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Abstract

Recent work has improved computer-use
agents (CUAs) by retrieving task-specific tuto-
rials and leveraging look-ahead planning from
world models, but the contribution of each com-
ponent has not been systematically isolated. To
study this, we construct OSWorld-Tutorial, a
dataset of 360 tasks with curated multimodal
tutorials. We then propose RAG-PJ, a retrieval-
augmented policy-judge framework that con-
ditions both action generation and selection
on task-specific tutorials. Comparing RAG-
PJ against text-based and oracle ground-truth
visual rollouts, we find that look-ahead plan-
ning offers no significant improvement when
tutorials are present. This suggests prior gains
from world-model augmentation are largely at-
tributable to tutorial understanding itself. Error
analysis reveals the bottleneck is not rollout fi-
delity, but the judge’s ability to reason over fu-
ture states and recognize task completion. This
highlights the need to improve not just CUA
world models, but also reasoning over their pre-
dicted futures.1

1 Introduction

People rely on desktop and web software for every-
day tasks, from editing documents to configuring
browsers and manipulating media. Computer-use
agents (CUAs) aim to automate these tasks by in-
teracting with computer interfaces given natural-
language user instructions. Modern CUAs are typ-
ically built on top of MLLMs trained on static of-
fline data. As software changes over time, these
MLLM-based CUAs may lack current procedu-
ral knowledge about new environments. This mis-
match can make agents degrade when software
updates change user interfaces or functionality (Ish-
mam and Marino, 2026).

A natural approach to address this gap is to pro-
vide CUAs with up-to-date task-specific tutorials.

1Code and our dataset will be publicly available.

Task instruction. Can you make Bing the main search
engine when I look stuff up on the internet?

Tutorial: Set your default search engine

1. On your computer, open Chrome.

2. At the top right, select More Settings.

3. Select Search engine.

4. Under “Search engine,” select Change.

5. Select a new default search engine.

Figure 1: A Chrome task example with a retrieved web
tutorial. The tutorial provides updated step-by-step
browser instructions with inline UI icons.

These tutorials contain environment descriptions
and step-by-step instructions in the form of text and
screenshots, and are commonly available online for
many software tasks. An example tutorial is given
in Figure 1.

This mirrors how humans learn unfamiliar soft-
ware tasks: by consulting updated tutorials when
software changes. Recent works have integrated
tutorials retrieval as components in CUA systems
(Yang et al., 2026a; Mei et al., 2026; Xu et al.,
2025a); however, systematic evaluation of tutorials’
stand-alone contribution has not been presented.

A parallel body of work has considered test-
time scaling for CUA through look-ahead planning
(Mei et al., 2026; Luo et al., 2026; Chae et al.,
2025). These methods use a learned world model
to predict the outcome of action candidates, over
one or more time steps, and then select between
candidates conditioned on these predicted rollouts.
These methods differ from standard CUA by (a)
proposing and then selecting between multiple ac-
tions via an MLLM-as-a-judge framework, and (b)
augmenting the judge with predicted rollouts from
the world model. Recently, tutorial-augmented
variants of this technique have been introduced



(Mei et al., 2026). However, it has confounding
model choices that conflate the contributions of the
tutorial-conditioned judge and rollouts.

To fill this gap, we study the effect of tutorial
information on CUA with and without look-ahead
planning, while retaining the MLLM-as-a-judge
framework. Intuitively, high-quality tutorials al-
ready provide guidance for actions and demonstra-
tions of their likely effects that can be used by the
judge. This can potentially reduce the need for
costly world model training and rollouts. We pro-
pose a simple yet effective tutorial-only baseline:
RAG-PJ, a retrieval-augmented policy-judge frame-
work for tutorial-based CUAs. RAG-PJ provides a
task-specific tutorial to both the policy, which pro-
poses actions, and the judge, which selects among
them using the tutorial and execution history.

To systematically evaluate the effect of tutorials
across a range of tasks, we first build OSWorld-
Tutorial, a comprehensive dataset of 360 tasks
with curated tutorials for the widely-used OSWorld-
Verified benchmark (Xie et al., 2024). We evalu-
ate RAG-PJ with methods leveraging text-based
rollouts (Mei et al., 2026) and oracle ground-
truth visual rollouts—an upper bound of what a
learned visual world model like (Luo et al., 2026)
could achieve. We find no significant gain from
these look-ahead planning methods when tutorials
are available. Analyzing failures of RAG-PJ, we
find that the agent’s failure to understand task suc-
cess and progress, even when ground-truth visual
futures are available, is a primary bottleneck to
higher performance. This indicates that progress in
CUA may require not just better world models, but
also stronger reasoning capabilities over the futures
those models simulate.

In summary, our contributions are as follows:

– We introduce RAG-PJ, a strong tutorial-
conditioned policy-judge baseline for CUAs that
isolates the effect of tutorials from world models.

– We build OSWorld-Tutorial, a comprehensive
dataset of 360 tasks with curated tutorials for the
OSWorld environment (Xie et al., 2024).

– We provide a controlled comparison between
tutorial-only judging, text-based world-model
rollout, and ground-truth visual rollout – demon-
strating that rollout-based models do not improve
over RAG-PJ given task-specific tutorials.

2 Related Work

Agents that use tutorials and manuals. Tuto-
rials or manuals can describe both step-by-step
instructions (what to do) and how an environ-
ment changes over time (the dynamics of the en-
vironment). Many works study how agents can
use tutorials in different domains, including 1)
games (Nguyen and Lee, 2025; Zhang et al., 2024;
Lin et al., 2024; Dainese et al., 2023; Chen et al.,
2024c), 2) robotics (Zhang et al., 2025b; Ren et al.,
2023), and 3) embodied environments (Chen et al.,
2024b). While our work targets Computer-use
Agent (CUA) domain, some of these works share
a similar goal: using tutorials at inference time to
help agents handle new tasks or environments. In
particular, our work is closely related to (Nguyen
and Lee, 2025; Zhang et al., 2024; Dainese et al.,
2023). However, these works focus on symbolic
2D environments, where language is restricted to a
single sentence per entity—typically 3–5 sentences
total—and covers only environmental dynamics.
Meanwhile, we focus on real-world GUI environ-
ments with longer tutorials that cover both task
instructions and environmental dynamics.

World models for CUA agents. Recent work
has explored world models (Ha and Schmidhuber,
2018) to improve planning for CUA agents. These
include techniques for text-based (Chae et al., 2025;
Li et al., 2025; Cao et al., 2026; Mei et al., 2026)
and image-based (Luo et al., 2026; Xiang et al.,
2025) future state prediction. Like R-WoM (Mei
et al., 2026), we focus on settings where multi-
modal task-specific tutorials are available. How-
ever, R-WoM’s results do not disentangle the effect
of tutorials and MLLM-as-a-judge when compar-
ing the effect of world model rollouts. Further,
R-WoM is evaluated on a subset of OSWorld tasks
(≈ 85), which is not publicly available. In contrast,
we construct a comprehensive dataset of tutorial-
task pairs and design controlled experiments to
study the impact of tutorials, action selection via a
judge, and rollouts on task success separately.

Several works study whether pretrained MLLMs
can reliably serve as world models (Li et al., 2026;
Xu et al., 2026) – finding that generated rollouts
may not yet be faithful proxies to real environ-
ments. Further, prior work has examined the effect
of oracle world models to provide upper bounds on
look-ahead performance in embodied (Qian et al.,
2026) and compute-use tasks (Gonzalo et al., 2025).
We extend this analysis, considering the effect of



1) oracle image-based rollouts in the presence of
task-specific tutorials, and 2) look-ahead rollout
per time step of interaction.

CUA agents that use tutorials and manuals.
Prior work uses tutorials either to create training
data as in (Ou et al., 2024; Xu et al., 2025b; Zhang
et al., 2025a,c; Song et al., 2026a) or leverages
them at inference time (Xu et al., 2025a; Agashe
et al., 2025a; Mei et al., 2026; Yang et al., 2026a)
like our proposed work. In this paradigm, the
CUA system retrieves a relevant tutorial and uses
it to guide action generation (policy) or selection
(judge). RAG-GUI (Xu et al., 2025a) and Agent S
(Agashe et al., 2025a) retrieve text-only tutorials to
extract useful guidance for policy-only agents. We
make use of multi-modal tutorials that may contain
both images and text.

Most similar to our approach are OS-Symphony
(Yang et al., 2026a) and R-WoM (Mei et al., 2026).
OS-Symphony uses a multi-agent system including
a search agent to find online tutorials for each task,
then it uses another agent to implement a history
reflection method through screenshot duplication
and milestone detection as the policy. However, it
lacks proper evaluation against other tutorial-used
baselines, thus the effectiveness of this tutorial-
used strategy remains unclear. Our contributions
are orthogonal to OS-Symphony as our tutorial-
conditioned judge could be added to its policy.

R-WoM instead provides tutorials to an MLLM-
based world model to produce text-based next-state
descriptions, given the current state and current ac-
tion. Similar to R-WoM, our method RAG-PJ is
a RAG-based MLLM-as-judge that uses tutorials
to judge policy actions. In contrast, we show that
multi-modal tutorials alone suffice to judge agent
actions, without explicit reasoning over their fu-
ture consequences. This eliminates the need for
expensive world model rollout within the judge.

3 OSWorld-Tutorial

To robustly evaluate the impact of tutorials, we con-
struct the OSWorld-Tutorial dataset by augment-
ing 360 tasks from OSWorld-Verified (Xie et al.,
2024) benchmark. Each task is paired with a natu-
ral language tutorial that may contain both text and
images sourced from the web.

Generating tutorials. To collect tutorials, we
recruit three annotators with experience in software
tasks similar to those in OSWorld-Verified. For

each task, we first launch it in a virtual machine
to get an initial screenshot. We then provide the
task instruction together with this screenshot to
Google Gemini Pro (Google, 2026), along with the
tutorial-generation prompt shown in Appendix A.
This process produces a response with references to
relevant web-based tutorials as well as a generated
synthetic instruction.

The annotators then review the retrieved tutori-
als and select the most helpful one for each task.
To verify tutorials from publicly available articles,
annotators follow the tutorial’s instructions to com-
plete the task and confirm whether it is correct and
helpful. When completing the task from the tuto-
rial is possible, we retain the task-tutorial pair for
the dataset. However, we find that many OSWorld-
Verified tasks require combining multiple tutorials
while others have no relevant tutorials available on-
line. For these tasks, we use the synthetic tutorial
generated by Google Gemini Pro directly, without
further verification.

Dataset statistics. In total, we collect 360 tasks
with verified tutorials, covering all 8 categories of
tasks in OSWorld-Verified. Among these, 32% of
the tutorials are retrieved from the web, while 68%
are synthesized by Google Gemini Pro. We follow
Agent-S3 (Gonzalo et al., 2025) and OSWorld-
MPC (Jia et al., 2026) to exclude eight Google
Drive tasks. Recently, these tasks present tech-
nical challenges with using Google accounts and
Google Drive credentials in the sandbox. We no-
tice that some web tasks have just been upgraded to
use more aggressive bot detection systems. These
block automated access even through residential
proxies provided by OSWorld-Verified. We there-
fore exclude one task that is blocked by website-
level bot-detection or access restrictions, see Ap-
pendix A.

4 Tutorial-conditioned CUAs

As in standard computer-use settings, we consider
an agent interacting with a digital environment
to complete tasks specified by users in natural
language. The agent observes the environment
through screenshots and interacts by executing
mouse and keyboard commands – mirroring how
a human user would interact. Beyond this typical
setup, we also assume there exists a task-relevant
tutorial consisting of text and possibly images that
can at least partially guide the agent through the
required tasks. Our key question then is how and



where to integrate this tutorial to improve agent
performance. Before discussing our design, we
review existing agent architectures.

4.1 Preliminaries

Problem definition. More formally, we cast
the computer-use agent task as a standard finite-
horizon partially observable Markov decision pro-
cess (POMDP) ⟨S,O,A, T,R, L,M⟩, conditioned
on the task instruction L and a multimodal tutorial
M . The computing environment itself (typically a
virtual machine) serves as a mostly-deterministic2

transition function T : S × A → S mapping be-
tween underlying system states S in response to
agent actions A. As the agent only accesses the
environment visually, the observation ot ∈ O at
each time step t is simply the current screenshot.
Actions correspond to movements or clicks of the
mouse and keystrokes as well as a stop action. The
reward function R : S × A → {0, 1} is sparse
and indicates task success when the agent issues
the stop action or reaches the horizon H . We con-
sider a computer-use agent to be a stochastic pol-
icy p(at | o≤t, L,M), which produces a distribu-
tion over actions given a sequence of observations,
the instruction, and the tutorial. Abstracting the
form of this policy for now, we would like to find
a parameterization of this policy which achieves
high expected cumulative reward (i.e., task success
quickly) over a wide task distribution.

Agent architectures. Given the need for visual
and language reasoning, a common choice for in-
stantiating the policy π is with a pretrained mul-
timodal large language model (MLLM). Where
literature diverges is in whether a single MLLM is
used to directly map from observations / instruc-
tions to actions in an end-to-end manner (as in
UI-TARS (Qin et al., 2025a)) or a more modu-
lar framework of multiple MLLM and specialized
models interacting to induce an action distribu-
tion (as in Agent-S2 (Agashe et al., 2025b) or OS-
Symphony (Yang et al., 2026a)). A common mod-
ular design is to separate a natural language policy
which outputs generalized actions like “click(The
change button to next to the current search engine.)”
that are then passed to a specialized grounding
model to convert to low-level parameterized ac-
tions like “click(731,244)”. We consider models in
this family and denote the policy as π(ât | ·) and

2In our setting, T is deterministic for most tasks. For
examples of non-deterministic tasks, see Appendix I.

the grounding model as g(at | ât, ·).

Judges and world models. Beyond modularity
in the action space, further works introduce a judge
model j(â1t , ..., â

K
t | o≤t, L,M) which chooses

between multiple action candidates sampled from
π(ât | ·) – passing only the selected action to
the grounding model for execution (Yang et al.,
2026b; ?). This sample-then-select paradigm has
shown promising results when coupled with look-
ahead planning using a learned world model (Ha
and Schmidhuber, 2018) to estimate the outcome
of each action over a fixed number of time steps
(Mei et al., 2026). Given a trained world model
w : O ×A → O that predicts the next observation
given past observations and the current action, the
outcome of each of the K candidate actions can
be estimated as õ1t , ..., õ

K
t in a one-step look-ahead.

The policy π can then be executed to generate a sin-
gle next action for each predicted observation. This
loop can be executed until some fixed look-ahead
horizon is reached to generate a rollout trajectory
ξj = (ot, â

j
t , õ

j
t+1, â

j
t+1, . . . , õ

j
t+k) for each action

candidate âjt . The judge model can then select be-
tween actions based on their rollout trajectories.
The success of look-ahead planning relies on the
capabilities of the world model, diversity and qual-
ity of the base candidate actions, and the selection
ability of the judge – making it prone to cascading
errors. Further, it greatly increases computational
cost by requiring multiple policy and world model
executions per step.

4.2 RAG-PolicyJudge (RAG-PJ)

Given this context, we ask whether the extra com-
pute dedicated to judge and world models is nec-
essary when strong policy guidance is provided
in the form of a tutorial. To answer this question,
we design a simple tutorial-conditioned baseline
RAG-PolicyJudge (RAG-PJ) shown in overview in
Figure 2. We adapt a two-staged GUI agent frame-
work (Yang et al., 2026b; Gou et al., 2025; Song
et al., 2026b) consisting of a policy and a ground-
ing model as described above. In this architecture,
we can easily ablate the inclusion of the tutorial in
the policy / judge.

Policy and Grounding Models. We instantiate
the policy as an MLLM and ablate base models in
the experiments section. For memory conservation,
we represent the trajectory at time t as the current
observation ot, the three most recent screenshots



Figure 2: Overview of RAG-PJ. Given the user instruction, current screenshot, and a representation of the trajectory
so far, RAG-PJ invokes a tutorial-conditioned Policy LLM to produce intermediate thoughts and candidate generic
language actions. A tutorial-conditioned Judge LLM is then called to select between these actions, and the selected
action is grounded to keyboard/mouse inputs by a Grounding model before being sent to the GUI environment.

with their immediate chain-of-thought tokens from
the policy for these steps, and prior actions (as
in GTA1 (Yang et al., 2026b)). Additionally, the
user prompt and tutorial are always available at
each time step. We adopt the action space from
Agent-S2 (Agashe et al., 2025b), which is also used
by our baselines. The policy prompt is available
in Appendix C. We adopt UI-Venus-1.5 (Venus
Team et al., 2026) as the grounding model with the
prompt provided in Appendix E. The grounding
model does not access the tutorial or user prompt.

Judge Model. We instantiate the judge using
the same MLLM base as the policy itself. The
judge evaluates the quality of candidate actions
from the policy via a ranking-based prompt (see
Appendix D). The judge is provided the candidate
actions, user prompt, the same trajectory encoding
as the policy, and the tutorial. It outputs selections
by ranking action IDs in preference order and the
top choice is passed to the grounding model to be
parameterized and executed in the GUI environ-
ment.

5 Experimental Settings

We evaluate our method and relevant baselines in
OSWorld-Tutorial. To avoid confounding effects
of noisy retrieval, we use the annotated tutorial for
each task throughout the following experiments –

essentially using an oracle tutorial retrieval system.

Evaluation metric. We evaluate agents using
the OSWorld-Verified metric of task success rate
within a fixed step budget, using both the original
maximum of 15 steps (Xie et al., 2024; Kuntz
et al., 2025; Ye et al., 2025; Wang et al., 2025) and
the extended 50-step budget adopted in follow-up
work (Abhyankar et al., 2025; OpenAI, 2025; Jia
et al., 2026).

Baselines. We consider a suite of baselines that
let us examine the interactions of tutorials with
judge and look-ahead methods. Except when ex-
plicitly noted, all methods share the same input and
output space as RAG-PJ:
– Policy Only drops the judge from RAG-PJ but

otherwise uses the same model adapted from the
official implementation of GTA-1 (Yang et al.,
2026b). When including the tutorial we denote
this model as Policy Only + RAG.

– Policy + Judge (GTA-1) is a standard policy-
judge framework that does not leverage tutorials
or world model look-ahead.

– R-WoM H=# is a re-implementation of the recent
tutorial-augmented look-ahead method from
Mei et al. (2026) described in Section 4.1 which
uses an MLLM-based world model to produce
text-based next-state descriptions. We set H =
1, 2 and 3 to adjust how many steps are rolled



Method Qwen3-VL-8B Qwen3-VL-32B

# 15 steps 50 steps 15 steps 50 steps

Policy only
1 Policy Only 28.3%±1.3% 33.6%±2.0% 38.8%±0.4% 42.5%±1.5%
2 + RAG 37.7%±2.8% 42.0%±1.6% 44.5%±0.6% 48.0%±1.9%

Policy + Judge
3 Policy + Judge (GTA-1) 29.6%±0.8% 37.8%±2.0% 39.9%±2.0% 44.1%±1.5%
4 RAG-PJ (Ours) 40.2%±1.4% 45.1%±2.6% 47.8%±1.4% 51.3%±2.4%

Policy + RAG Judge + Text-based rollout (R-WoM Mei et al. (2026))
5 R-WoM H=1 29.6%±0.9% 34.3%±1.1% 38.3%±0.6% –
6 +Policy RAG 40.7%±0.9% 42.9%±0.09% 47.3%±0.1% –
7 R-WoM H=2 30.3%±0.3% 34.0%±1.2% 40.2%±1.7% –
8 +Policy RAG 40.5%±0.8% 44.7%±1.5% 47.3%±1.3% –
9 R-WoM H=3 29.6%±1.3% 35.9%±0.3% 40.0%±0.9% –
10 +Policy RAG 38.4%±1.8% 44.0%±1.3% 47.0%±0.3% –

RAG Policy + RAG Judge + Ground-truth visual rollout
11 GT-rollout H=1 40.6%±0.7% 44.4%±2.0% 46.5%±1.2% –
12 GT-rollout H=2 39.4%±3.5% 45.4%±1.1% 48.2%±2.1% –

Table 1: Success rate of RAG-PJ and other baselines on 360 tasks from OSWorld-Tutorial, over the maximum
runtime of 15 steps and 50 steps. All results are reported as mean ± sample standard deviation over 3 runs. "RAG"
indicates a method uses a tutorial for a task. We note our method (denoted by Bold) consistently performs similarly
to other baselines that use a tutorial and world model rollout. As world model rollouts in Qwen3-VL-32B with 50
steps are computationally expensive, we skip experiments in these settings, which is denoted by "–".

out during look-ahead search. An official im-
plementation is not yet available so we catalog
details of our re-implementation based on the
paper in Appendix F to aid reproducibility.

– GT-rollout H=#: an oracle experiment in
which we use ground truth screenshots as future
rollouts. Similar to R-WoM H=#, we set H = 1, 2
indicating how many look-ahead steps are used
in rollout.

Base MLLMs. We use Qwen3-VL-8B and
Qwen3-VL-32B 3 as our main MLLM bases for
policy / judge / world model, which are commonly
used in recent CUA agents works (Xue et al., 2026;
Yan et al., 2025; Bai et al., 2026; Wang et al., 2026).

6 Results

Given a task and corresponding tutorial, we are
interested in the following questions with which
we organize this section: (1) how do tutorials af-
fect policy-judge frameworks? (Section 6.1); (2)
how much do current text-based world models for
CUA agents help the judge? (Section 6.2); (3) how
much does ground-truth visual world model help
the judge? (Section 6.3).We provide key experi-

3Qwen3-VL-8B-Instruct and Qwen3-VL-32B-Instruct-
AWQ from HuggingFace official version of Qwen3-VL

Method Qwen3-VL-8B

# 15 steps 50 steps

1 Policy + Judge (GTA-1) 30.3±0.6 37.8±2.0

2 Policy + RAG Judge 31.0±0.9 38.5±2.9

3 RAG Policy + Judge 40.2±1.4 43.0±1.2

4 RAG Policy + RAG Judge (RAG-PJ) 40.3±1.0 45.1±2.6

Table 2: Ablation of where tutorials are used in the
policy–judge pipeline on OSWorld-Tutorial. All results
are reported as mean ± sample standard deviation over
3 runs. The best performance is achieved when tutorials
are used in both the policy and the judge.

mental support and claims for each below.

6.1 How do tutorials affect policy-judge
framework performance?

Our framework enables including tutorial informa-
tion as conditioning in the policy, judge, or both.

Finding 1: Tutorials help improve task success
rate over non-tutorial baselines. As shown in Ta-
ble 2, including tutorials in the judge (row 2) or
policy (row 3) improves over the non-tutorial base-
line (row 1) by up to ∼10%@15 and ∼5%@50.
Notably, tutorial-conditioning in the policy leads to
the majority of the gains – suggesting the guidance



in producing action candidates is a major mecha-
nism for performance improvement. When com-
pared to Policy Only + RAG from Table 1 row
2, we observe that policy conditioning alone is not
sufficient to account for all the gains (37.7%@15
vs. 40.2%@15 ) which indicates judge action se-
lection is still a positive factor. Finally, including
tutorials in both yields our proposed RAG-PJ which
further improves performance in the 50-step setting
to 45% – achieving similar performance to look-
ahead planning methods.

6.2 Do predicted text-based rollouts improve
judgment when tutorials are present?

Tutorials provide strong priors about appropri-
ate actions and their effects; yet, prior work us-
ing tutorials, R-WoM (Mei et al., 2026), have re-
ported improvements from look-ahead using text-
based world models. However, comparison with
tutorial-conditioned policy-judge models without
look-ahead was not provided.

Finding 2: Current text-based world model de-
grades judge performance when tutorials are
present. We report the success rate of R-WoM
in OSWorld-Tutorial in Table 1 and find that it
does not improve compared to a judge without
world model rollout. Specifically, R-WoM without
policy-side tutorial conditioning (rows 5, 7, 9)
performs comparably to the non-tutorial Policy +
Judge baseline (row 3) and under-performs Policy
+ RAG Judge (Table 2 row 2)regardless of roll-
out horizon (H=1,2,3), suggesting the text-based
rollout provides no benefit and may degrade perfor-
mance. When policy-side RAG is added (rows 6,
8, 10), R-WoM performs comparably to RAG-PJ
(row 4) – indicating that gains again stem from
tutorial conditioning rather than rollout-augmented
judging. Further, we observe no consistent trend
across rollout horizons: H=2 and H=3 do not im-
prove over H=1, and in some settings longer rollout
horizons slightly degrade performance, suggesting
compounding errors across simulated steps add
noise to the judging process.

6.3 Do ground-truth visual rollouts help?

Motivated by the observation that text-based roll-
outs failed to improve system performance, we con-
sider an oracle rollout setting to establish an upper
bound on world model performance. To avoid intro-
ducing additional confounders, we opt to directly
use screenshots collected from the environment af-

ter executing actions. For rollouts across multiple
action candidates at a given time step, we save and
reset state of the virtual machine hosting the envi-
ronment before collecting each rollout. For more
details, see Appendix G. This provides an upper
bound on the potential benefit of a learned visual
world model.

Finding 3: Visual ground-truth rollouts do not aid
the judge in the presence of task-specific tutorials.
Comparing tutorial-conditioned policy variants of
text-based and oracle visual rollouts (Table 1 rows
11, 12 vs. rows 6,8) we find no substantial dif-
ferences. Likewise, the ground truth visual rollouts
are comparable to RAG-PJ where tutorials alone
are used. As before, this result suggests that the
judge can already make effective decisions based
on the retrieved tutorials, without needing to reason
over future consequences.

Finding 4: Agents fail to use ground-truth future
information because they struggle to understand
task success and progress. To understand why
ground-truth visual rollouts do not improve suc-
cess, we analyze failed tasks across all seeds in this
setting with the help of Gemini 3.5 Flash (Google
DeepMind, 2026) and summarize the failure rea-
sons and their frequency in Figure 3. We provide
more details about the error analysis implementa-
tion in Appendix H. Results from Figure 3 indicate
the top two main reasons for failure contribute most
faults.

The most frequently failure category is the agent
(both the policy and the judge) failing to under-
stand task success: if the current state satisfies the
task instruction or not. For instance, a task is not
completed in a current state, yet the policy and the
judge think the current state already satisfies the
instruction. The judge therefore selects ending the
task prematurely. In the other end, if the task al-
ready satisfies the instruction, the agent should stop
acting. However, the judge fails to recognize this,
even with the help of future information from roll-
outs, and thus continues to act and fail. We show
an example of this in the appendix.

Second most frequently tagged is the judge fail-
ing to reason over the future information about task
progress: what has been done and what is left to do.
Even if the policy generates good action candidates,
the judge fails to select the one that leads to task
progress. The judge often falls back to repeating
the same failed action, instead of recognizing the
failure and choosing other candidates.



Figure 3: Error analysis of 2116 failed tasks with ground-truth visual rollouts. The categories summarize the primary
failure reason assigned to each sampled trajectory.

We show examples of these failures in Figure 16,
20 and 17. Overall, we show that in the majority of
failure cases, the judge lacks the ability to reason
over future states generated by world models, not
because of the quality of the world model itself.
Examples of other less significant failure reasons
are shown in Appendix H.

Implication: CUAs not only need better world
models, but also better mechanisms for reasoning
over future rollouts. Based on the above analysis,
we argue that improving world-model quality alone,
such as next-state prediction fidelity, may be insuf-
ficient to improve look-ahead performance. What
is missing from current world model methods for
CUA is a good reward prediction for rollout states,
which is necessary for the judge to select among
action candidates based on their future trajectories.
This finding is consistent with Qian et al. (2026),
who also find that effectively leveraging future in-
formation from world models is a major bottleneck
for agents in embodied environments. Furthermore,
we also need to develop better methods for the
judge to effectively understand future rollouts from
world models, such as better prompting techniques
or training paradigms that encourage learning from
future states.

7 Discussion and Risks

Compute used. We use total 272 hours of GPU
training with 2 H100s and 1 H200 GPU.

Risks. Like all assistive technologies, advances
in computer-use agents make it easier for individu-
als to take action – both good and ill. Given how

modern infrastructures relies on digital interfaces,
this may have significant risks for personal digital
security, coordinated astroturfing, or model errors
causing users harm.

8 Conclusion

We investigated the interplay between tutorial re-
trieval and look-ahead planning in computer-use
agents, motivated by the observation that these
components have not been analyzed in isolation.
To enable this analysis, we constructed OSWorld-
Tutorial, a dataset of 360 tasks paired with cu-
rated multimodal tutorials spanning all eight OS-
World task categories, and proposed RAG-PJ, a
strong tutorial-conditioned policy-judge baseline.
Our controlled experiments reveal a consistent pat-
tern: when task-specific tutorials are available,
look-ahead planning with world model rollouts pro-
vides no benefit over tutorial-conditioned judging
alone and may in fact hinder action selection. This
held for both text-based rollouts and oracle ground-
truth visual rollouts, suggesting the bottleneck is
in judge’s ability to reason over future states rather
than rollout fidelity. Error analysis corroborates
that failures stem primarily from agents misiden-
tifying task completion and from judges failing to
leverage available rollouts. Together, these findings
suggest that previously reported gains from world-
model augmentation in tutorial-equipped systems
may be attributable largely to improved policy and
judge behavior from tutorial conditioning itself.



9 Limitations

Several limitations bound the scope of our conclu-
sions. First, our experiments use oracle tutorial
retrieval—each task is paired with its annotated
tutorial at inference time—which avoids the noise
of real retrieval pipelines. Performance of RAG-PJ
and the baselines may degrade when tutorials must
be retrieved from noisy web sources, and the rel-
ative benefit of look-ahead planning under noisy
retrieval remains an open question. Second, 68%
of the tutorials in OSWorld-Tutorial are synthe-
sized by Google Gemini Pro rather than sourced
from human-verified web articles. These synthetic
tutorials are not verified for correctness, and our er-
ror analysis (Figure 3) identifies incorrect MLLM-
generated tutorials as a notable failure mode. Re-
sults on verified web tutorials may differ from those
on synthesized tutorials.
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A Building the OSWorld-Tutorial Dataset

Give detailed instructions for completing the given task in Ubuntu with <program> <version>,
assuming the given start state steps are already complete.

Just output the instructions. Do not add any unnecessary conversational content to the end or
beginning. Don't ask any questions, including at the end. You should not solve the task: you are
providing instructions for solving the task. Give me more than 1 method if possible, put the most
effective method on top. Do not close anything unless it is instructed by user.

For tasks that require timing (date, month), give me generic instructions and do not condition
them on today's date.

If the task is infeasible (cannot be done with <program> alone), say "Infeasible." followed by a
brief explanation of why. Do NOT suggest workarounds, alternative tools, or command-line
solutions --- just state why it is infeasible and stop.

Task:
<task>
<the first screenshot>

Figure 4: Tutorial-generation prompt used to retrieve or synthesize task-specific tutorials. The placeholders are
replaced with the program category, task instruction, and initial task screenshot from each OSWorld task. For
"multiapp" tasks, we set <version> to None.

Overview. We recruit three student annotators with experience in software tasks similar to those in
OSWorld to collect a tutorial for each task. For each task, we first launch it in a virtual machine and
provide the task instruction together with the initial screenshot to the tutorial-generation prompt shown in
Figure 4. We submit this prompt to Google Gemini Pro (Google, 2026). It searches the web for relevant
tutorials and synthesizes a comprehensive summary over the retrieved results. The annotators then review
the retrieved tutorials and select the most helpful one for each task. To verify tutorials from publicly
available articles, they follow its instructions to complete the task and confirm that it is correct and helpful.

We find that many OSWorld tasks require combining multiple tutorials, while others have no relevant
tutorials available online. For these tasks, we use the response generated by Google Gemini Pro directly
as the tutorial. We do not verify the correctness of AI-synthesized tutorials.

Figures 5 and 6 show additional examples of retrieved publicly available tutorials and MLLM-generated
tutorials. Each figure shows task instruction, initial screenshot, and the corresponding tutorial content.

Statistics. In total, we collect 360 tasks with verified tutorials, covering all 8 categories of tasks in
OSWorld. Among these, 32% of the tutorials are retrieved from the web, while 68% are synthesized by
Google Gemini Pro. We follow Agent-S3 (Gonzalo et al., 2025) and OSWorld-MPC (Jia et al., 2026) to
exclude eight Google Drive tasks. Recently, these tasks present technical challenges with using Google
accounts and Google Drive credentials in the sandbox. We notice that some web tasks have just been
upgraded to use more aggressive bot detection systems, which block automated access even through
residential proxies provided by OSWorld. We therefore exclude one task that is blocked by website-level
bot-detection or access restrictions, as listed as task id in Figure 7.

# Excluded task IDs – one per line, comments start with #
# tripadvisor.com – "Access is temporarily restricted" behavioral bot detection.
b7895e80-f4d1-4648-bee0-4eb45a6f1fa8

Figure 7: Excluded task IDs for websites that block automated access through bot detection, CAPTCHAs, or
access-denial systems.

B RAG-PJ implementation details



Task instruction. Enable the “Do Not Track” feature in Chrome to enhance online privacy.

Turn “Do Not Track” on or off

When browsing the web on computers or Android devices, users can send a request to websites not to collect or track
browsing data. The setting is turned off by default.

However, what happens to the data depends on how a website responds to the request. Many websites still collect and use
browsing data for security, content, services, ads, recommendations, and reporting statistics.

Most websites and web services, including Google’s, do not change their behavior when they receive a Do Not Track request.

1. On your computer, open Chrome.

2. At the top right, select More Settings.

3. Select Privacy and security Third-party cookies.

4. Turn Send a “Do not track” request with your browsing traffic on or off.

Figure 5: Chrome task example with a retrieved web tutorial. The top panel shows the initial screenshot; the
lower panel shows the retrieved markdown tutorial with inline images preserved. Task ID: 030eeff7-b492-4218-
b312-701ec99ee0cc. Source: Google Chrome Help.

https://support.google.com/chrome/answer/15085120?hl=en&co=GENIE.Platform%3DDesktop


Task instruction. Could you assist me in placing my photo on the desktop and renaming it to export.jpg?
Category: gimp.

GIMP treats standard image formats such as .jpg as exports rather than saves.

1. In the top menu, go to File > Export As... or press Ctrl+Shift+E.

2. In the Name box at the top, delete the existing text and type export.jpg.

3. On the left-hand sidebar, under Places, click Desktop to ensure it is being saved to the right spot.

4. Click the Export button in the bottom right.

5. An “Export Image as JPEG” window will pop up. Click Export again to confirm the settings.

Figure 6: GIMP task example with an MLLM-synthesized tutorial. The top panel shows the initial screenshot;
the lower panel shows the synthesized tutorial for exporting the image as export.jpg on the desktop. Task ID:
77b8ab4d-994f-43ac-8930-8ca087d7c4b4.



History information. Following GTA1 (Yang et al., 2026b) 4, for both the policy and the judge,
we include screenshots, intermediate thought tokens, and actions for the most recent three steps in the
execution history. For other steps, we only include the actions. We find that including intermediate
thought tokens for these steps does not significantly improve performance, while it does increase the input
length and inference time for both the policy and the judge. We include the ablation study on the effect of
including intermediate thought tokens in the execution history in Table 3.

MLLM base 15 steps

w/ thought w/o thought

Qwen3-VL-8B 28.5%± 1.6% 28.1%± 1.2%
Qwen3-VL-32B 39.0%± 1.2% 38.8%± 0.4%

Table 3: Ablation of including intermediate thought tokens in the execution history. We use the setting vanilla policy
without tutorial retrieval. Each result is mean and sample standard deviation over 3 runs. We find that including
intermediate thought tokens does not significantly improve performance.

Policy. We use the default decoding hyperparameters for our policies5, shown in Table 4. We use the
prompt template shown in Figure 8 for the policy, which includes the retrieved tutorial and execution
history as context for action generation.

Hyperparameter Value

temperature 0.7
top_p 0.8
top_k 20
repetition_penalty 1.0
presence_penalty 1.5
max_output_length 16384

Table 4: Default decoding hyperparameters used for the RAG-PJ policy.

Judge. Following WebJudge (Xue et al., 2025) and MLLM-as-the-judge (Chen et al., 2024a), we use
deterministic decoding for the judge, shown in Table 5. We use the prompt template shown in Figure 9 for
the judge, which includes the retrieved tutorial and execution history as context for action evaluation. We
also apply the same set of hyperparameters for other judges in our baselines, including R-WoM judge
(ranker) and ground-truth judge.

Hyperparameter Value

temperature 0
top_p 1

Table 5: Default decoding hyperparameters used for the RAG-PJ judge.

Grounding. We use UI-Venus-1.5 (Venus Team et al., 2026) as the grounding model for RAG-PJ. We
use the prompt template shown in Figure 10 for the grounding model.

C Policy Prompt

4Note that the official implementation of GTA1 https://github.com/Yan98/GTA1 is different from GTA1’s paper descrip-
tion. In the implementation, it only uses thought tokens and actions, and does not use observation caption descriptions for history
information. We follow the implementation instead of the paper description.

5Hugging Face model cards: Qwen3-VL-8B-Instruct; Qwen3-VL-32B-Instruct-FP8.

https://github.com/Yan98/GTA1
https://huggingface.co/Qwen/Qwen3-VL-8B-Instruct
https://huggingface.co/Qwen/Qwen3-VL-32B-Instruct-FP8


You are a desktop computer agent on Ubuntu (1920x1080) with internet access. You are given a task
instruction and a tutorial for this task if available. Each step you receive: (1) history of
past steps (Thought and/or Action); (2) recent screenshots. Your task is to choose the best next
action(s) to advance toward the overall goal, based on the provided information.

# ACTION SPACE:
def click(self, instruction: str, num_clicks: int = 1, button_type: str = 'left', hold_keys: List
= []):
'''Click the target element.
instruction: describe target (one clear sentence, include visual details to differentiate it from
other elements).
num_clicks: 1 or 2 (double).
button_type: "left"|"right"|"middle".
hold_keys: e.g. ["ctrl"] for Ctrl+click.
Example: agent.click(instruction="the selected file in the file explorer", num_clicks=1,
button_type="right", hold_keys=[]) # right click
Example: agent.click(instruction="the file icon on the desktop", num_clicks=2, button_type="left",
hold_keys=[]) # double click
'''

def done(self, return_value: Union[Dict, str, List, Tuple, int, float, bool, NoneType] = None):
'''Call ONLY when task is fully complete. Visually verify the result on screen first.
Example: agent.done(return_value=None)
'''

def drag_and_drop(self, starting_description: str, ending_description: str, hold_keys: List = []):

'''Drag mouse from start to end. Prefer cut/paste for file ops. Use for multi-line text selection,
drawing.
Example: agent.drag_and_drop(starting_description="the file icon on the desktop",
ending_description="the Documents folder in the sidebar", hold_keys=[])'''

def fail(self):
'''Call ONLY as a LAST RESORT when task is truly impossible (e.g. missing required app/file,
hardware limitation).
Example: agent.fail()
'''

def highlight_text_span(self, starting_phrase: str, ending_phrase: str):
'''Select text between starting_phrase and ending_phrase.
Example: agent.highlight_text_span(starting_phrase="Hello", ending_phrase="world") to select "
Hello abc world" from "hihihih Hello abc world xyz"
'''

def hover(self, instruction: str):
'''Move the cursor to the target WITHOUT clicking. Sometimes in some software, it is useful to
hover over an element to reveal a submenu.
Example: agent.hover(instruction="the 'Mode' row in the open Image menu")
'''

def hold_and_press(self, hold_keys: List, press_keys: List):
'''Hold hold_keys and press press_keys in sequence.
Example: agent.hold_and_press(hold_keys=["ctrl"], press_keys=["a"])'''

def hotkey(self, keys: List):
'''Press hotkey combo. Prefer over clicking menu items (faster). Do NOT use for switching apps--
use switch_applications.
Example: agent.hotkey(keys=["ctrl", "c"])'''

def open(self, app_or_filename: str):
'''Open app or file by name (do not open manually). Do NOT use for already open apps--use
switch_applications.
Use only the filename, NOT the full path.
Available: Google Chrome, LibreOffice Writer, LibreOffice Calc, LibreOffice Impress, Thunderbird,
VSCode, VLC Media Player, GIMP.
Example: agent.open(app_or_filename="Google Chrome")
Example: agent.open(app_or_filename="report.xlsx")'''



def scroll(self, instruction: str, clicks: int, shift: bool = False):
'''Scroll at the described element. clicks: positive=up, negative=down (or left/right if shift=
True). clicks=1 ~ 3 lines; small 1-5, section 5-10, long 10-20. Never exceed 50 in one action;
use multiple smaller scrolls instead.
Example: agent.scroll(instruction="the main content area", clicks=-5, shift=False)'''

def set_cell_values(self, cell_values: Dict[str, Any], app_name: str, sheet_name: str):
'''Set cell values in a spreadsheet. ALWAYS use for spreadsheet data--do NOT use click+type for
cells.
cell_values: e.g. {"A1": "Name", "B1": 42}. Types: float, int, string, bool, formulas (start with
"=").
app_name: the spreadsheet FILE name as shown in the window title (e.g. "data.xlsx"), not "
LibreOffice Calc".
sheet_name: the sheet tab name (e.g. "Sheet1").
Example: agent.set_cell_values(cell_values={"A6": "Hello World"}, app_name="data.xlsx",
sheet_name="Sheet1")'''

def switch_applications(self, app_code):
'''Switch to an app by its code from the list of open applications.
Example: agent.switch_applications(app_code="google-chrome")'''

def type(self, element_description: str, text: str = '', overwrite: bool = False, enter: bool =
False):
'''Type text into a specific element. Grounding clicks the element first. Always specify
element_description even for focused fields.
overwrite: True to clear existing text first.
enter: True to press Enter after typing.
Example: agent.type(element_description="the terminal window", text="cd ~/project && make build",
enter=True)
'''

def wait(self, time: float):
'''Wait time seconds. Use only when progress bar or load indicator is visible.
Example: agent.wait(time=2.0)'''

# POLICY RULES:
- Do not repeat failed actions from history.
- Act only on visible elements. Output exactly ONE valid `agent.*(...)` call; no multiple calls
or semicolons.
- Prefer the shortest reliable method: terminal or agent.hotkey() over GUI when equivalent.
- Save with Ctrl+S before agent.done().
- "Authentication required" → Cancel.
- Follow the user instruction exactly. Do not change unrelated UI, close unrelated Chrome tabs,
or be distracted by irrelevant page/file content.
- Before agent.done(), visually verify the task is complete and values/text/formatting match the
instruction. If uncertain, take another step to confirm, verify the result.
- Do NOT call agent.fail() unless the tutorial says infeasible or you have tried fundamentally
different approaches.
- On the last step, call agent.done() or agent.fail().
- Never kill/restart the desktop environment, log out, or restart the system.
- When adjusting image/media properties, use moderate values unless the instruction specifies
exact amounts or "maximum"/"extreme".
Password: '{CLIENT_PASSWORD}' for sudo. Use this actual value when typing passwords (not the
literal placeholder text)."""

# OUTPUT FORMAT:
Thought: Must have the following sections:
(1) Step by Step Progress Assessment---analyze completed task parts, reflect on potential errors
or unexpected results, predict a recovery step if previous action was incorrect.
(2) Next Action(s) Analysis---list possible next actions based on current state, evaluate options
considering current state and previous actions, propose most logical next action(s).
(3) Tutorial Reference: QUOTE the exact relevant sentence(s) from the tutorial. If none applies,
say ``No tutorial reference for this step.'' If the current method isn't working, switch to
another method from the tutorial.

Actions: After the Thought, output exactly {K} action lines separated by {DELIMITER}.
Each line must start with "Action:" and contain exactly one agent.*(...) call.
You must output all {K} candidates; do not stop after the first one.



Example:
Thought: {thinking in here}
Action: ```agent.fail()``` {DELIMITER}
Action: ```agent.hotkey(keys=["ctrl", "s"])``` {DELIMITER}
Action: ```agent.type(element_description="the filename field", text="output.txt", enter=True)```

# TUTORIAL
{a retrieved tutorial, None if not available}

# TASK INSTRUCTION
{task instruction}

# HISTORY
history of past steps (Thought, Action, and screenshots for the most recent K=3 steps, and only
actions for the rest of the trajectory)

# CURRENT SCREENSHOT
{current screenshot}

# STEP
You are at step {current_step} of the max step {max_steps}.

# OUTPUT FORMAT
Output exactly {K} candidate actions separated by
{DELIMITER}'. Follow the policy output format from the system message.

Figure 8: Policy prompt used to generate candidate actions from the task instruction, retrieved tutorial, interaction
history, and current screenshot.

D Judge Prompt

You are an expert at evaluating computer-use agent planning on Ubuntu.
You are given a task instruction and a tutorial for this task if available. Each step you receive:
(1) history of past steps (Thought and Action); (2) recent screenshots, and (3) a list of
candidate actions that the agent can take at the current step. Your task is to evaluate the
candidate actions and select the one that best advances toward the overall goal, based on the
provided information.

# ACTION SPACE:
Allowed agent methods (you MUST only use these, with correct arguments):
- agent.click(instruction, num_clicks=1, button_type='left', hold_keys=[])
- agent.done(return_value=None)
- agent.drag_and_drop(starting_description, ending_description, hold_keys=[])
- agent.fail()
- agent.highlight_text_span(starting_phrase, ending_phrase)
- agent.hover(instruction)
- agent.hold_and_press(hold_keys, press_keys)
- agent.hotkey(keys)
- agent.open(app_or_filename)
- agent.scroll(instruction, clicks, shift=False)
- agent.set_cell_values(cell_values, app_name, sheet_name)
- agent.switch_applications(app_code)
- agent.type(element_description, text='', overwrite=False, enter=False)
- agent.wait(time)

# EVALUATION CRITERIA:
Use the actual screenshots as ground truth. Tutorial alignment is guidance unless the tutorial
starts with `Infeasible'.
1. Feasibility: Can the action actually be performed from the current screenshot? If the target
element is not visible, reject it. If an after-screenshot or rollout is shown, it must support
that the action worked.
2. Exactness: Does the action relate to the user task? No extra or unnecessary steps are
performed.
3. Effectiveness: Does the action make meaningful progress in the available screenshot(s),



rollout, or final state?
4. Completion: Is the task already done? If yes, do agent.done().
5. Tutorial alignment: Prefer candidates that match a feasible tutorial, but trust the current
screen over the tutorial when they differ.
6. No regression: Reject actions that break state, navigate away, or move away from the goal.

# RULES:
1. OVERRIDE - Infeasible tutorial: If a tutorial is provided and starts with `Infeasible', agent.
fail() is the only correct action.
2. Prefer terminal over GUI; between GUI options, prefer shorter or more efficient actions (
hotkey > several clicks).
3. Do NOT select an action the agent has already tried 2-3 times without progress.
4. If a tutorial is provided and does NOT start with `Infeasible', prefer candidates that follow
it, but trust the actual screenshot(s) over the tutorial when they differ.
5. Judge if the instruction can be EXACTLY fulfilled with agent.done() or is IMPOSSIBLE with
agent.fail().
6. On the LAST step, only agent.done() or agent.fail() can succeed.
7. Google Chrome is the ONLY feasible browser.

# TUTORIAL
{tutorial, None if not available}

# TASK INSTRUCTION
{instruction}

# HISTORY
history of past steps (Thought, Action, and screenshots for the most recent K=3 steps, and only
actions for the rest of the trajectory)

# CURRENT SCREENSHOT
{current_screenshot}

# CANDIDATE ACTIONS
{candidate_actions}

# STEP
You are on step {current_step} of maximum {max_steps} steps.

# TASK:
Respond only with valid JSON (no extra keys or comments).
{

"reason": "Thinking about the best action to choose, based on the criteria and rules above.",
"best_index": {index of the best action}

}
"best_index" MUST be an integer in the inclusive range [0, number_of_candidates - 1].

Figure 9: Judge prompt used to select the best candidate action based on the current state, task instruction, retrieved
tutorial, and evaluation criteria.

E Grounding Prompt

You are a GUI grounding agent. Given a screenshot and user's grounding instruction, locate the UI
element. Examine the screenshot carefully, think step by step about which element matches, then
provide the coordinate.

Match the requested semantic label, not merely a similar-looking icon. In LibreOffice Calc, "
Background Color", "Fill Color", or "paint bucket" means the cell background/fill-color bucket
control, not the funnel-shaped AutoFilter icon. The output should just be the coordinates of a
point, in the format [x,y]. Additionally, if the task is infeasible (e.g., the task is not
related to the image), the output should be [-1,-1].

# Task instruction:
{}.

# Screenshot:



{}

Figure 10: Grounding prompt used by UI-Venus-1.5 to localize UI elements from grounding instructions and
screenshots.

F R-WoM reimplementation

F.1 Implementation details

We reimplement the R-WoM method based on the description in the paper. We make the following
implementation changes to R-WoM to make it work and compatible with our environment and to other
baselines for a more controlled comparison. We want to stress that these changes do not worsen or even
improve the performance of R-WoM, which is to use a text-based world model for rollout and a judge to
evaluate the rollout.

1. We use action space defined by Agent-S2 (Agashe et al., 2025b) , instead of the original action space
of OSWorld (Xie et al., 2024) used in R-WoM. This action space makes agent act more effectively
and is more widely adopted by other GUI agent works, such as the baseline GTA1 (Yang et al.,
2026b), Agent-S family (Agashe et al., 2025b; Gonzalo et al., 2025) and UITAR1.5 (Qin et al.,
2025b).

2. We notice text-based rollout of R-WoM does not produce well-structured rollout that follows the
rules in the prompt, which makes it hard for R-WoM judge (ranker) to judge from the rollout. For
example, given the horizon H = 2, it does not stop at the state 2 as required, and it stops at rollout
actions instead. Therefore, we design a new rollout prompt with stricter rules and a more structured
output format, as shown in the rollout prompt in Figure 11.

3. To make it fair to compare R-WoM with other baselines such as GTA1 (Yang et al., 2026b), we add
judge rules from GTA1 to R-WoM judge prompt.

4. We do not reuse policy prompt from R-WoM, since it is not compatible with other baselines and it
is independent of the rollout ability of text-based world model in R-WoM. Instead, we use policy
prompt from GTA1 (Yang et al., 2026b) for all methods, including R-WoM.

F.2 Rollout prompt

You are a world-model assistant with extensive knowledge of desktop and web UIs.
Given the task objective, a candidate action, and the observation before the candidate action,
you must "simulate the future" and describe the plausible future states.



Modified prompt

# ACTION SPACE:
Allowed agent methods (you MUST only use these, with correct arguments; there is NO
right_click/double_click method):
- agent.click(instruction, num_clicks=1, button_type='left', hold_keys=[]) # right-click:
button_type='right'; double-click: num_clicks=2
- agent.done(return_value=None)
- agent.drag_and_drop(starting_description, ending_description, hold_keys=[])
- agent.fail()
- agent.highlight_text_span(starting_phrase, ending_phrase)
- agent.hover(instruction)
- agent.hold_and_press(hold_keys, press_keys)
- agent.hotkey(keys)
- agent.open(app_or_filename)
- agent.scroll(instruction, clicks, shift=False)
- agent.set_cell_values(cell_values, app_name, sheet_name)
- agent.switch_applications(app_code)
- agent.type(element_description, text='', overwrite=False, enter=False)
- agent.wait(time)

# TUTORIAL USAGE GUIDELINES

1. Use tutorials to identify efficient workflow patterns that should be predicted as likely
outcomes.
2. Provide a reference to the tutorial if the current situation matches the standard operations
in the tutorials.
3. If the current situation does not align with tutorials, rely on internal world knowledge
instead.

# ENVIRONMENT AWARENESS CHECKLIST

- Visible UI elements: text, icons, menus, modals, tooltips.
- Element states: enabled/disabled, focused/hovered, loading progress.
- Hidden or off-screen affordances revealed by scrolling or clicking.
- Cursor position, caret position, selection highlights.
- Global context: file system changes, network requests, OS dialogs.

# OUTPUT FORMAT

Produce an ordered chain from STATE 0 (current) up to STATE {k_steps}.



Additional prompt

# STRICT RULES:
- The highest allowed STATE index is {k_steps}. Never output STATE {k_steps} + 1 or any larger
index.

- After STATE 0, output ACTION 0: followed by the candidate action exactly as provided in the
user message.
- Between every two consecutive states, you MUST output an ACTION line.
- Every STATE i (for i < {k_steps}) MUST be followed by ACTION i: before STATE i+1.
- STOP IMMEDIATELY after STATE {k_steps}.
- Do NOT output ACTION {k_steps} or any text after the last STATE.
- The response must end with STATE {k_steps}: <description>.
- Do not add explanations, code fences, headings, or extra text before or after the rollout.

# EXAMPLE OUTPUT:
{rollout_example}

## WRONG (do NOT do this):
STATE {k_steps}: <description>
ACTION {k_steps}: <any action here>

The ACTION {k_steps} line is forbidden; the response must end at STATE {k_steps}.

# TASK OBJECTIVE

{instruction}

# TUTORIAL EVIDENCE (IF ANY)

{evidence_text}

# HISTORY
history of past steps (Thought, Action, and screenshots for the most recent K=3 steps, and only
actions for the rest of the trajectory)

# CURRENT SCREENSHOT

{current_obs_caption}

# CANDIDATE THOUGHT AND ACTION

Thought: {thought}

Action: {action_code}

# CURRENT STEP

You are on step {current_step} of maximum {max_steps} steps.

Figure 11: R-WoM prompt in our reimplementation.

Rollout Example, K=1

ROLLOUT_EXAMPLE_K1 = """STATE 0 (current): A browser settings page is open with the search field
focused and empty.
ACTION 0: agent.typewrite(text="downloads")
STATE 1: The search field contains "downloads", and matching download-related settings are
visible."""

Rollout Example, K=2



ROLLOUT_EXAMPLE_K2 = """STATE 0 (current): A browser settings page is open with the search field
focused and empty.
ACTION 0: agent.typewrite(text="downloads")
STATE 1: The search field contains "downloads", and matching download-related settings are
visible.
ACTION 1: agent.click(instruction="Click the Change button for download location")
STATE 2: A file chooser dialog opens with folder choices and Cancel and Select buttons."""

Rollout Example, K=3

ROLLOUT_EXAMPLE_K3 = """STATE 0 (current): A browser settings page is open with the search field
focused and empty.
ACTION 0: agent.typewrite(text="downloads")
STATE 1: The search field contains "downloads", and matching download-related settings are
visible.
ACTION 1: agent.click(instruction="Click the Change button for download location")
STATE 2: A file chooser dialog opens with folder choices and Cancel and Select buttons.
ACTION 2: agent.click(instruction="Select the Documents folder")
STATE 3: The Documents folder is highlighted in the file chooser, ready to be selected as the new
download location."""

We use different examples with different K steps of rollout.

F.3 R-WoM judge

R-WoM Judge Prompt

You are an expert at evaluating computer-use agent planning on Ubuntu. You are given a task
instruction, a tutorial for this task if available, the agent history, the current screenshot,
candidate actions, and simulated rollouts for each candidate action. Your task is to rank the
candidate actions by how effectively they advance toward the overall goal, considering both the
current observation and their simulated future outcomes.

Modified prompt

# ACTION SPACE:
Allowed agent methods (you MUST only use these, with correct arguments; there is NO
right_click or double_click method):
- agent.click(instruction, num_clicks=1, button_type='left', hold_keys=[]) # right-click:
button_type='right'; double-click: num_clicks=2
- agent.done(return_value=None)
- agent.drag_and_drop(starting_description, ending_description, hold_keys=[])
- agent.fail()
- agent.highlight_text_span(starting_phrase, ending_phrase)
- agent.hover(instruction)
- agent.hold_and_press(hold_keys, press_keys)
- agent.hotkey(keys)
- agent.open(app_or_filename)
- agent.scroll(instruction, clicks, shift=False)
- agent.set_cell_values(cell_values, app_name, sheet_name)
- agent.switch_applications(app_code)
- agent.type(element_description, text='', overwrite=False, enter=False)
- agent.wait(time)



Additional prompt

# EVALUATION CRITERIA:
Use the actual screenshots as ground truth. Tutorial alignment is guidance unless the tutorial
starts with `Infeasible'.

1. Feasibility: Can the action actually be performed from the current screenshot? If the
target element is not visible, reject it. If a rollout is shown, it must support that the
action worked.
2. Exactness: Does the action relate to the user task? No extra or unnecessary steps are
performed.
3. Effectiveness: Does the action make meaningful progress in the rollout or final simulated
state?
4. Completion: Is the task already done? If yes, rank agent.done() highest.
5. Tutorial alignment: Prefer candidates whose rollouts follow a feasible tutorial, but trust
the current screen over the tutorial when they differ.
6. No regression: Reject actions whose rollouts break state, navigate away, or move away from
the goal.

# RULES:
1. OVERRIDE - Infeasible tutorial: If a tutorial is provided and starts with `Infeasible',
agent.fail() is the only correct action.
2. Prefer terminal over GUI; between GUI options, prefer shorter or more efficient actions (
hotkey > several clicks).
3. Do NOT rank an action highest if the agent has already tried it 2-3 times without progress.
4. If a tutorial is provided and does NOT start with `Infeasible', prefer candidates that
follow it, but trust the actual screenshot(s) over the tutorial when they differ.
5. Judge if the instruction can be EXACTLY fulfilled with agent.done() or is IMPOSSIBLE with
agent.fail().
6. On the LAST step, only agent.done() or agent.fail() can succeed.
7. Google Chrome is the ONLY feasible browser.

# TASK INSTRUCTION:
{instruction}

# TUTORIAL EVIDENCE (if available):
{evidence_text}

# STEP HISTORY:
history of past steps (Thought, Action, and screenshots for the most recent K=3 steps, and only
actions for the rest of the trajectory)

# CURRENT SCREENSHOT:
{current screenshot}

# CANDIDATE ACTIONS AND ROLLOUTS:
Each block below contains one candidate action and the corresponding world-model simulation.
Evaluate each candidate's feasibility, correctness, and effectiveness, then rank them.
{rollouts_block}

# STEP:
You are at step {current_step} of the max step {max_steps}.

# TASK:
Respond only with valid JSON (no extra keys or comments).
{
"reason": "Thinking about the ranking of the candidate actions, based on the criteria, rules,

current screenshot, tutorial, and rollouts above.",
"ranking": [{indices of candidate actions from best to worst}]

}
"ranking" MUST contain every candidate index exactly once.

Figure 12: R-WoM judge prompt in our reimplementation.

G Visual Ground-Truth implementation details



To find the ground-truth screenshot for each step in the serial option, we first use QEMU virtual machine
supported by Singularity as our environment for OSWorld. We first save a QEMU snapshot of the current
VM state before evaluating any candidate action. This snapshot saves the exact state of the VM, including
the screen, memory, and disk, allowing us to restore it to this state after each candidate action is executed.
We then execute each candidate action one at a time on the same VM, wait for the interface to settle,
and capture the resulting screenshot as that candidate’s ground-truth next state. After each candidate is
executed, the VM is restored back to the saved snapshot, so the next candidate starts from the exact same
screen state. This makes the comparison fair and deterministic on most of the tasks, with a few exception
when the task involves internet access and the content on the screen may change (e.g., Google search
results). See more details in Appendix I.

You are a desktop computer agent on Ubuntu with internet access that evaluates actions by
considering the observation before the action candidates and the potential outcomes of these
actions. Rank the candidate actions by how effectively they advance toward the goal, considering
both the current observation and their simulated future outcomes.

# ACTION SPACE
Allowed agent methods (you MUST only use these, with correct arguments; there is NO right_click/
double_click method):
- agent.click(instruction, num_clicks=1, button_type='left', hold_keys=[]) # right-click:
button_type='right'; double-click: num_clicks=2
- agent.done(return_value=None)
- agent.drag_and_drop(starting_description, ending_description, hold_keys=[])
- agent.fail()
- agent.highlight_text_span(starting_phrase, ending_phrase)
- agent.hover(instruction)
- agent.hold_and_press(hold_keys, press_keys)
- agent.hotkey(keys)
- agent.open(app_or_filename)
- agent.scroll(instruction, clicks, shift=False)
- agent.set_cell_values(cell_values, app_name, sheet_name)
- agent.switch_applications(app_code)
- agent.type(element_description, text='', overwrite=False, enter=False)
- agent.wait(time)"""

Multi-horizon rollout (depth={depth})**: Each candidate shows a trajectory of {depth} steps
executed on the real VM. The first action is the candidate's proposed action; subsequent actions
were chosen by the policy model based on the resulting screenshot. Evaluate the FULL trajectory;
prefer the candidate whose trajectory makes the most cumulative progress.

# EVALUATION CRITERIA:
Use the actual screenshots as ground truth. Tutorial alignment is guidance unless the tutorial
starts with 'Infeasible'.
1. Feasibility - Can the action actually be performed from the current screenshot? If the target
element is not visible, reject it. If an after-screenshot or rollout is shown, it must support
that the action worked.
2. Exactness - Does the action relate to the user task? No extra or unnecessary steps are
performed.
3. Effectiveness - Does the action make meaningful progress in the available screenshot(s),
rollout, or final state?
4. Completion - Is the task already done? If yes, do agent.done().
5. Tutorial alignment - Prefer candidates that match a feasible tutorial, but trust the current
screen over the tutorial when they differ.
6. No regression - Reject actions that break state, navigate away, or move away from the goal.

# TUTORIAL GROUNDING GUIDANCE (IF TUTORIAL IS PROVIDED):
Prioritize action sequences that follow the standard operations in the tutorials and have
captured the milestones and conditions to make more meaningful progress to achieve the task
objective.

# RULES:
(1) **OVERRIDE - Infeasible tutorial**: If a tutorial is provided and starts with 'Infeasible',
agent.fail() is the only correct action.
(2) Prefer terminal over GUI; between GUI options prefer shorter/more efficient actions (hotkey >
several clicks).



(3) Do NOT select an action the agent has already tried 2-3 times without progress.
(4) If a tutorial is provided and does NOT start with 'Infeasible', prefer candidates that follow
it, but trust the actual screenshot(s) over the tutorial when they differ.
(5) Judge if the instruction can be EXACTLY fulfilled with agent.done() or is IMPOSSIBLE with
agent.fail().
(6) On the LAST step, only agent.done() or agent.fail() can succeed.
(7) Google Chrome is the ONLY feasible browser.

Evaluate each candidate by its full observed trajectory, not just the action text.
Prefer the candidate whose resulting state makes the most progress toward the task goal.
For multi-step trajectories, evaluate cumulative progress across ALL steps and focus on the FINAL
screenshot.

# TASK INSTRUCTION
{instruction}

# HISTORY
history of past steps (Thought, Action, and screenshots for the most recent K=3 steps, and only
actions for the rest of the trajectory)

# CURRENT SCREENSHOT
{current_screenshot}

# CANDIDATE ACTIONS
{candidate_actions}

# STEP
You are on step {current_step} of maximum {max_steps} steps.

# TASK
Based on the ACTUAL screenshots above, select the candidate that makes the most progress toward
the task goal.

Respond **only** with valid JSON (no extra keys or comments). `ranking` MUST contain each
candidate index exactly once, ordered from best to worst. The first index in `ranking` is the
selected action. Valid candidate indices are 0 to {n_candidates_minus_one}. Never output `-1`.

```json
{{

"thought": "what is the best action to choose given the evaluation above?",
"ranking": [x, x, x]

}}
```

Figure 13: Visual ground-truth judge prompt used to rank candidate action trajectories using screenshots captured
from the virtual machine.



H Ground-Truth Error Analysis

We follow the same procedure described in Qian et al. (2026) to analyze the error of the ground-truth
visual rollout. In total, we sample 2116 failed tasks from all runs with ground-truth rollouts. We first
sample 30 tasks and manually go through trajectory data: screenshots, policy "thought" tokens, judge
"thought" tokens, and proposed actions. We then identify and summarize the following core categories of
errors that lead to the failure of the agents:

1. Wrong MLLM-generated tutorial: MLLM-generated tutorials are not correct and the agent doesn’t
know how to recover from wrong steps in the tutorial. We show an example of this case in Figure 14.

2. Policy fails to follow the tutorial correctly: The policy itself misunderstands, skips, contradicts, or
wrongly executes a tutorial step. We show an example of this case in Figure 15.

3. Grounding error: The grounding model maps the same action description to different regions in the
visual input, which leads to wrong grounding and thus failure. We show an example of this case in
Figure 19.

4. Observation hallucination in policy: The policy misreads the current state and thus reasons toward
a wrong action. We show an example of this case in Figure 18.

5. The judge fails to reason over future states: GT-rollout judges can fail to reason over future
states to wrongly judge the progress of the task. We show an example of this case in Figure 20 and
Figure 16.

6. The judge fails to understand task success: We find a notable portion of cases where the GT-rollout
judge fails to understand task success, which is a more specific failure mode. GT-rollout judges fail
to understand whether future states satisfy the task instruction. We show an example of this case in
Figure 17.

7. Web server error: The web server hosting the task environment has issues, such as the target website
being down. This is an external factor that can lead to failure, and it is not caused by the agent’s
decision-making process.

8. Agent doing correctly but runs out of max steps: The agent is following a correct path but reaches
the 15-step or 50-step limit before completing the task. We show an example of this case in Figure 21.

We then use an MLLM (Gemini 3.5 Flash (Google DeepMind, 2026)) to annotate the rest of the failed
tasks. Given the trajectory data of a task, we prompt it (see Figure 26) to classify failure reasons into
above categories. Because a failed task might have many root causes, we adopt Qian et al. (2026) to ask
the MLLM to classify potential errors into: 1) a primary reason and 2) mentioned (secondary) reasons.
Note that mentioned reasons cannot be duplicated with the primary reason.

To assess the reliability of this MLLM-as-a-judge framework, we run MLLM with above manually
annotated examples by human and find that the agreement rate for the primary reason reaches 90%.
Furthermore, we randomly sample 20 examples from MLLM results to examine manually. All of the
results are reasonable and aligned with our predefined categories of error. Based on MLLM’s result, we
plot number of primary and mentioned reasons in Figure 3.



Task ID: a96b564e-dbe9-42c3-9ccf-b4498073438a

Tutorial. <...>

Once you are on the “Top” page, you can narrow down the timeframe to see which discussion has the most replies in
history:

• Look for the dropdown menu that usually says “this week” or “this month” (located just below the main tabs).

• Change this selection to “All Time”.

•

Incorrect tutorial step. The list will refresh. Look at the “Replies” column on the right side of the list. The
discussion at the very top of this list will be the one with the most replies in FlightAware history.

<...>

Correct step. Click “Replies” to sort the discussions by number of replies, then select the discussion at the top of the sorted
list.
The list will refresh. Look at the “Replies” column on the right side of the list. The discussion at the very top of this list
will be the one with the most replies in FlightAware history.

Figure 14: An example of a wrong tutorial. The top panel shows the tutorial given to the agent, and the bottom
panel shows the screenshot where agents fails.



Example: Agents fail to follow the tutorial correctly.

Task ID: eb303e01-261e-4972-8c07-c9b4e7a4922a

Task. Tomorrow, I am scheduled to deliver a talk, and my PowerPoint slides and speaking notes are saved on the desktop.
Help me insert my planned remarks for each slide into the “note” section of the PowerPoint as a reminder. I have completed
this task for some slides; assist me in completing the remaining part.

Failure. The agent should copy the planned remarks from notes.docx and paste them into the active notes area, but
instead it hallucinates and types the slide’s own content into the notes section.

Tutorial.

3. Enable the Notes View

• If the notes input area is not visible at the bottom of the main
workspace, go to the top menu and select View > Notes.

• Alternatively, you can click the Notes tab located directly above the
main slide workspace.

4. Copy and Paste the Remarks

• Switch back to the notes.docx window.

• Highlight and copy (Ctrl + C) the specific text corresponding to the
active slide.

4. Copy and Paste the Remarks (continued)

• Switch back to the presentation window and click inside the area
labeled “Click to add notes” below the slide image.

• Paste the text (Ctrl + V).

5. Repeat for Remaining Slides

• Select the next slide in the sequence from the left pane.

• Repeat the copy-paste process for all subsequent slides until all
planned remarks from the Word document are successfully transferred
to the PowerPoint file.

(a) Step 6. (b) Step 7.

(c) Step 8. (d) Step 9.

Figure 15: Example of agents failing to follow the tutorial correctly. The policy should copy planned remarks from
notes.docx and paste them into the PowerPoint notes section, but instead types slide content directly into the notes
area.



Tutorial-consistent action (should have done):
Copy the remaining remarks from notes.docx, return to the presentation, and paste them into the active notes area.

Executed action at Step 9:
agent.type(element_description="the ‘Click to add Notes’ area",
text="Course Essentials\n... Student can...", enter=True)

Other candidate actions:
agent.switch_applications(app_code="libreoffice-writer")
agent.done()

Policy thought at Step 9. The Notes area for Slide 2 is active and ready for pasting the remarks. I have already copied
the text for Slide 2 from the notes.docx file in a previous step. The next logical action is to paste the text into this active
Notes area using Ctrl+V. This aligns with the tutorial’s instruction to paste the text after switching back to the presentation
window.

Figure 15: Example of agents failing to follow the tutorial correctly (continued).



Task ID: 7b7617bd-57cc-468e-9c91-40c4ec2bcb3d

Judge tokens. GT-Rollout judge: The goal is to set the minimum number of undo steps to 100. The current screenshot
shows the “Document History” section, but the specific “Minimal number of undo levels” setting is not visible. Previous
scrolling attempts have not revealed it. The “Document History” section might need to be expanded or further scrolled to
locate the setting. However, the hotkey action did not yield any visible progress toward the goal. The best course of action
is to continue scrolling within the “Document History” section to locate the desired setting.

(a) Current state.

Chosen Action.
agent.scroll(instruction="at the center of the windows Preference",
clicks=-5)

(b) GT future state.

Figure 16: An example where the judge fails to reason task process over the future. The judge recommends
continued scrolling from the current state, even when it realizes the GT future state does not show progress.



Example: Fail to find the target state.

Task ID: 06fe7178-4491-4589-810f-2e2bc9502122

Task. Can you make my computer bring back the last tab I shut down?

(a) State 1.

Chosen Action 1. agent.hotkey(keys=[’ctrl’, ’shift’, ’t’])

(b) State 2.

Index 0 (should have chosen):
agent.done()

Index 1 (chosen):
agent.hotkey(keys=[’ctrl’, ’shift’, ’t’])

Index 2:
agent.click(instruction="the ’Tripadvisor’ tab in the browser",
num_clicks=1, button_type=’left’, hold_keys=[])

Judge tokens. GT-Rollout judge: The task is to restore the last closed tab. The
tutorial confirms that Ctrl+Shift+T is the correct method. Candidate 1 successfully
executed this shortcut and brought up the history page, which indicates the tab was
restored. Candidate 0 does nothing and is not useful. Candidate 2 clicks on the current
tab, which does not restore a closed tab. Therefore, Candidate 1 is the best choice as
it directly fulfills the task.

Figure 17: An example where the judge fails to understand task success. The judge selects the restore-tab shortcut
in State 1, observes State 2 after that action, and still selects the highlighted restore-tab option again.



Example: Wrong reasoning over the current state.

Task ID: 82bc8d6a-36eb-4d2d-8801-ef714fb1e55a

Task. On next Monday, look up a flight from Mumbai to Stockholm.

Policy thought. The current date selected is May 21, 2026, which is a Wednesday. The task requires selecting the upcoming
Monday. The next Monday after May 21 is May 26, 2026. I need to click on May 26 in the calendar to set the correct
departure date.

Figure 18: Wrong reasoning over the current state. The policy misreads the currently selected departure date and
reasons toward an incorrect next-Monday target.



Example: Wrong grounding.

Task ID: 37608790-6147-45d0-9f20-1137bb35703d

Task. The information are mixed in one field. Help me split them and fill in the columns of First Name, Last Name and
Rank. Finish the work and don’t touch the original data.

Grounded action. agent.drag_and_drop(starting_description=‘the fill handle of
cell B2’, ending_description=‘cell B22’, hold_keys=[])

(a) Grounding visualization.

(b) Resulting state after the grounded action.

Figure 19: Wrong grounding example. The grounding model maps the drag-and-drop action to an incorrect
spreadsheet region, selecting the wrong range in the resulting state.



Example: Failure to reason over future states.

Task ID: 67890eb6-6ce5-4c00-9e3d-fb4972699b06

Task. I am an NLP researcher. Check out the best long paper awards of ACL from 2019 to 2022 and record the title,
year, author list, and PDF link into table best_awards_acl.xlsx on the desktop. Separate authors only by commas,
use official ACL Anthology URLs, not arXiv, and sort rows by year in descending order.

(a) State 1. (b) State 2.

Index 0 (should have chosen):
agent.type(element_description="the search bar on the ACL Anthology website",
text="ACL 2021", enter=True)

Index 1 (chosen):
agent.switch_applications(app_code="libreoffice-calc")

Index 2:
agent.hotkey(keys=["ctrl", "s"])

Judge tokens. GT-Rollout judge: Candidate 1 switches to LibreOffice Calc, showing the spreadsheet
best_awards_acl.xlsx with data already entered for the 2022 award, which directly progresses the
task of recording award information. Candidate 0 results in a failed search, and Candidate 2 triggers
a save dialog unrelated to the task. Selected: 1.

(c) State 2 future.

Figure 20: The judge fails to reason over the future. The judge selects the candidate that returns to the partially
completed spreadsheet because it observes existing 2022 data, instead of preferring the candidate that continues
searching for missing ACL award entries.



Example: Agent runs out of max steps.

Task ID: 6f4073b8-d8ea-4ade-8a18-c5d1d5d5aa9a

Task. I now want to count the meeting cities of the three machine learning conferences in the past ten years from 2013 to
2019 (including 2013 and 2019). I have listed the names and years of the conferences in Excel. Please fill in the vacant
locations.

Failure step. Step 50.

Figure 21: Out-of-max-steps example. The agent is still working on the spreadsheet at step 50 but has not completed
all missing conference locations before reaching the step limit.

I Example of stochastic dynamics in OSWorld environment
We provide examples of rollout mismatch issues in the OSWorld environment in Figures 22–25. In

these cases, the screenshot captured in the rollout VM differs from the screenshot captured in the real VM
after executing the same action.
J GT-Rollout Failure Analysis Prompt

# SYSTEM PROMPT

You are an expert desktop UI-agent and GT-rollout failure analyst.

# OUTPUT SCHEMA
Return JSON only with this exact top-level shape:
{
"primary_reason": {

"category": "<allowed category string>",
"error_step": integer or null,
"details": string

},
"mentioned_reasons": [

{
"category": "<allowed category string>",
"has_reason": true,
"error_step": integer or null,
"details": string



}
],
"step_evidence": [

{
"step": integer or null,
"screenshot_ids": [integer],
"action": string,
"grounded_action": string,
"details": string

}
],
"reason_presence": {

"grounding error": boolean,
"tutorial error": boolean,
"tutorial is not completed": boolean,
"observation hallucination in policy thought": boolean,
"agent doing correctly but runs out of max steps": boolean,
"web server error, agent cannot connect": boolean,
"the judge fails to reason over the future state": boolean,
"the judge fails to reason over the future state, fails to understand task success": boolean,
"agents fail to follow the tutorial correctly": boolean

}
}

Use only category strings exactly as listed.

# ALLOWED CATEGORY STRINGS
- "grounding error"
- "tutorial error"
- "tutorial is not completed"
- "observation hallucination in policy thought"
- "agent doing correctly but runs out of max steps"
- "web server error, agent cannot connect"
- "the judge fails to reason over the future state"
- "the judge fails to reason over the future state, fails to understand task success"
- "agents fail to follow the tutorial correctly"

# CATEGORY DEFINITIONS
- grounding error: The high-level action or selected candidate is correct, but the grounded UI
operation targets the wrong (x,y) coordinate, window, field, or application state. For example,
the agent outputs "click the 'Submit' button", but the grounded UI operation clicks a position
that is not the Submit button.
- tutorial error: The tutorial is incorrect, and the agent does not know how to recover from the
wrong tutorial step.
- tutorial is not completed: The tutorial does not provide sufficiently fine-grained actions to
complete the task, and the agent fails to infer the missing fine-grained actions by itself.
- observation hallucination in policy thought: The policy hallucinates a wrong observation in its
thought process, which leads to a wrong next action. For example, the policy hallucinates that
it has already opened the target application and then tries to interact with that application.
- agent doing correctly but runs out of max steps: The agent is following a correct path but
reaches the maximum step limit before completing the task; this may be caused by one of the above
reasons or another weak/unclear reason.
- web server error, agent cannot connect: The web server hosting the task environment has issues,
such as the target website being down.
- the judge fails to reason over the future state: Use when the GT-rollout judge/selector is the
decisive failing component: it selects, approves, or keeps preferring a wrong candidate/action
because it misreads the current screenshot, candidate rollout screenshots, or future/resulting
state. If the policy proposed a correct tutorial-following action but the judge chose a different
candidate by hallucinating that the wrong future state was successful, this category should be
primary, not tutorial-following failure. Do not also use this category for the same evidence when
the more specific task-success category applies.
- the judge fails to reason over the future state, fails to understand task success: The policy
or GT-rollout judge fails to understand whether the current/future state satisfies the task
instruction, especially when it terminates with agent.done() despite visible evidence that the
task is still incorrect. Use this more specific category instead of the broader judge future-
state category for that same termination/task-success evidence.
- agents fail to follow the tutorial correctly: Use when the policy/agent itself misunderstands,
skips, contradicts, or wrongly executes a tutorial step, and that policy/agent behavior is the



decisive cause of failure. Do not use this as primary when the policy/proposed actions include
the correct tutorial-following action but the GT-rollout judge selects a different wrong
candidate; in that case use the judge future-state reasoning category as primary.

Do not output "other", "unknown", "unclear", or any category not listed above. If no category
fits perfectly, choose the closest listed category and explain the mismatch in details.
The primary_reason must be the latest decisive reason that directly explains the final failed
outcome. Prefer evidence from the final or near-final trajectory step, especially a judge
selection, termination decision, or executed action that preserves or confirms the failure.
Earlier mistakes should be secondary mentioned_reasons unless no later decision independently
causes, preserves, or confirms the failed state.
Critical distinction between tutorial-following failure and judge future-state failure:
- Use the tutorial-following category only when the policy/agent itself misunderstands, skips,
contradicts, or wrongly executes a tutorial step, and that policy/agent action is the decisive
cause.
- Use the judge future-state reasoning category when the GT-rollout judge selects, approves, or
keeps preferring a wrong candidate/action because it misreads the current screenshot, misreads
candidate/future screenshots, or hallucinates that an incorrect future state satisfies the task.
- If a correct tutorial-following candidate/action was available or proposed, but the judge chose
a different candidate by claiming its resulting state was correct, the primary_reason must be
the judge future-state reasoning category. The tutorial-following category may be mentioned only
if the policy/agent also independently failed to follow the tutorial.
If the final or near-final step marks the task done even though screenshots/evaluator evidence
show the task is not successful, prefer "the judge fails to reason over the future state, fails
to understand task success" as primary over earlier action or grounding errors.
mentioned_reasons must include every listed category that has evidence in the trajectory,
including secondary causes.
Do not double-list overlapping judge categories in mentioned_reasons: if "the judge fails to
reason over the future state, fails to understand task success" applies, do not also include "the
judge fails to reason over the future state" for the same evidence. Include both only when there
is separate non-task-success judge-selection evidence at a different step.
reason_presence must contain every allowed category with true or false.
Keep the JSON compact: primary_reason.details and each mentioned_reasons.details must be one
short sentence.
Return at most 6 mentioned_reasons entries, only for categories with concrete evidence.
Return at most 6 step_evidence entries total, prioritizing the primary reason step and the latest
decisive evidence near the end.
step_evidence must cite screenshot IDs from the provided Image index. Do not invent screenshot
IDs. Do not generate screenshots. The renderer will embed the referenced images.
For each step_evidence item, include the trajectory step, the high-level action proposed by the
policy, the grounded/executed action from traj.jsonl or pre_grounded fields, and one short
sentence explaining why the screenshot/action matters.
Use the evaluation JSON and result details as the source of truth for the final failed state.
Use GT-rollout candidate images/actions to decide whether the failure came from policy proposal,
grounding, rollout prediction, selection, tutorial conditioning, evaluator issues, or termination
behavior.
Do not invent evidence. If evidence is weak, say so in details.
No markdown fences. No prose outside JSON.

# USER PROMPT

Analyze this failed OSWorld GT-rollout task.

You are given the full task/evaluation bundle, the full traj.jsonl text, and every raster image
referenced by the trajectory. Images have been preprocessed with max_image_pixels={
max_image_pixels}; they are not raw screenshots.

Task instruction:
{task_instruction}

Image index:
{image_index}

Classify the primary failure reason and every category that is mentioned by evidence in the
trajectory.
Also produce compact step_evidence entries for the screenshots/steps that justify the
classification. Refer to screenshots by Image number only.



Task bundle and full trajectory:

{bundle_markdown}

Figure 26: Gemini prompt used to classify failed GT-rollout trajectories and extract compact evidence for the failure
analysis.

K LLM Usage Statement

The authors used LLM-based assistants for limited editorial and technical support, including grammar and
clarity edits, LaTeX debugging, and draft phrasing for non-substantive text. We also use LLM-assisted
programming like Claude Code and Codex to implement infrastructure code for ground-truth visual
rollouts and other baselines. All LLM-assisted text and code changes were inspected and revised by the
authors. The authors are responsible for the final manuscript, including all claims, analyses, tables, figures,
citations, and conclusions.



(A) Screenshot captured in a rollout VM.

(B) Screenshot captured in a real VM.

Figure 22: Rollout vs. real VM (case 0).



(A) Screenshot captured in a rollout VM.

(B) Screenshot captured in a live VM.

Figure 23: Rollout vs. live VM (case 1).



(A) Screenshot captured in a rollout VM.

(B) Screenshot captured in a live VM.

Figure 24: Rollout vs. live VM (case 2).



(A) Screenshot captured in a rollout VM.

(B) Screenshot captured in a live VM.

Figure 25: Rollout vs. live VM (case 3).
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