at,∆t) = Rjudge(∆t,∆
GT
t )− β ·Rlen(∆t,∆

GT
t ), (1)
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where:

• Rjudge is the semantic consistency score assigned by the LLM-as-a-Judge (as detailed in Sec-
tion A.3.1);

• Rlen is a soft length penalty designed to discourage verbosity;

• β is a hyperparameter controlling the strength of the length regularization.

Soft Length Penalty (Rlen). To prevent the model from generating hallucinations through excessive ver-
bosity or missing details due to brevity, we impose a dynamic length penalty. Let Lpred denote the token
count of the predicted description and Lgt denote the token count of the ground truth. We define a valid
length interval [lmin, lmax] relative to the ground truth:

lmin = max(1, ⌊rlow · Lgt⌋) , lmax = max(lmin + 1, ⌊rup · Lgt⌋) , (2)

where rlow and rup are scaling factors defining the acceptable range. The penalty term Rlen increases linearly
with the deviation from this interval, capped by a maximum penalty m:

Rlen =


0, lmin ≤ Lpred ≤ lmax,

m ·min
(
1,

lmin−Lpred

lmin

)
, Lpred < lmin,

m ·min
(
1,

Lpred−lmax

lmax

)
, Lpred > lmax.

(3)

This formulation encourages concise yet structurally complete transition descriptions. Detailed hyperparam-
eters for GRPO training are summarized in Table 9.

Figure 5: Training curve over epochs for Text Perception Score (↑).

A.2.5 TRAINING CURVES AND ANALYSIS

Given the inherent stochasticity of diffusion model training, simple loss functions (e.g., MSE) are often
insufficient proxies for generation quality. Therefore, we monitor the training progress using the compre-
hensive set of image-based metrics and the text perception score defined in Section A.3. Figure 5 and
Figure 6 illustrate the training dynamics across epochs.
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As shown in Figure 6, we observe consistent improvements in visual fidelity: PSNR and SSIM exhibit an
upward trend, while LPIPS and FID steadily decrease. This trajectory indicates that the model progres-
sively enhances pixel-level accuracy, structural alignment, and perceptual realism. Aligned with these visual
gains, Figure 5 demonstrates that the Text Perception Score increases steadily across all applications. This
confirms that improvements in general image quality effectively translate into more accurate rendering of
legible UI text and application-specific patterns. Furthermore, a distinct performance gap emerges across
domains: Word consistently achieves the highest scores, followed by Excel, with PowerPoint proving the
most challenging. This stratification likely reflects the varying degrees of UI layout complexity and text
density inherent to each application.

Figure 6: Training curves over epochs for image-level fidelity metrics.

A.3 EVALUATION

A.3.1 LLM-AS-A-JUDGE SCORE

Standard pixel-level similarity metrics often fail to capture the semantic nuances of what actually changed in
the UI following an action (e.g., updates to the active tab, auxiliary panes, or document content). To address
this, we employ an LLM-as-a-Judge protocol designed to quantify the semantic consistency between the
model’s predicted textual description and a reference description.

For each transition, we compare the model-predicted description ŷ against a ground-truth description y. We
utilize GPT-5 to generate y from the paired screenshots (st, st+1), establishing it as the single source of truth.
Given the pair (ŷ, y), the judge (GPT-5) is prompted to output a structured JSON containing discrete scores
and rationales for specific UI aspects. The complete evaluation prompt is provided in Appendix A.5.3.

Table 10: LLM-as-a-Judge evaluation aspects and their weights.

Key UI aspect Weight wa

app name Application name 0.8
user action Executed user action 1.4
title bar Title bar state (e.g., document name) 1.0
ribbon Ribbon / toolbar state (e.g., active tab) 1.1
main editing area Main editing area / canvas (core content changes) 1.5
sidebar pane Sidebar / pane state (e.g., open/closed, content) 0.8
navigation area Navigation area (e.g., thumbnails/outline) 0.6
status bar Status bar (e.g., page, zoom, mode) 0.8
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Per-aspect discrete scoring. Let A denote the set of UI aspects (e.g., user action,
main editing area) as listed in Table 10, and let a ∈ A represent a specific aspect. For a
generated description ŷ and the ground truth y, the aspect-specific score sa(ŷ, y) is determined as:

sa(ŷ, y) =


1, if ŷ aligns with y on key elements with high fidelity;
0.5, if ŷ is partially correct but has notable omissions;
0, if ŷ contradicts y or introduces hallucinations.

(4)

The judge is explicitly instructed to prioritize content fidelity over stylistic variations. Omissions of sub-
areas not mentioned in the reference are treated neutrally, whereas asserting incorrect changes results in a
penalty (score 0).

Aspect weights and final score. To reflect the hierarchical importance of different UI components in
downstream reasoning, we compute a weighted average of the aspect scores:

JudgeScore(ŷ, y) =

∑
a∈A wa sa(ŷ, y)∑

a∈A wa
. (5)

As detailed in Table 10, this weighting scheme places higher emphasis on the main editing area and
user action, as these are critical for task progression, while still accounting for the global UI context
(e.g., ribbon and title bar).We apply this metric to evaluate performance across different training stages
(Base, SFT, SFT+RL), with results summarized in Table 1.

A.3.2 ACTION CONSISTENCY SCORE

{
"function": "select_text",
"args": { "text": "artificial intelligence (AI)" },
"status": "CONTINUE"

},
{
"function": "click",
"args": {

"coordinate": null,
"button": "left",
"control_info": {
"control_type": "Button",
"control_text": "Text Highlight Color Yellow"

}
},
"status": "FINISH"

}
]

Figure 7: Example action format. Two candidate actions illustrating the structured JSON specification used
by agents. The first action selects text, while the second clicks a UI control identified by its accessibility
label.
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A faithful textual state transition model must preserve decision-relevant information from the user interface.
To quantify this, we introduce the Action Consistency Score (ACS), which measures the functional equiv-
alence between the generated textual state and the ground-truth visual state. The core intuition is that an
agent acting solely on the world model’s textual prediction should arrive at the same decision as an agent
observing the actual screenshot.

Evaluation Protocol. Formally, each evaluation instance consists of a tuple (I,Dgt, A, T ), where I is the
ground-truth current screenshot, Dgt is the ground-truth textual description derived from I , A represents
accessibility metadata (e.g., control labels, application name), and T is the user instruction. Given a world
model, we generate a predicted textual transition Dwm for the next state. We employ a frozen agent policy π
to predict the next action under two distinct conditions:

agt = π
(
I, Dgt, A, T ), (6)

awm = π
(
∅, Dwm, A, T ), (7)

Here, agt serves as the oracle action derived from the full visual context I , whereas awm is the predicted
action derived exclusively from the world model’s textual output Dwm without visual access.

Scoring Formulation. To compute consistency, we first verify that the agent’s output adheres to a structured
JSON specification. Specifically, each action a is parsed into three key components: (1) a function field
denoting the action type (e.g., click, select text); (2) an args dictionary containing parameters such
as target coordinates, control identifiers, or text content; and (3) a status field (CONTINUE or FINISH)
indicating task progression. (see Figure 7 for an example))

Based on this structure, we define three atomic matching criteria as detailed in Table 11: Function Match,
Status Match, and Args Match (which incorporates spatial tolerance and label matching). The instance-
level consistency score is computed as a weighted sum, prioritizing the correctness of action arguments:

s(awm, agt) = 0.25 · 1FUNC + 0.25 · 1STATUS + 0.50 · 1ARGS (8)
If the agent fails to produce a valid action in either condition, we assign s = 0. The final Action Consistency
Score is the average score over the entire evaluation dataset D:

ACS =
1

|D|
∑

(I,Dgt,A,T )∈D

s(awm, agt) . (9)

Interpretation. A high ACS indicates that the textual transition Dwm successfully retains critical UI
cues—such as active tabs, control states, or content updates—necessary for accurate decision-making. Con-
versely, a low ACS implies that the textual abstraction has lost or distorted information vital for the agent’s
policy, leading to divergent behavior compared to the visual oracle.

A.3.3 VISUAL STATE REALIZATION EVALUATION

We assess the fidelity of CUWM-generated next-state UI screenshots using four standard image-quality
metrics: PSNR, SSIM, LPIPS, and FID.

PSNR (↑). Peak Signal-to-Noise Ratio measures pixel-wise reconstruction quality based on mean squared
error (MSE). Given a generated image Î and the ground-truth image I of size H ×W (with C channels), the
MSE is

MSE(Î, I) =
1

HWC

H∑
h=1

W∑
w=1

C∑
c=1

(
Îh,w,c − Ih,w,c

)2
, (10)

and PSNR is

PSNR(Î, I) = 10 log10

(
MAX2

MSE(Î, I)

)
, (11)
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Table 11: Scoring metrics for action evaluation. Each metric evaluates a specific aspect of action correct-
ness. The Overall Match criterion implies all component metrics are satisfied.

Metric Description

Function Match Evaluates whether the predicted action type (e.g., click, type, drag,
select text) exactly matches the ground-truth action type.

Status Match Evaluates whether the predicted task status (CONTINUE or FINISH) matches the
ground-truth status, indicating correct anticipation of task completion.

Args Match Evaluates whether the action arguments align with the ground truth. For coordinate-
based actions, we allow a spatial tolerance of ±25 pixels or require the point to fall
within the target’s bounding box. For label-based actions, exact string matching is
required. Additional arguments (e.g., button, keys) must match exactly.

Overall Match A strict criterion requiring all three components (Function Match, Status Match, and
Args Match) to be satisfied simultaneously.

where MAX is the maximum possible pixel value (e.g., 255 for 8-bit images or 1 for normalized images).

SSIM (↑). The Structural Similarity Index evaluates perceptual similarity by comparing luminance, contrast,
and structure. For local windows (patches) from Î and I, SSIM is defined as

SSIM(Î, I) =
(2µÎµI + c1)(2σÎI + c2)

(µ2
Î
+ µ2

I + c1)(σ2
Î
+ σ2

I + c2)
, (12)

where µÎ , µI are local means, σ2
Î
, σ2

I are local variances, σÎI is the local covariance, and c1, c2 are small
constants for numerical stability. We report SSIM averaged over windows (and channels if applicable).

LPIPS (↓). Learned Perceptual Image Patch Similarity measures perceptual distance in deep feature space.
Let ϕl(·) denote the feature map from layer l of a pretrained network, normalized channel-wise as ϕ̂l, and
let wl be learned per-channel weights. LPIPS is computed as

LPIPS(Î, I) =
∑
l

1

HlWl

∑
h,w

∥∥∥wl ⊙
(
ϕ̂l(Î)h,w − ϕ̂l(I)h,w

)∥∥∥2
2
, (13)

where Hl,Wl are the spatial dimensions of layer l, and ⊙ denotes element-wise multiplication.

FID (↓). Fréchet Inception Distance measures distribution-level discrepancy between generated and real
images in the Inception feature space. Let {xi} and {x̂j} be Inception features for real and generated
images, with empirical means and covariances (µr,Σr) and (µg,Σg), respectively. FID is

FID = ∥µr − µg∥22 +Tr
(
Σr +Σg − 2 (ΣrΣg)

1
2

)
. (14)

A.3.4 TEXT PERCEPTION SCORE

To evaluate whether a generated next-frame UI screenshot faithfully renders text content (e.g., document
text and UI labels), we compute a task-oriented Text Perception Score using OMNIPARSER as a screen-
text extractor. Given an image, OMNIPARSER returns a list of parsed elements; we keep only items with
type = text and collect their textual content as a multiset of strings. We apply light normalization
(lowercasing, removing duplicates, and filtering short/noisy strings) and denote the resulting text sets from
the prediction and the ground truth as P = {pi}|P|

i=1 and G = {gj}|G|j=1, respectively.
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Embedding similarity. We embed each text string with a sentence encoder ϕ(·) and use cosine similarity:

sij = cos
(
ϕ(pi), ϕ(gj)

)
, pi ∈ P, gj ∈ G. (15)

Symmetric max-match. We measure how well each side can be explained by the other via maximum
matching in the embedding space. For the prediction-to-GT direction:

MP→G =
1

|P|

|P|∑
i=1

max
j

sij , (16)

and for the GT-to-prediction direction:

MG→P =
1

|G|

|G|∑
j=1

max
i

sij . (17)

The final Text Rendering Score is the symmetric average:

TRS(P,G) =
1

2

(
MP→G +MG→P

)
. (18)

Interpretation. MP→G penalizes hallucinated or irrelevant text in the prediction that cannot find a close
match in the ground truth, while MG→P penalizes missing or incorrectly rendered text from the ground
truth that cannot be recovered from the prediction. Thus, the symmetric formulation rewards both pre-
cision (avoiding spurious text) and recall (preserving all important text). If either side is empty, we define
TRS(∅, ∅) = 1 and TRS(P, ∅) = TRS(∅,G) = 0. We report the dataset-level score by averaging TRS over
all evaluation samples, and optionally report per-application scores (Word/Excel/PowerPoint) by averaging
within each subset.

A.4 SUPPLEMENTARY AGENT EVALUATION RESULTS

A.4.1 AGENT EVALUATION PROTOCOL

We evaluate agent performance using a structured protocol designed to isolate the contribution of the world
model from the agent policy. During evaluation, each VLM backbone agent (listed in Table 5) receives
the current UI screenshot along with a task instruction. The agent is prompted to generate five diverse
candidate actions matching the structured JSON format illustrated in Figure 7, using the prompt provided
in Appendix A.5. For each candidate action, we pass the task instruction, the action details, and the current
screenshot to the CUWM textual transition model, which generates a textual description of the predicted
UI changes. This textual transition is then fed into an image-based world model, either the CUWM visual
realization model, the base Qwen-Image-Edit, or GPT-Image-1.5, to render the predicted next-state. Finally,
the agent selects the action whose predicted outcome best aligns with the task goal.

Table 12: Agent task completion rates with VLM-specific failures removed to isolate world model con-
tribution. No GT indicates samples where the ground-truth action was absent from the VLM’s candidate
proposals. Bold indicates best performance per agent

Agent No GT None Text Qwen-Edit CUWM (ours) GPT-Image
Image Image+Text Image Image+Text Image Image+Text

Qwen3-VL-8B 159 0.7336 0.7725 0.7629 0.7759 0.7889 0.7791 0.7791 0.7684
GPT-4.1-mini 115 0.6600 0.6476 0.6350 0.6486 0.6686 0.6188 0.6340 0.6246
GPT-4o 127 0.7288 0.7396 0.7205 0.7464 0.7548 0.7394 0.7218 0.7335
Gemini-2.0-Flash 135 0.6519 0.6660 0.6735 0.6195 0.6768 0.6064 0.6654 0.6350
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A.4.2 SCORING METHODOLOGY

For each test sample, we compare the agent-selected action against the ground-truth action from the GUI-
360 dataset using four metrics: Function Match, Status Match, Args Match, and Overall Match, summarized
in Table 11. The Overall Match criterion requires that all three preceding metrics agree with the ground
truth. The final agent task score is computed as the proportion of Overall Matches across all 339 evaluation
samples as described in Section 3.4.

A.4.3 GROUND-TRUTH ACTION COVERAGE

It is important to note that not all candidate action sets generated by the agent include the ground-truth action.
We observe that approximately 35% of evaluation samples fall into this category, though this proportion
varies by VLM backbone, each agent independently fails to propose the ground-truth action on different
subsets of samples. While this limitation is unrelated to the CUWM framework and reflects inherent agent
proposal quality, we retain these samples in the evaluation to provide a faithful measure of end-to-end agent
performance. Table 12 separately reports results excluding these samples, evaluating only cases where the
ground-truth action appeared in the candidate set.

A.4.4 EFFECTIVENESS OF RL REFINEMENT ON AGENT TASK SCORE

Table 13 presents the downstream task accuracy averaged over 100 randomly selected samples. Consistent
with the Action Consistency Score (ACS) analysis in Section 4.2.1, the RL-refined CUWM consistently
outperforms the SFT baseline across both GPT-4.1-mini and Gemini-2.0-Flash agents. Specifically, the RL
variant achieves higher accuracy on CUWM-generated images (0.4317 and 0.4700, respectively), surpassing
the SFT variant. This validates our hypothesis that the improved semantic preservation achieved via GRPO
(indicated by higher ACS) directly translates into higher-fidelity visual realizations that effectively guide
agent decision-making.

Table 13: Agent performance across input modalities. We report accuracy scores averaged over the last 6
runs with standard deviations where available. Bold indicates best performance per agent. This was tested
on 100 randomly selected samples.

Model Method Text Base Image CUWM Image

GPT-4.1-mini RL 0.4467 ± 0.0075 0.4167 ± 0.0149 0.4317 ± 0.0107

SFT 0.4483 ± 0.0121 0.4250 ± 0.0126 0.4283 ± 0.0069

Gemini-2.0-Flash RL 0.4433 ± 0.0047 0.4584 ± 0.0075 0.4700 ± 0.0100

SFT 0.4410 ± 0.0068 0.4452 ± 0.0085 0.4561 ± 0.0094

A.5 PROMPTS

Agent Evaluation - Action Option Generation Prompt

You are an expert in Office Application automation and graphical user
interfaces with accessibility support.

You will be provided with the following inputs:

1. **Current screenshot**: An image of the current state of an Office
Application.
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2. **Annotated current screenshot**: The same screenshot annotated with
numeric markers corresponding to accessibility elements.2. **Annotated
current screenshot**: The same screenshot annotated with numeric markers
corresponding to accessibility elements.

3. **Accessibility (a11y) information**: This includes a list of control
element labels and the textual name of the currently active Office
Application.

4. **Task instruction**: A description of the action or goal to be
completed.

5. **Supported actions**: A list of all actions that can be performed in
this environment.

The annotated screenshot contains numbers that correspond directly to
entries in the accessibility information. Each number identifies a
specific UI control element, allowing you to reliably locate and
reference interface components.

The accessibility information contains control labels that correspond to UI
control elements in the current screenshot, allowing you to locate and

reference specific interface components.

Your objective is to generate multiple diverse and plausible next actions
that could be taken to accomplish the given task instruction, based on
the current screenshot of the Office Application, the annotated current
screenshot, and the available accessibility information. The desired
number of options will be specified in the user instructions or input.

Use all the provided information-including the current screenshot,
annotated screenshot, accessibility data, task instruction, and
supported actions-to reason about the next appropriate actions
accurately.

**IMPORTANT: When possible, prioritize using control_label over coordinate
for actions. Control labels refer to unique identifiers provided by the
accessibility (a11y) system for UI elements (such as buttons, text
fields, or menu items). These identifiers are more reliable and
accessible than raw screen coordinates, which may vary across layouts,
resolutions, or UI states.**

For each candidate action, explain your reasoning process-describe how you
analyze the current screenshot and the annotated screenshot, interpret
the accessibility information, understand the current UI state, and
determine what action could be taken next to move toward completing the
task instruction.

Then, output the next actions in JSON format as a JSON array. Each element
of the array must be an object with the keys "thoughts" and "tool_call".
Both fields MUST be present in every element.

Please think very hard and carefully about the current state and the task
instruction before making a decision, and output your reasoning in each
element’s "thoughts" field as detailed as possible, including:

- Your analysis of the current screenshot and annotated screenshot
- Your interpretation of the accessibility information
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- How you identified the target control using control labels or visual
elements

- The reason for your tool call and argument selection
- Your assessment of task progress based on the current state

The "tool_call" field in each element should contain:
- "function": str, The function/action type to execute
- "args": Dict, The arguments/parameters for the function
- "status": str, The status after performing this action (either "CONTINUE"

or "FINISH")

For click operations, prioritize control_label over coordinate:
‘‘‘json
{
"thoughts": "The screenshot shows an Excel spreadsheet. From the

accessibility information, there is a Save button with control_label
=15. Using the control_label provides a more reliable interaction than
estimating screen coordinates.",

"tool_call": {
"function": "click",
"args": {"control_label": 15, "coordinate": null, "button": "left"},
"status": "CONTINUE"

}
}
‘‘‘‘

If control_label is not available, fall back to coordinate:

‘‘‘json
{
"thoughts": "The target UI element does not have a corresponding

control_label in the accessibility information. Based on the visual
analysis of the annotated screenshot, I estimate the appropriate
screen coordinates to interact with it.",

"tool_call": {
"function": "click",
"args": {"control_label": null, "coordinate": [150, 30], "button": "

left"},
"status": "CONTINUE"

}
}
‘‘‘

For type operations, prioritize control_label over coordinate:

‘‘‘json
{
"thoughts": "The accessibility information indicates a text input field

with control_label=8. Typing via the control_label ensures the correct
field is targeted.",

"tool_call": {
"function": "type",
"args": {"control_label": 8, "coordinate": null, "keys": "Hello World",

"clear_current_text": true},
"status": "CONTINUE"
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}
}
‘‘‘

For drag operations, coordinates are required:

‘‘‘json
{
"thoughts": "This task requires dragging an element from one location to

another. Drag actions require explicit start and end coordinates to
describe the spatial movement.",

"tool_call": {
"function": "drag",
"args": {"start_coordinate": [100, 100], "end_coordinate": [200, 200],

"button": "left"},
"status": "CONTINUE"

}
}
‘‘‘

If you think the task is finished, output status as "FINISH":

‘‘‘json
{
"thoughts": "Based on the current state of the Office Application and the

task instruction, no further actions are required.",
"tool_call": {
"function": "",
"args": {},
"status": "FINISH"

}
}
‘‘‘

Only **ONE** action should be taken per option. You may output multiple
options (as requested by num_options), but each option must correspond
to exactly one action. If the task instruction could apply to multiple
elements, choose the most relevant one for each option based on the
current screenshot and accessibility information, and ensure the options
are diverse.

Your response MUST be a valid JSON array with no additional text outside
the JSON structure.

Task instruction:
{instruction}

Accessibility Information:
{a11y}

Supported actions:
{actions}

The current screenshot and the annotated current screenshot are provided as
images.
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Please analyze the current state using both visual information and
accessibility data to generate {num_options} diverse and plausible next
actions that could be taken to move toward completing the task
instruction.

Please provide your reasoning and the next actions below in JSON array
format without any additional text.

A.5.1 AGENT EVALUATION - ACTION SELECTION PROMPT

You are an AI assistant tasked with selecting the best next action in an
Office application (e.g., Microsoft Word, Excel, or PowerPoint) based on
a GUI screenshot and several candidate action outcomes.

The task instruction is:
[Instruction]

The current screenshot is: See the image below.

[Current State Screenshot]

You are given a list of action options, each with:
- action: the structured action command to be executed
- predicted_state_image: a visual prediction (mockup) showing the expected

GUI state after executing the action

The ‘predicted_state‘ fields are simulations. Use them as references, but
**ignore diffusion artifacts** (e.g., garbled text, noisy details). If a
prediction is unreliable or inconsistent with the task, you may ignore

it.

### Analysis Instructions:
1. **Analyze Every Option:** specific ‘predicted_state‘ simulations (images

/text) are provided for every action. You must look at all of them first
.

2. **When to use the World Model:**
- **Uncertainty:** Use the predicted image when you are uncertain based

purely on the action name or your internal knowledge.
- **Discovery:** Use the predicted image if it clearly shows a better

way of advancing the goal that you didn’t initially think of.
- **Efficiency:** Use the predicted image if it shows a way to skip

intermediary steps and advance to the goal faster.
3. **Decide:** Combine your internal knowledge with these visual signals to

pick the single best action.

Please return your final answer as a JSON object with the following format:
{
"action_idx": <index of selected action>,
"thought": "<brief explanation of why this action was selected>"

}
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Do NOT include anything else outside the JSON object.
Here are the candidate action options:

Action Option 1:
- Action:
- Predicted State Image: see below.
[Predicted Image 1]

Action Option 2:
- Action:
- Predicted State Image: see below.
[Predicted Image 2]

Action Option 3:
- Action:
- Predicted State Image: see below.
[Predicted Image 3]

Action Option 4:
- Action:
- Predicted State Image: see below.
[Predicted Image 4]

Action Option 5:
- Action:
- Predicted State Image: see below.
[Predicted Image 5]

Now, analyze all options and return only the selected ’action_idx’ and a
short ’thought’ in JSON format. ’action_idx’ MUST be an integer between
1 and 5 (inclusive). Do NOT output any text outside the JSON object.

A.5.2 TEXTUAL STATE TRANSITION PROMPT

Your task is to predict and describe the likely appearance of the Next UI
Screenshot, with a strong emphasis on how the UI would change compared
to the current state, and where these changes would be located within
the interface.

You are acting as a World Model assistant for Office applications such as {
app_name}. Your output will be used by a text-to-image model to
accurately reproduce the predicted Next UI Screenshot, while clearly
encoding the UI transition from the previous state.

You are provided with:
- A screenshot of the current Office UI, which defines the baseline state
- A structured user action, provided for contextual grounding
- A function-level description of the GUI action and its arguments,

provided for semantic reference

Important:
- The Next UI Screenshot is not available; you must generate a plausible

prediction of what it would look like.
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- Use the current screenshot to understand the baseline state.
- The user action and GUI description provide reference context for what

changes are expected.
- Do not speculate beyond what would reasonably follow from the current UI

and action.

---

Reference Information:

Current UI Screenshot:
{image}

Action:
{action}

GUI Action Description:
{gui_description}

---

In your response, follow this structure:

1. Start by stating which Office application this is (e.g., "This is
Microsoft PowerPoint.").

2. Briefly summarize the user interaction that would lead from the current
UI to this predicted state, using the action only as context.

3. Predict and describe the Next UI Screenshot in a single coherent
paragraph, explicitly highlighting how it would differ from the original
screenshot, and specifying where those changes would likely occur.

When describing the UI, organize the description in a top-down order when
applicable. Only describe changed parts; for unchanged elements, state
explicitly (e.g., "Ribbon unchanged"):

- Title Bar (document name, window state, changes if any)
- Ribbon (active tab, visible groups, detailed controls and icons)
- Main Editing Area / Canvas (content, layout, selection state, unchanged

or changed elements; emphasize position and alignment, e.g., center-
aligned)

- Sidebar / Pane (opened, closed, or updated panels)
- Navigation Area (slide thumbnails, focus changes)
- Status Bar (zoom level, mode indicators)
- Dropdown / Popout (anchored to a specific control or cursor location,

with its relative position and size explicitly described)

Explicitly indicate predicted changes and their locations using clear
language, such as:

- "In the Ribbon, the ’Insert’ tab is expected to become active..."
- "In the Main Editing Area, the text will likely change to ’Quarterly

Report’..."
- "A new panel labeled ’Design Ideas’ is likely to appear on the right

sidebar..."
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All visible text in the UI should be enclosed in double quotes (e.g., "Home
", "File", "New Slide").

Ensure that your description:
- Clearly encodes the transition from the current UI to the next UI state
- Specifies where changes are likely to occur in the UI
- Uses terminology and layout conventions consistent with {app_name}

Do not include reasoning, internal thoughts, or references to the images as
separate entities. Do not answer in bullet points.

Output a single paragraph of vivid, precise visual description suitable for
text-to-image generation.

A.5.3 TEXTUAL STATE TRANSITION EVALUATION - LLM-AS-A-JUDGE PROMPT

You are an impartial LLM-as-a-Judge. Your task is to grade a model
prediction (PRED) against the ground truth (GT) for describing the ‘‘
Next UI Screenshot’’ of an Office application (e.g., Microsoft Word).

You MUST evaluate the following aspects independently:
1) App name
2) User action
3) Next-frame prediction:

3.1) Title Bar
3.2) Ribbon
3.3) Main Editing Area / Canvas
3.4) Sidebar / Pane
3.5) Navigation Area
3.6) Status Bar

Scoring rule for EACH aspect (use ONLY these values):
- 0 = completely incorrect / contradicts GT / missing when GT contains it
- 0.5 = partially correct: some key elements match, but has notable

omissions or inaccuracies
- 1 = fully correct: matches GT on the key elements with no meaningful

errors

Critical evaluation guidelines:
- Use GT as the single source of truth.
- Judge content fidelity, not writing quality.
- Be strict about factual UI elements (active tab name, document title,

zoom %, panes open/closed, specific text edits).
- Penalize hallucinations: if PRED adds UI changes or elements not

supported by GT, deduct in the relevant aspect(s).
- If GT does NOT mention a sub-area (e.g., Navigation Area), then:
- If PRED also does not mention it -> score 1 (no contradiction).
- If PRED claims a specific change/state that GT does not support ->

score 0.5 or 0 depending on how strong/incorrect it is.
- When scoring 0.5 vs 1, treat the following as ‘‘key elements’’:
- Title Bar: document name, saved/unsaved indicator, window state if

mentioned
- Ribbon: active tab, visible groups, important controls/menus if

mentioned
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- Dropdown / Popout: presence, anchor, relative position, size, and
visible content

- Main Editing Area: the actual document text changes, formatting (bold/
center-aligned), cursor/selection state, layout

- Sidebar/Pane: which pane is open, its content list/state
- Navigation Area: thumbnails/outline focus changes if present
- Status Bar: page number, zoom, mode toggles (Track Changes, etc.)

Output format requirements:
- Output ONLY valid JSON.
- No markdown, no extra text.
- Include per-aspect scores.

Return JSON with exactly this structure:
{{
"scores": {{
"app_name": <0|0.5|1>,
"user_action": <0|0.5|1>,
"title_bar": <0|0.5|1>,
"ribbon": <0|0.5|1>,
"main_editing_area": <0|0.5|1>,
"sidebar_pane": <0|0.5|1>,
"navigation_area": <0|0.5|1>,
"status_bar": <0|0.5|1>

}},
"notes": {{
"app_name": "<one short sentence rationale>",
"user_action": "<one short sentence rationale>",
"title_bar": "<one short sentence rationale>",
"ribbon": "<one short sentence rationale>",
"main_editing_area": "<one short sentence rationale>",
"sidebar_pane": "<one short sentence rationale>",
"navigation_area": "<one short sentence rationale>",
"status_bar": "<one short sentence rationale>"

}}
}}

Now perform the evaluation.

PRED:
<<<
{PRED}
>>>

GT:
<<<
{GT}
>>>
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