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Abstract

Vision-Language Models (VLMs) have cat-
alyzed the development of Graphical User
Interface (GUI) agents for desktop automa-
tion. However, reinforcement learning (RL)
for GUI agents remains bottlenecked by two
challenges: existing RL frameworks still leave
substantial idle time inside the rollout stage,
and the learning signal from long-horizon,
sparse-reward interactions is highly imbal-
anced. In this paper, we introduce DART, a
fully Decoupled Agentic RL Training frame-
work for GUI agents. Whereas prior RL de-
signs only separate the trainer from the rollout,
DART splits the pipeline into four independent
modules: environment cluster, rollout service,
data manager, and trainer, which brings two
extra efficiency benefits: rollout-wise trajec-
tory scheduling and per-worker model synchro-
nization. This yields a 1.6× increase in GPU
utilization, a 1.9× boost in training through-
put, and a 5.5× increase in environment utiliza-
tion over a non-decoupled baseline. We further
propose a multi-level adaptive data curation
scheme operating at the task, trajectory, step,
and token levels: it reallocates rollout budget
by task difficulty, bootstraps hard tasks with
a pre-collected experience pool, restricts pol-
icy updates to high-entropy critical steps, and
applies truncated importance sampling to ab-
sorb the distribution gap between the rollout
and training engines. On the OSWorld bench-
mark, our DART-GUI-7B achieves a 43.28%
task success rate, a 15.76% absolute improve-
ment over its base model and a new state-of-the-
art among open-source 7B-scale agents. Code,
data, and model checkpoints are open-sourced
at https://computer-use-agents.github.
io/dart-gui/.

1 Introduction

The rapid advancement of multimodal founda-
tion models, particularly large language models
(LLMs) (OpenAI, 2025b; DeepSeek-AI, 2025) and
vision-language models (VLMs) (Bai et al., 2025;
Wang et al., 2024; Shen et al., 2025), has catalyzed
the development of autonomous agents capable
of perceiving and interacting with graphical user
interfaces (GUIs) (Liu et al., 2024; Hong et al.,
2024). Operating directly on raw visual observa-
tions and natural language instructions, these GUI
agents (OpenAI, 2025a; Bai et al., 2025; Guo et al.,
2025) demonstrate immense potential for automat-
ing workflows across both desktop and mobile envi-
ronments. While reinforcement learning (RL) has
proven effective for enhancing the reasoning and
exploration capabilities of LLMs/VLMs in various
domains (Zhang et al., 2025; Wang et al., 2025c;
Ye et al., 2025), its application to GUI agents (es-
pecially desktop agents) remains particularly chal-
lenging. GUI tasks typically involve long-horizon,
multi-turn interactions that maintain multimodal
context across dozens of states and actions, making
RL training processes prohibitively inefficient.

While recent efforts have attempted to adapt RL
for GUI agents (Lu et al., 2025; Yang et al., 2025),
their performance remains modest, lagging behind
closed-source, proprietary systems (Anthropic,
2025b; OpenAI, 2025a; Wang et al., 2025a). We
identify two primary bottlenecks. First, existing
RL frameworks leave substantial idle time inside
the rollout stage. Recent asynchronous designs (Fu
et al., 2025b; Cao et al., 2025; Wang et al., 2025c)
decouple the trainer from rollout, but rollout itself
remains synchronous in two ways: environments
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in a batch wait for the slowest trajectory before
the next round, and all workers pause whenever
weights are refreshed. This is less severe in shorter
or more uniform interaction settings, such as many
mobile GUI or text-based tool-use tasks. Desktop
GUI tasks, however, span dozens of steps and tens
of minutes per trajectory with high variance, so
each barrier and each weight update leaves both
GPUs and environments idle for substantial periods.
Second, current RL frameworks extract a highly
imbalanced learning signal from desktop GUI in-
teractions at both the task and step levels. Across
tasks, easy ones consume most of the rollout budget
while hard ones rarely yield a successful trajectory.
Within a trajectory, only a few steps determine the
outcome, while the rest have little effect on it. Stan-
dard policy updates weight all steps equally, so the
signal on these few decisive steps is diluted by the
many unimportant ones. Such imbalances at the
task and step levels destabilize training and slow
convergence.

In this paper, we address these bottlenecks by
introducing DART, a fully Decoupled Agentic RL
Training framework that decouples the RL pro-
cess into four independent, asynchronous modules,
namely the environment cluster, rollout service,
data manager, and trainer. This decoupled design
lets every module run in parallel, so training and
rollout no longer block each other. It addresses the
idle periods within the rollout through two schemes.
With rollout-wise scheduling, each environment
moves on to its next trajectory the moment it fin-
ishes the current one, so it no longer waits for the
slowest peer in the batch. With per-worker model
synchronization, rollout workers are refreshed one
at a time when new weights arrive, so the roll-
out service keeps serving requests throughout the
update. Together they deliver 1.6× higher GPU
utilization, 1.9× higher training throughput, and
5.5× higher environment utilization over a non-
decoupled baseline.

We further introduce a multi-level adaptive data
curation scheme that rebalances and stabilizes
learning across the task, trajectory, step, and token
levels. At the task and trajectory levels, we dy-
namically adjust each task’s number of rollouts and
maximum trajectory length according to its real-
time success rate, and maintain an experience pool
of pre-collected successful trajectories to bootstrap
hard tasks that yield no positive samples online. At
the step level, we restrict policy updates to high-
entropy steps, which represent the critical decision
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Figure 1: Overview of the performance and efficiency of
Decoupled Agentic RL Training (DART) framework.

points within long trajectories, allowing us to con-
centrate the gradient signal where it matters most.
At the token level, a truncated importance sam-
pling weight absorbs the distribution gap between
the rollout and training engines, keeping updates
stable under asynchronous execution.

We evaluate our approach by training DART-
GUI-7B, initialized from the UI-TARS-1.5-7B
(Qin et al., 2025). On the challenging OSWorld
benchmark, our framework provides steady per-
formance improvements, achieving a 43.28% task
success rate. This represents a 15.76% absolute
gain over the base model. More importantly, this
success stems from robust policy learning rather
than memorizing the training environments. DART-
GUI-7B shows strong zero-shot generalization on
171 unseen human-annotated tasks on the Ubuntu
OS, beating the baseline by 8.87% (36.06% vs.
27.19%). It also transfers well to completely dif-
ferent software interfaces in the UI-Vision bench-
mark (Nayak et al., 2025).

Our main contributions are as follows: (1) We
propose DART, a novel decoupled RL framework
that significantly enhances training efficiency for
GUI agents, achieving 1.6× higher GPU utilization
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for rollout, 5.5× better environment utilization, and
1.9× higher training throughput. (2) We introduce
an adaptive data curation scheme that optimizes
learning at the task, trajectory, step, and token lev-
els, leading to more effective policy updates. (3)
We introduce DART-GUI-7B, an open-source GUI
agent model that achieves state-of-the-art perfor-
mance on OSWorld among models at the 7B scale.
To promote reproducibility and advance research
in the agentic RL community, we have fully open-
sourced our code, model checkpoints, and data
at https://computer-use-agents.github.io/
dart-gui/.

2 Related Work

GUI Agents The training paradigms for GUI
agents have shifted from supervised fine-tuning
(SFT) (Lin et al., 2024; Qin et al., 2025; Wang et al.,
2025e), which is often constrained by the fixed pat-
terns of demonstration data, to reinforcement learn-
ing approaches that learn from environmental feed-
back. Early RL methods like GUI-R1 (Luo et al.,
2025) and InfiGUI-R1 (Liu et al., 2025) adopted
offline training without real-time interaction, strug-
gling with distribution shift and multi-turn reason-
ing. Recent online RL frameworks address these
limitations through various strategies: ARPO (Lu
et al., 2025) extends GRPO for multi-turn interac-
tions, ZeroGUI (Yang et al., 2025) automates task
and reward generation via VLMs, while Comput-
erRL (Lai et al., 2025) designs asynchronous ar-
chitectures for training API-equipped GUI Agents.
Similarly, DistRL (Wang et al., 2025c) also utilizes
an asynchronous framework, specifically designed
for mobile agents with off-policy learning. In con-
trast, our framework targets the challenges of long-
horizon, multimodal GUI interactions, where high-
latency desktop environments and sparse rewards
demand both finer-grained module decoupling and
difficulty-aware data curation.

RL for LLMs, VLMs and Agents Reinforce-
ment learning has emerged as a powerful paradigm
for enhancing the reasoning and decision-making
capabilities of large language models, evolving
from preference-based to outcome-based training
approaches. The computational demands of RL
have driven the development of asynchronous ar-
chitectures that decouple different training compo-
nents for improved efficiency. Building on suc-
cessful applications in game AI (Vinyals et al.,
2019; Berner et al., 2019), recent frameworks have

adapted asynchronous training for language mod-
els: AREAL (Fu et al., 2025b) separates rollout
generation from model training to maximize GPU
utilization while employing staleness-aware PPO
to maintain training stability, ROLL (Wang et al.,
2025d) provides a comprehensive RL library sup-
porting multi-model pipelines and flexible resource
scheduling for large-scale LLM training. Build-
ing on this line of work, our framework extends
asynchronous RL to the visually-grounded, sparse-
reward regime of desktop GUI agents through
rollout-wise scheduling and per-worker model syn-
chronization.

Data Curation and Trajectory Optimization for
GUI Agents Beyond architectural designs, re-
cent works have highlighted the importance of data
selection and trajectory optimization for training
GUI agents. OS-Genesis (Sun et al., 2025) con-
structs interaction trajectories through reverse task
synthesis and reward-based filtering. Other stud-
ies explore step-wise Q-estimation (Putta et al.,
2024), multi-stage data selection (Lu et al., 2026),
and dynamic context sampling (Zhou et al., 2026).
Related research has also investigated trajectory-
based agent tuning, feedback refinement, and step-
wise preference learning (Gao et al., 2025; Li et al.,
2025b, 2024). In particular, TongUI (Zhang et al.,
2026) collects internet-scale trajectories from mul-
timodal web tutorials to improve the generalization
of GUI agents. GUIDE (Xie et al., 2026) further
addresses domain bias through real-time web-video
retrieval and plug-and-play annotation. Our multi-
level adaptive data-curation scheme complements
these efforts by addressing task difficulty imbal-
ance and step-level redundancy in long-horizon
desktop interactions.

3 DART: Decoupled Agentic RL
Training Framework

3.1 Formulation
We formulate GUI tasks as a sequential
decision-making process. At time step t,
given the current visual state st (a screen-
shot of GUI) and the interaction history
ht = {(smax(1,t−m), rmax(1,t−m), amax(1,t−m)),
. . . , (st−1, rt−1, at−1)} of previous m steps,
where r denotes the reasoning thought and a
denotes the action (such as clicking on a specific
UI element or entering text), along with the
task τ , the agent generates a new thought rt and
an executable action at. Executing the action
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at leads to a new visual state st+1 (an updated
screenshot). This interaction loop continues, with
the agent repeatedly observing the environment,
producing thoughts and actions, and receiving
updated observations until either a termination
condition is met (e.g., the task is completed or
fails) or the maximum number of steps is reached.
We parameterize the GUI agent using a policy
model πθ (i.e., a VLM) that generates thoughts and
actions based on the current state and historical
context: r∗t , a

∗
t = argmaxrt,at πθ(rt, at|τ, ht, st),

where r∗t and a∗t represent the optimal thought and
action selected by the policy model.
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Figure 2: Overall architecture of our framework. The
Rollout Service interacts with multiple environments in
parallel to generate trajectories, which are managed and
delivered to the Trainer for policy updates. Updated
actors are synchronized back to the Rollout Service,
enabling scalable and efficient asynchronous learning.

3.2 Architecture

Our RL framework contains four decoupled mod-
ules: Trainer, Data Manager, Env Cluster, and
Rollout Service, forming a fully non-blocking
pipeline to maximise training throughput, as shown
in Figure 2. We set up hundreds of real desktop
environments in Env Cluster, and design a Rollout
Service to load multiple policy models. The Env
Cluster receives a sequence of tasks from the Data
Manager, and samples N trajectories for each task.
The Rollout Service dynamically assigns idle work-
ers to produce thoughts and actions for different
rollouts in parallel. We store sampled trajectories
and corresponding rewards in the Data Manager.
When N trajectories of one task are finished, the
Data Manager filters them according to predefined
rules, and passes the selected trajectories to the
Trainer for policy updates. Finally, the updated
policy model is synchronized back to the Rollout
Service, enabling scalable and highly efficient asyn-
chronous learning. Key interactions among these
modules are as follows.

3.3 Asynchronous Trainer

To improve GPU and environment utilization, we
decouple the Trainer from the trajectory rollout pro-
cess, which avoids the blocking between training
and rollout. The Trainer operates asynchronously,
receiving filtered trajectories from the Data Man-
ager and performing step-wise GRPO updates. The
updated model weights are synchronized to the
Rollout Service, enabling continuous training while
new trajectories are sampled simultaneously.
Step-wise GRPO. We adopt step-wise Group Rel-
ative Policy Optimization (GRPO) (Shao et al.,
2024) to train our GUI agent. For each task
τ , we sample N trajectories T1, T2, . . . , TN us-
ing the current policy πRollout

θold
of the Rollout Ser-

vice, where the i-th trajectory has length Li and
consists of state-thought-action triplets: Ti =
{(si,j , ri,j , ai,j)}Li

j=1. Each trajectory receives a
reward Ri, and we decompose each trajectory into
individual steps and group all steps from the same
task for advantage computation. Specifically, we
create a step group D = {(hi,j , si,j , ri,j , ai,j , Ri) |
i ∈ [1, N ], j ∈ [1, Li]}, where each step
(si,j , ri,j , ai,j) is combined with its history hi,j
and the trajectory-level reward Ri. We denote
“hi,j , si,j , ri,j , ai,j” as “h, s, r, a” for simplicity.
The step-wise GRPO objective is formulated as

J (θ) = E(h,s,r,a,R)∼D
[
min

(
ρθ(r, a|h, s)A,

clip
(
ρθ(r, a|h, s), 1− ϵlow, 1 + ϵhigh

)
A
)

− β DKL

(
πTrain
θ (·|h, s)

∥∥πRef(·|h, s)
)]
,

(1)
where ρθ(r, a|h, s) =

πTrain
θ (r,a|h,s)

πTrain
θold

(r,a|h,s) is the policy

ratio, and Ai,j = (Ri−µR)/σR denotes the group-
normalized advantage, with µR and σR being the
mean and standard deviation of {Ri}Ni=1 within
group D.

3.4 Rollout-wise Sampling

Solving practical GUI tasks (such as OSWorld) typ-
ically involves dozens of steps and lasts for tens
of minutes, making sampling efficiency a major
bottleneck. Tasks within the same batch vary sig-
nificantly in difficulty, and even repeated execu-
tions of the same task may produce trajectories of
vastly different lengths (Wang et al., 2025e). Under
conventional batch-wise sampling (Figure 3(a)),
this heterogeneity causes substantial resource un-
derutilization: environments that complete early
remain idle while GPUs stay underused until all
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Figure 3: Visualization of sampling timelines for 4 tasks
in two batches (denoted by different colors) with rollout
number N = 4, batch size = 2, and a total of 8 envi-
ronments. Each bar represents the timeline of rollout
execution of a task on one environment.

trajectories in the batch finish. Task-wise sam-
pling (Figure 3(b)) partially addresses this but still
waits for entire tasks to complete before resuming.
We instead implement rollout-wise sampling (Fig-
ure 3(c)), where an individual trajectory serves as
the minimal scheduling unit: once an environment
completes a rollout, it immediately launches the
next sampling request without waiting for others,
significantly improving environment utilization and
GPU throughput.

Furthermore, rather than statically assigning en-
vironments to fixed rollout workers, our decoupled
training framework introduces a dynamic model
service pool for load balancing. All GPUs are
pooled into the shared Rollout Service, with incom-
ing requests being distributed to workers based on
current device utilization. This design provides
two engineering advantages: (1) all environments
communicate with the Rollout Service through a
unified interface, simplifying system architecture
and coordination, and (2) balanced GPU workloads
minimize idle time and bottlenecks, resulting in
faster inference and higher overall throughput.

3.5 Per-Worker Model Synchronization

Model synchronization presents a critical bottle-
neck in asynchronous GUI agent RL. Traditional
approaches rely on global synchronization: when
the Trainer completes a training iteration, all roll-
out workers halt operations and wait for every
GPU worker to receive the updated weights be-
fore resuming sampling. As shown in Figure 4
(a), this creates system-wide downtime where envi-
ronments sit idle, and GPUs remain underutilized
during each update.

We introduce per-worker model updates to elim-

GPU 2
...

GPU N

...

Model version i Model version i+2
Idle Period

Model Syncing
Model version i+1

GPU 1

ENV 1
ENV 2
ENV 3

...

(a) All-worker model syncing.

Model service idle.

ENV M

... ... ... ...

No GPU available, Model service idle.

...

GPU 2
...

GPU N

...

GPU 1

ENV 1
ENV 2
ENV 3

...

(b) Per-worker model syncing.

Model service is running.

ENV M
... ... ... ...

N-2 GPU available, Model service is running.

...

Figure 4: Timeline comparison between all-worker and
per-worker model updating with an illustrative example
using N GPUs and M environments. The timelines de-
pict idle periods for the GPUs and environments across
two model updates, with different model versions rep-
resented by varying shades of color. Each worker is
served by 2 GPUs.

inate this bottleneck through staggered parameter
distribution. Instead of synchronized model up-
dates across all rollout workers simultaneously, we
gradually refresh model weights on rollout work-
ers. That is, when one worker is updating model
weights, the others continue serving inference re-
quests with their current model version. Figure 4
(b) illustrates how this maintains continuous ser-
vice availability: environments never experience
complete blocking. This approach delivers two
key advantages: dramatically improved sampling
throughput through reduced idle time, and seam-
less model version transitions that preserve ongoing
rollout stability.

4 Multi-Level Adaptive Data Curation for
GUI Tasks

4.1 Performance-Aware Task Rollout

Fixed sampling strategies in reinforcement learning
waste computational resources by treating all tasks
equally. Easy tasks receive excessive sampling
while difficult tasks lack sufficient exploration. We
propose a performance-aware task rollout strategy
that dynamically adjusts both sampling frequency
and trajectory length based on each task’s learning
progress.
Dynamic Rollout Number. We continuously mon-
itor each task’s success rate and adjust its sampling
frequency accordingly. When a task achieves high
success rates (above 0.6), we reduce its rollout
frequency from 8 to lower values, preventing over-
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fitting on already-solved tasks. Tasks with low suc-
cess rates maintain maximum sampling to ensure
adequate learning opportunities. This strategy real-
locates computational resources from well-learned
tasks to challenging ones, improving overall train-
ing efficiency.
Dynamic Trajectory Length. We maintain a
per-task budget that adapts to how many steps
each task actually needs. For each task τ , let
Sτ denote the set of successful trajectories ob-
served so far. We set the per-task budget as
Lτ = min

(
Lmax, maxT∈Sτ |T |+δ

)
, where Lmax

is a global upper bound and δ is a small exploration
buffer. Tasks with Sτ = ∅ default to Lmax. The
budget is refreshed at the end of each epoch, and
any rollout exceeding Lτ is truncated and recorded
as a failure. Consequently, simple tasks such as
a single click terminate within a few steps, while
complex multi-application workflows are allowed
the dozens of steps they historically need.

4.2 High-Entropy-Driven Step Optimization

Inspired by Wang et al. (2025b), who showed that
training exclusively on high-entropy tokens can
drive effective RL, we extend this insight to multi-
turn GUI agent training. Since low-entropy steps
typically correspond to non-critical decisions and
destabilize training, we filter out the bottom 20%
lowest-entropy steps within each sample group and
update the policy only on the remaining 80%.

For the t-th step in a trajectory, let x = [rt; at]
denote the concatenated sequence of thoughts
and actions. We calculate the step-level entropy
Ht as the average entropy across all generated
tokens:Ht =

1
|rt|+|at|

∑|rt|+|at|
i=1 Ht,i,where Ht,i =

−∑V
v=1 pt,i,v log pt,i,v represents the token-level

entropy, and pt,i,v = πθ(v|τ, ht, st, x<i) is the
probability of generating token v given the prefix.
During training, we compute the gradient updates
exclusively for steps whose entropy Ht is greater
than or equal to the 20th percentile of step entropies
within the group (Ht ≥ P20).

4.3 Distribution Alignment for Decoupled
Training

During training, the Rollout Service typically em-
ploys low-precision quantization (e.g., FP8) to max-
imize sampling throughput, whereas the Trainer
operates in higher precision (e.g., BF16) to ensure
gradient stability. This precision discrepancy intro-
duces mismatches between their respective policy

distributions for the exact same model checkpoint.
In addition, the pre-collected offline trajectories
also exhibit a distinct distribution from the current
rollout policy. To mitigate this distribution gap, we
adopt the truncated importance sampling technique
from Yao et al. (2025) and incorporate a weight

w(r, a|h, s) = min

(
πTrain
θold

(r,a|h,s)
πRollout
θold

(r,a|h,s) , C
)

into the

training objective. By weighting each sample by
the importance ratio between the trainer and roll-
out policies, w approximates an expectation under
the trainer’s distribution from samples drawn un-
der the rollout’s distribution, thereby correcting the
off-policy bias and stabilizing training. The final
objective is defined as:

JHE(θ) = E(h,s,r,a,R)∼D
[
I[Ht ≥ τ0.2D ] · w(r, a|h, s)·

min
(
ρθ(r, a|h, s)A,

clip
(
ρθ(r, a|h, s), 1− ϵlow, 1 + ϵhigh

)
A
)

− β DKL

(
πTrain
θ (·|h, s)

∥∥πRef(·|h, s)
)]
,

(2)
where I[·] is the indicator function, τ0.2D denotes the
20th percentile of step entropies within group D.

5 Experiment

5.1 Settings
Experimental Setup We evaluate our approach
on OSWorld-Verified (Xie et al., 2024), a com-
prehensive benchmark for assessing multimodal
autonomous agents in realistic computer environ-
ments. For our training corpus, we adopt the sam-
pling methodology proposed by Lu et al. (2025),
selecting a representative subset of 203 tasks from
the OSWorld benchmark. We use the evaluation
scripts from the OSWorld for the RL reward.

Evaluation Protocol We follow the OSWorld
evaluation (Xie et al., 2024), which uses execution-
based validation scripts to assess task completion.
Each trajectory receives a reward score in [0, 1]
based on programmatic verification of the final
system state against predefined success criteria.

Implementation We adopt UI-TARS-1.5-
7B (Qin et al., 2025) as the baseline for our policy
model. Unlike approaches that rely on multi-agent
systems, agent workflows, or agents equipped
with additional APIs/tools, we focus on enhancing
the capabilities of a single VLM agent through
reinforcement learning, aiming to improve the
model’s inherent decision-making abilities without
external scaffolding. Based on decoupled agentic
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Table 1: Results on the OSWorld benchmark. Max Steps indicates the maximum number of agent-environment
interactions allowed. Bold values denote the best performance among open-source models. For brevity, LibreOffice
Calc, Impress, and Writer are abbreviated as calc, impress, and writer, respectively. Our results are obtained through
evaluation on self-deployed devices using the official codebase and Docker environment. * means results reported
in the original papers.

Model Max Steps Task Success Rate (%)
chrome gimp calc impress writer multi_apps os thunderbird vlc vs_code Overall

Closed-source Model
OpenAI CUA o3 (OpenAI, 2025b) 50 21.74 38.46 8.51 4.26 21.74 11.83 37.50 20.00 17.59 21.74 17.17
OpenAI CUA o3 (OpenAI, 2025b) 100 13.04 38.46 10.64 10.64 30.43 16.53 62.50 26.67 39.18 39.13 23.00
OpenAI CUA (OpenAI, 2025a) 100 33.61 48.08 18.09 24.47 23.91 15.61 54.17 56.67 38.21 60.87 30.50
OpenAI CUA (OpenAI, 2025a) 50 36.87 34.62 14.89 29.70 26.09 15.81 70.83 66.67 11.76 69.57 31.30
Claude-3-7-Sonnet (Anthropic, 2025a) 100 54.26 42.31 21.28 31.83 47.83 19.62 45.83 66.67 24.88 56.52 35.57
Claude-3-7-Sonnet (Anthropic, 2025a) 50 52.09 38.46 31.91 36.09 43.48 17.66 50.00 53.33 23.53 56.52 35.83
DeepMiner-Mano-7B (Fu et al., 2025a) 100 39.13 69.23 27.66 42.47 56.52 17.20 50.00 73.33 35.29 78.26 40.16
DeepMiner-Mano-72B (Fu et al., 2025a) 100 54.26 88.46 57.45 61.62 78.26 24.41 66.67 66.67 35.29 78.26 53.88
Seed1.5-VL-250717 (Guo et al., 2025) 100 56.52 50.00 34.78 48.91 56.52 15.35 39.13 73.33 35.29 56.52 40.18
Claude-4-Sonnet-0514 (Anthropic, 2025b) 100 47.74 50.00 29.79 42.47 52.17 27.86 45.83 66.67 32.82 69.57 41.39
UI-TARS-250705 (Wang et al., 2025a) 100 56.43 50.00 40.43 55.30 60.87 14.66 41.67 66.67 44.00 52.17 41.84
UI-TARS-2-2509 (Wang et al., 2025a) 100 62.96 50.00 65.96 56.38 60.87 34.13 41.67 73.33 49.94 73.91 53.11
Claude-4-Sonnet-0514 (Anthropic, 2025b) 50 54.26 50.00 31.91 46.72 60.87 28.49 45.83 73.33 41.18 60.87 43.88
Claude-4-Sonnet-0929 (Anthropic, 2025b) 100 62.96 53.85 72.34 68.00 82.48 49.54 70.83 60.00 58.18 73.91 62.88

Open-Source Model
Qwen2.5-VL-32B (Bai et al., 2025) 100 8.70 3.85 0.00 0.00 8.70 2.15 8.33 6.67 0.00 8.70 3.88
Qwen2.5-VL-72B (Bai et al., 2025) 100 4.35 0.00 6.38 0.00 8.70 3.23 16.67 13.33 5.88 4.35 4.99
ZeroGUI* (Yang et al., 2025) 15 - - - - - - - - - - 20.2
UI-TARS-72B-dpo (Qin et al., 2025) 50 33.24 61.54 12.77 25.45 43.48 6.71 33.33 33.33 23.53 47.83 25.88
OpenCUA-7B (Wang et al., 2025e) 100 36.14 47.44 10.64 31.90 27.54 9.87 42.87 40.00 29.41 44.93 26.60
UI-TARS-72B-dpo (Qin et al., 2025) 100 32.61 73.08 6.38 23.81 34.78 8.29 37.50 60.00 17.65 52.17 26.84
UI-TARS-1.5-7B (Qin et al., 2025) 50 32.79 53.85 8.51 39.31 41.30 8.60 25.54 46.67 24.41 52.17 27.25
UI-TARS-1.5-7B (Qin et al., 2025) 100 38.34 51.92 9.57 38.21 39.13 8.94 31.25 40.00 22.44 47.83 27.52
OpenCUA-7B (Wang et al., 2025e) 50 38.61 43.59 13.22 32.60 33.33 12.11 43.47 42.22 28.31 47.10 28.20
ARPO* (Lu et al., 2025) 15 - - - - - - - - - - 29.9
GUI-Owl-7B (Ye et al., 2025) 15 41.22 65.38 17.02 19.06 52.17 9.68 50.00 66.67 29.41 65.22 32.11
GUI-Owl-7B (Ye et al., 2025) 30 41.22 73.08 12.77 25.39 60.86 10.75 50.00 66.67 47.06 69.57 34.79
OpenCUA-32B (Wang et al., 2025e) 50 43.39 69.23 13.48 38.28 40.58 14.93 53.62 53.33 25.49 55.07 34.14
OpenCUA-32B (Wang et al., 2025e) 100 39.77 66.67 18.44 37.60 36.23 16.21 55.07 46.67 33.33 63.31 34.79

Baseline
UI-TARS-1.5-7B 30 23.91 50.00 6.38 27.45 34.77 9.54 43.48 53.33 17.65 40.91 24.17
UI-TARS-1.5-7B 100 38.34 51.92 9.57 38.21 39.13 8.94 31.25 40.00 22.44 47.83 27.52

Ours
DART-GUI-7B 30 51.99 76.99 19.12 48.67 60.82 16.53 62.43 60.03 39.23 69.54 42.05
∆ (Ours vs. Baseline) 30 ↑28.08 ↑26.99 ↑12.74 ↑21.22 ↑26.05 ↑6.99 ↑18.95 ↑6.70 ↑21.58 ↑28.63 ↑17.88
DART-GUI-7B 100 53.09 77.79 20.62 50.27 61.82 17.61 63.63 60.93 41.03 70.84 43.28
∆ (Ours vs. Baseline) 100 ↑14.75 ↑25.87 ↑11.05 ↑12.06 ↑22.69 ↑8.67 ↑32.38 ↑20.93 ↑18.59 ↑23.01 ↑15.76

RL training (DART) and the data curation scheme,
we obtain the DART-GUI-7B model. More details
about training and RL framework can be found in
Appendix C.

5.2 Main Results

Table 1 presents the results on OSWorld across
ten applications. With a maximum of 30 inter-
action steps, DART-GUI-7B achieves an average
task score of 42.05 ± 1.50%, outperforming the
UI-TARS-1.5-7B initial checkpoint at 24.17% by
17.88 percentage points. When the interaction
budget is increased to 100 steps, DART-GUI-7B
reaches 43.28 ± 0.65%, compared with 27.52%
for UI-TARS-1.5-7B, yielding an absolute gain of
15.76 percentage points. These results establish
DART-GUI-7B as the best-performing open-source
7B-scale agent evaluated under the corresponding
OSWorld protocols.

The improvements span a diverse set of appli-
cations, including web browsers, office software,
system utilities, and multi-application tasks. This

broad improvement demonstrates the effectiveness
of combining online RL with our fully decoupled
architecture and adaptive data-curation strategies,
particularly for long-horizon tasks with sparse re-
wards and diverse action spaces.

Table 2: Efficiency comparison between the non-
decoupled baseline and DART under identical hardware
and environment configurations, measured by Training
Throughput (Tthroughput) (action/mins), GPU Utilization
(GPU Util.) (%) and Env Utilization (Env Util.) (%).

Metric Non-Decoupled Decoupled (Ours) Improvement
Tthroughput 22.6 43.6 1.9×
Env Util. 12.2 67.7 5.5×
GPU Util. 29.6 46.7 1.6×

5.3 Efficiency Analysis
We evaluate our decoupled framework’s efficiency
gains across three key metrics:
Env Util. (Uenv): The ratio of time environments
spend actively executing actions versus the total

available time. Uenv =
∑Nenv

i=1 t
(i)
active

Ttotal×Nenv
× 100%, where
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t
(i)
active denotes the active execution time of the i-th

environment, Nenv is the total number of environ-
ment instances (180), and Ttotal is the total wall-
clock time of the experiment. Training Through-
put (Tthroughput): The average number of action
steps collected and used in training per minute.
Tthroughput = Nactions

Ttotal (min) , where Nactions represents
the total number of valid action steps used in the
training period. GPU Util. (Ugpu): The ratio of
time the GPU(s) spend actively executing compu-
tation (e.g., inference and gradient updates) versus

the total available time. Ugpu =
∑Ngpu

j=1 t
(j)
active

Ttotal×Ngpu
×100%,

where t
(j)
active denotes the active computing time of

the j-th GPU, and Ngpu is the number of GPUs
used.

As shown in Table 2, under identical model,
hardware, rollout configuration, and 180 environ-
ment instances, DART improves training through-
put from 22.6 to 43.6 actions per minute (1.9×),
environment utilization from 12.2% to 67.7%, and
GPU utilization from 29.6% to 46.7%. These gains
arise from rollout-wise scheduling and per-worker
synchronization, which reduce environment idle
time and model-update blocking. They reflect im-
proved wall-clock system efficiency rather than
higher sample efficiency per policy update.

Table 3: Incremental ablation of the data-curation com-
ponents. Each configuration retains all components
introduced in the preceding row. DR denotes dynamic
rollout, DTL denotes dynamic trajectory length, HE
denotes high-entropy step filtering, and DA denotes dis-
tribution alignment.

Setting Components Enabled Pass@1 (%)
DR DTL HE DA

Baseline 28.67
+ DR ✓ 50.90
+ DTL ✓ ✓ 66.11
+ HE ✓ ✓ ✓ 68.33
+ DA ✓ ✓ ✓ 70.55
DART-GUI (Ours) ✓ ✓ ✓ ✓ 72.28

5.4 Ablation

We evaluate the contribution of each module in our
data curation scheme on a subset of 45 training
tasks. Table 3 details the incremental improve-
ments, and Figure 5 visualizes the training dynam-
ics. More ablations can be found in Appendix E.
Efficiency via Dynamic Allocation (DR & DTL).
The most significant gains come from adaptive re-
source allocation. Dynamic Rollout (DR) improves

(a) Dynamic Rollout Frequency (b) Dynamic Trajectory Length

(d) w/ vs. w/o Distribution Alignment(DA)(c) Experience Trajectory Pool

Figure 5: (a) Dynamic rollout vs. model accuracy across
epochs. (b) Dynamic trajectory length vs. model accu-
racy over training. (c) Impact of experience trajectory
pool on accuracy. (d) Performance comparison with and
without distribution alignment.

Pass@1 from 28.67% to 50.90%. As shown in Fig-
ure 5(a), the system reduces rollout frequency (pur-
ple line) as model accuracy increases, effectively
reallocating computational budget to harder tasks.
Dynamic Trajectory Length (DTL) further boosts
performance to 66.11%. Figure 5(b) illustrates that
the average trajectory length decreases significantly
during training, indicating the agent learns to solve
tasks more efficiently with fewer steps.
Stability and Quality (HE & DA). High-Entropy
(HE) step selection refines the policy by focus-
ing on critical decision points, raising accuracy
to 68.33%. Crucially, Distribution Alignment (DA)
ensures training stability in our decoupled frame-
work. Figure 5(d) reveals that without DA (red
dashed line), the model suffers from performance
collapse due to off-policy lag. Incorporating DA
(blue line) corrects this distribution shift, stabiliz-
ing the score at 70.55%.

5.5 Generalization Analysis

We first evaluate transfer under broader distribu-
tion shifts using four external benchmarks. UI-
Vision (Nayak et al., 2025) evaluates GUI under-
standing across diverse application domains and
interface layouts; MobileWorld (Kong et al., 2026)
focuses on mobile interaction; ScreenSpot-Pro (Li
et al., 2025a) evaluates grounding in professional,
high-resolution interfaces; and Mind2Web (Deng
et al., 2023) covers web interaction across task,
website, and domain splits. Table 4 reports
category-wise results on UI-Vision and aggregate
results on the other benchmarks.

DART-GUI-7B achieves comparable or im-
proved performance across all four benchmarks.
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Table 4: Generalization performance on external GUI benchmarks. UI-Vision reports category-wise and overall
accuracy, MobileWorld reports the GUI-only score, ScreenSpot-Pro reports average grounding accuracy, and
Mind2Web reports average Step SR.

Method UI-Vision MobileWorld ScreenSpot-Pro Mind2Web

Basic Func. Spatial Overall GUI-only Avg. Avg. Step SR

UI-TARS-1.5-7B 20.82 21.84 7.49 16.44 6.0± 0.9 44.28 25.07
DART-GUI-7B (Ours) 21.67 22.40 8.48 17.24 8.5± 0.9 45.10 25.69

Table 5: Comparison with the SFT baseline on OSWorld
with a maximum of 30 interaction steps.

Method Success Rate (%)

UI-TARS-1.5-7B 24.17
UI-TARS-1.5-7B-SFT 28.14
DART-GUI-7B (Ours) 42.05

Table 6: Performance on 171 human-annotated unseen
tasks.

Method Success Rate (%)

UI-TARS-1.5-7B 27.19± 2.14
DART-GUI-7B (Ours) 36.06± 1.38

It improves the overall UI-Vision score from 16.44
to 17.24, the average ScreenSpot-Pro grounding
accuracy from 44.28 to 45.10, and the average
Mind2Web Step SR from 25.07 to 25.69. A larger
gain is observed on MobileWorld, where the score
increases from 6.0±0.9 to 8.5±0.9. These results
show that the policy transfers beyond OSWorld
while retaining competitive GUI understanding,
grounding, and web interaction capabilities. The
larger gain on MobileWorld suggests that DART is
particularly effective for long-horizon tasks requir-
ing sustained interaction with the environment.

We next distinguish policy learning from trajec-
tory imitation by comparing DART-GUI-7B with
a Supervised Fine-Tuning (SFT) baseline. The
SFT model is trained on 34k successful interaction
steps collected from the base model via Pass@32,
slightly more than the 30k steps used for RL train-
ing. As shown in Table 5, SFT improves the
OSWorld score from 24.17% to 28.14%, whereas
DART-GUI-7B reaches 42.05%. This result indi-
cates that the gain cannot be explained by exposure
to successful trajectories alone; online RL learns
a more effective closed-loop policy for handling
execution errors and environment stochasticity.

Finally, we evaluate DART-GUI-7B on 171
human-annotated tasks that are excluded from train-
ing. As shown in Table 6, DART-GUI-7B improves
the score from 27.19% to 36.06%, an absolute gain

of 8.87 percentage points. Together with the exter-
nal benchmark results, this improvement confirms
that the learned policy generalizes to unseen task
instances rather than relying on memorized training
trajectories.

6 Conclusion

In this paper, we presented DART, a fully decou-
pled RL framework with adaptive data curation
for training VLM-based GUI agents. DART fo-
cuses on two practical bottlenecks in GUI-agent
RL: inefficient resource utilization during rollout
and imbalanced learning signals from long-horizon
interactions. Its four-module architecture enables
asynchronous execution and worker-wise synchro-
nization, while its multi-level data-curation strategy
adaptively improves the efficiency and quality of
online interactions. On OSWorld, DART-GUI-7B
achieves an average task score of 43.28 ± 0.65%
with 100 steps, demonstrating strong performance
among open-source 7B-scale GUI agents. Con-
trolled system comparisons and component-wise
ablations validate the contributions of the decou-
pled architecture and adaptive data curation. Evalu-
ations on held-out OSWorld tasks and four external
benchmarks further demonstrate transfer beyond
the online RL training tasks. By open-sourcing our
framework, data, and model, we hope DART can
provide a practical foundation for future research
on RL-based GUI agents.
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Limitations

DART has several limitations. First, it relies on the
programmatic verifiers provided by OSWorld for
reward computation. Although this setting is com-
monly adopted by existing GUI-agent RL meth-
ods (Lu et al., 2025; Yang et al., 2025; Lai et al.,
2025), it limits direct applicability to open-world
tasks whose success criteria are ambiguous or re-
quire human judgment. Since our reward module
is architecturally decoupled from the training and
rollout services, DART can in principle incorporate
learned reward models, human feedback, or LLM-
as-a-judge signals. Evaluating these alternatives in
non-verifiable environments is left for future work.

Second, DART focuses on the systems architec-
ture and adaptive data curation required for effi-
cient RL in stateful GUI environments, comple-
menting advances in RL objectives. We evaluate
its system-level benefits against a controlled syn-
chronous baseline using identical hardware, en-
vironment resources, and training configurations.
Existing asynchronous RL frameworks, such as
DistRL, Sky-RL, and AReaL, are designed for dif-
ferent execution environments and system inter-
faces, making their direct deployment in desktop
GUI environments non-trivial. Integrating these
frameworks into a unified GUI-agent testbed would
enable a broader study of asynchronous system de-
signs and represents a valuable direction for future
work.

Finally, deploying autonomous GUI agents in-
troduces safety and privacy risks, including unin-
tended modifications to files or accounts, exposure
of sensitive information, and exploitation of short-
cuts in programmatic reward functions. Practical
deployments should therefore execute agents in
sandboxed environments, enforce explicit permis-
sion boundaries, require human confirmation for
irreversible or high-risk operations, and maintain
detailed execution logs for auditing. Developing
stronger safeguards against unsafe actions and re-
ward hacking remains an important direction for
future work.

Ethics Statement

The human annotation in this study comprised GUI
task annotation and failure-mode analysis of inter-
action trajectories generated in isolated OSWorld
environments. No personal or sensitive informa-
tion was collected, and all participants were fully
informed of the purpose of the evaluation. We

identify no additional ethical concerns beyond the
safety and privacy risks discussed in Limitations.
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A LLM Usage Statement

We acknowledge the use of LLMs as a writing assis-
tance tool during the preparation of this manuscript.
The LLMs were utilized exclusively for improving
language quality, including grammar correction,
and enhancing clarity. All scientific contributions,
including research conceptualization, methodology,
experimental design, data analysis, and interpreta-
tion of results were conducted solely by the human
authors. The LLMs did not generate any original
research ideas, hypotheses, or substantive scientific
content. The authors assume full responsibility for
the accuracy, integrity, and originality of all con-
tent presented in this work, including any portions
where language was refined with LLM assistance.

B System Prompt and Action Space

We follow the system prompt of the baseline model
UI-TARS-1.5-7B (Qin et al., 2025), as shown in
Figure 6.

C Additional Experimental Settings

Trainer. The training pipeline utilizes Fully
Sharded Data Parallel (FSDP) (Zhao et al., 2023)
via verl (Sheng et al., 2024) for distributed training
across 8 NVIDIA H100 GPUs. The learning rate is
set to 1×10−6 with a KL divergence regularization
coefficient of β = 0.1. Following DAPO (Yu et al.,
2025), dynamic clipping boundaries are configured
with ϵlow = 0.2 and ϵhigh = 0.28. The rollout
policy scaling parameter is set to C = 1.
Rollout Service. We deploy the rollout policy us-
ing vLLM (Kwon et al., 2023). The rollout service
uses another 8 NVIDIA H100 GPUs, organized
into four independent rollout workers with 2 GPUs
per worker. Therefore, the complete training sys-
tem uses 16 NVIDIA H100 GPUs in total: 8 GPUs
for policy optimization and 8 GPUs for rollout gen-
eration. A load balancer dynamically distributes
rollout requests across available workers. We im-
plement worker-wise model synchronization, which
updates the policy weights of each rollout worker
independently, allowing the remaining workers to
continue sampling without waiting for a global syn-
chronization barrier. The sampling temperature is
set to 1.0, and the initial number of rollouts per
task is set to nrollout = 8.
Env Cluster. We use Kubernetes (K8s) (Burns
et al., 2016) to orchestrate 180 parallel Ubuntu
Docker containers serving as environment in-
stances. Each environment operates independently,

receiving actions from agents and returning screen-
shots as observations. Figure 7 shows the dash-
board of our cluster. The environments are de-
coupled from both the trainer and rollout workers,
allowing completed environments to be immedi-
ately reassigned to new rollout requests. For all
controlled efficiency comparisons, the synchronous
non-decoupled baseline and DART use exactly the
same hardware allocation, number of environment
instances, model checkpoint, and rollout configura-
tion. Therefore, the reported efficiency differences
are measured under a controlled system configura-
tion rather than estimated from different hardware
setups.
Data Manager. We implement a centralized Data
Manager using MySQL (Oracle Corporation, 2024)
that handles data storage and coordination across
the entire training pipeline. The database archi-
tecture, illustrated in Figure 8 and summarized in
Table 8, comprises 11 interconnected tables orga-
nized into four functional categories.

For model management, the Data Man-
ager tracks model checkpoints and versions
through the checkpoint, current_model, and
model_registry tables, enabling seamless
model versioning and deployment. The data
management subsystem, consisting of datasets,
dataset_usage_events, rollout_run, and
rollout_chunk tables, maintains comprehensive
records of trajectories, their usage patterns, and
associated rewards. Each trajectory is uniquely
identified and linked to its corresponding run, task,
and model version.

For the Trainer, the Data Manager ensures bal-
anced training by monitoring trajectory outcomes
through the reward field in multiple tables. When
sampling training data, the Data Manager guar-
antees each task contains at least one successful
trajectory (positive reward) and one failed trajec-
tory (negative or zero reward). If all sampled
trajectories for a given task fail, the Data Man-
ager queries the datasets and rollout_run ta-
bles to retrieve positive trajectories from previ-
ously collected data, using the trajectory_id and
task_id as keys to maintain task consistency. The
dataset_usage_events table tracks these data ac-
cess patterns, recording each usage with times-
tamps and model versions to ensure reproducibil-
ity. Additionally, the trainable_group table ag-
gregates trajectories ready for training, while the
update_model_task table manages the model up-
date pipeline, coordinating between checkpoints
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System Prompt for GUI Agent

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

## Output Format
Thought: ...
Action: ...

## Action Space
click(start_box=’<|box_start|>(x1,y1)<|box_end|>’)
left_double(start_box=’<|box_start|>(x1,y1)<|box_end|>’)
right_single(start_box=’<|box_start|>(x1,y1)<|box_end|>’)
drag(start_box=’<|box_start|>(x1,y1)<|box_end|>’,

end_box=’<|box_start|>(x3,y3)<|box_end|>’)
hotkey(key=”)
type(content=”) # If you want to submit, use "\n" at the end
scroll(start_box=’<|box_start|>(x1,y1)<|box_end|>’,

direction=’down or up or right or left’)
wait() # Sleep for 5s and take a screenshot
finished(content=’xxx’) # Use escape characters \’, \", \n

## Note
• Use {language} in Thought part.

• Write a small plan and finally summarize your next action (with its target element) in one sentence in Thought part.

• My computer’s password is ’password’, feel free to use it when you need sudo rights.

## User Instruction
{instruction}

Figure 6: System prompt template for DART-GUI agent with action space definition and output format specifications.

Figure 7: Dashboard of the distributed Ubuntu env cluster.
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and deployment stages.
Dynamic Rollout Number. To balance sampling
efficiency and task diversity during data collection,
we adopt a dynamic rollout scheduling strategy
that adaptively adjusts the rollout number accord-
ing to the task success rate. Specifically, tasks with
lower success rates are assigned more rollout at-
tempts in the subsequent sampling stage, encourag-
ing further exploration and increasing the probabil-
ity of collecting successful trajectories. In contrast,
tasks with consistently high success rates require
fewer rollout attempts, thereby reducing redundant
sampling and improving overall computational ef-
ficiency.

As shown in Table 7, the rollout number de-
creases progressively as the task accuracy increases.
We discretize the success rate into several intervals
and assign a corresponding rollout number for the
next sampling iteration. For example, tasks with
an accuracy lower than 60% are allocated 8 rollout
attempts, while tasks exceeding 90% accuracy only
receive 2 rollout attempts. This design enables the
framework to automatically focus more computa-
tional resources on difficult tasks while gradually
reducing the sampling frequency for well-mastered
tasks.

Compared with using a fixed rollout number
for all tasks, the proposed dynamic rollout strat-
egy provides a more balanced trade-off between
exploration and efficiency, preventing excessive
sampling on saturated tasks and improving the uti-
lization of rollout budgets across the entire task
distribution.

Table 7: Mapping of Task Success Rate (Acc.) to Dy-
namic Rollout (DR.) numbers in the next sampling for
the same task. By transposing the layout, we illustrate
the discrete steps of frequency reduction as success rates
improve.

Acc.(%) [0.0, 0.6] (0.6, 0.65] (0.65, 0.7] (0.7, 0.8] (0.8, 0.9] (0.9, 1.0]

DR. (n) 8 7 6 5 4 2

Details of the UI-Vision Benchmark. As shown
in Table 9, UI-Vision (Nayak et al., 2025) includes
fine-to-coarse-grained grounding tasks to evaluate
the model’s performance on understanding profes-
sional software, spatial reasoning, and complex
actions in desktop environments.

Construction of Unseen Evaluation Tasks. To
evaluate generalization beyond the training set,
members of our research team manually con-

structed 171 new GUI tasks that were excluded
from model training. We reused the existing OS-
World Docker environments while authoring new
natural-language task instructions and correspond-
ing programmatic evaluation scripts. All task con-
tent was created specifically for benchmark evalu-
ation and was screened to ensure that it contained
no personal, private, or sensitive information, nor
any data collected from real users. No external
annotators or human participants were involved in
constructing this evaluation set.

C.1 Experience Pool of Trajectories

Training on challenging tasks poses a significant
obstacle in reinforcement learning due to extremely
low success rates, which results in insufficient pos-
itive trajectories in rollouts. It is common that all
trajectories of a task fail, providing no effective
learning signal for policy improvement. This se-
vere imbalance between simple tasks and difficult
tasks results in training instability, preventing the
model from learning correct behavioral patterns. To
address this limitation, we introduce an Experience
Pool that serves as a repository of high-quality suc-
cessful trajectories for challenging tasks, enabling
dynamic supplementation for difficult tasks during
training to ensure balanced learning signals.

Specifically, we pre-populate the Experience
Pool by collecting and storing high-quality suc-
cessful trajectories through preliminary sampling.
During training, when the system detects that all
trajectories in the current task fail, it automatically
triggers the pool sampling mechanism to randomly
retrieve a successful trajectory and incorporate it
into the training batch. This design guarantees that
every training task contains at least one positive
sample while maintaining a reasonable balance be-
tween exploration and experience replay, thereby
preventing performance degradation on challeng-
ing tasks and improving overall training stability.

D Comparison with Related Frameworks

In this section, we provide a detailed comparison
between DART and other related RL frameworks,
highlighting the specific architectural and algorith-
mic choices driven by the desktop GUI domain.
Comparison with DistRL. DistRL (Wang et al.,
2025c) is a highly relevant baseline that also em-
ploys an asynchronous framework with decoupled
training. However, the distinction between DART
and DistRL is fundamental, driven by the differ-
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Table 8: Database tables categorized by functionality.

Category Table Count Tables
Model Management 3 checkpoint, current_model, model_registry
Data Management 4 datasets, dataset_usage_events, rollout_run, rollout_chunk
Training 2 trainable_group, update_model_task
Inference 2 inference_node, inference_tasks
Total 11

checkpoint
id (BIGINT) PK

name (VARCHAR)
version (VARCHAR)
run_id (VARCHAR)
status (VARCHAR)
path (VARCHAR)

config_yaml (TEXT)
created_at

(TIMESTAMP)
updated_at

(TIMESTAMP)
+ 6 more fields...

current_model
id (BIGINT) PK

checkpoint_id (BIGINT)
version (VARCHAR)

path (VARCHAR)
status (VARCHAR)

created_at
(TIMESTAMP)

updated_at
(TIMESTAMP)

activated_by
(VARCHAR)

remark (VARCHAR)

model_registry
id (BIGINT) PK

task_id (VARCHAR)
name (VARCHAR)

version (VARCHAR)
status (VARCHAR)
path (VARCHAR)
type (VARCHAR)

replicas (INTEGER)
+ 7 more fields...

datasets
id (INTEGER) PK

trajectory_id
(VARCHAR)

run_id (VARCHAR)
task_id (VARCHAR)

model_version
(VARCHAR)

reward (FLOAT)
used (INTEGER)

created_at
(TIMESTAMP)

dataset_usage_events
id (BIGINT) PK

trajectory_id
(VARCHAR)

run_id (VARCHAR)
model_version
(VARCHAR)

used_delta (INTEGER)
event_type (ENUM)

created_at
(TIMESTAMP)

rollout_run
id (BIGINT) PK

run_id (VARCHAR)
trajectory_id
(VARCHAR)

task_id (VARCHAR)
trace_id (VARCHAR)

reward (DOUBLE)
model_version
(VARCHAR)

+ 4 more fields...

inference_node
id (BIGINT) PK

pod_name (VARCHAR)
model_registry_id

(BIGINT)
task_id (VARCHAR)
status (VARCHAR)

started_at (TIMESTAMP)
updated_at

(TIMESTAMP)
+ 2 more fields...

inference_tasks
id (INTEGER) PK

task_id (VARCHAR)
statefulset_name

(VARCHAR)
namespace (VARCHAR)
batch_size (INTEGER)

replicas (INTEGER)
status (ENUM)

+ 7 more fields...

update_model_task
id (BIGINT) PK

checkpoint_id (BIGINT)
path (VARCHAR)

version (VARCHAR)
type (VARCHAR)
status (TINYINT)

priority (TINYINT)
+ 5 more fields...

trainable_group
trajectory_id

(VARCHAR) PK
task_id (VARCHAR)
run_id (VARCHAR)
reward (DOUBLE)

model_version
(VARCHAR)

create_at (DATETIME)

rollout_chunk
id (BIGINT) PK

trajectory_id
(VARCHAR)

run_id (VARCHAR)
chunk_index (INTEGER)
json_path (VARCHAR)

Legend: Primary Key Foreign Key
|

Model Task Data Flow Training

Figure 8: Database Schema Visualization showing the relationships between 11 tables. Golden cells indicate
primary keys, green cells indicate foreign keys. Blue arrows represent model management relationships, green
arrows show task dependencies, red dashed arrows indicate data flow between rollout and dataset tables, and purple
arrows represent training data connections.
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Table 9: Categorized list of software applications included in the UI-Vision benchmark (Nayak et al., 2025).

Category Software Applications

Education Anki, Zotero, GrassGIS, Calibre, Audacity, QGIS, OpenBoard, Mendeley

Browsers Brave, Chromium, Mozilla Firefox, DuckDuckGo

Development VSCode, Atom, FreeCAD, Eclipse, NetBeans, PyCharm, IntelliJ IDEA, Brackets, Geany,
Bluefish, KDevelop, Komodo Edit, Code::Blocks, Qt Creator, Arduino IDE, Spyder,
Ubuntu Terminal, Conky, Bash, gedit

Productivity LibreOffice Calc, LibreOffice Draw, LibreOffice Impress, LibreOffice Writer, draw.io,
Joplin, OpenProject, Affine, Zulip, PDFedit, OnlyOffice Calendar, OnlyOffice Document
Editor, OnlyOffice Forms, OnlyOffice PDF Forms, OnlyOffice Presentation, OnlyOffice
Spreadsheet, Nextcloud, Gnumeric, Simplenote, Cryptomator, WeKan, 7-Zip, GnuCash,
Bitwarden, Metabase, Jitsi, Flameshot, Nemo

Creativity Blender, GIMP, Inkscape, Krita, darktable, FontForge, MuseScore, Scribus, OpenShot,
OBS Studio, Lightworks, Shotcut, Natron, OpenToonz, WordPress

Entertainment VLC Media Player, Kodi, Element, Signal, Mastodon, Lemmy, Matrix, Emby

ent requirements of desktop GUI versus mobile
GUI tasks. As detailed in Table 10, these domain
differences lead to key innovations in system archi-
tecture, sampling strategy, and training algorithms.
DART offers three specific advantages over DistRL
beyond implementation details:

1. Finer-Grained Decoupling for Long-
Duration Tasks: DART introduces a
four-module decomposition by separating the
Rollout Service from the Environment
Cluster. This design directly addresses the
bottleneck of environment availability in
desktop GUI tasks, where episodes last 5–20
minutes. In contrast, DistRL’s integrated
worker model suffices for mobile tasks lasting
seconds to minutes.

2. High-Freshness Sampling for Near-On-
Policy Learning: DART employs a high-
freshness, single-use sampling strategy, where
each trajectory is used exactly once and the
version gap is constrained to one step. This
approximates on-policy learning, avoiding
the complexity of off-policy corrections (e.g.,
Retrace(λ) used in DistRL). This strategy
ensures greater training stability and higher
throughput (1.9×).

3. Domain-Optimized Algorithmic Simplicity:
DART uses step-wise GRPO with rule-based
rewards, tailored to the long-horizon nature of
desktop tasks. This contrasts with DistRL’s

reliance on LLM-based rewards and learned
value networks, which introduce additional
complexity.

Comparison with Sky-RL. We also compare
DART with Sky-RL (Cao et al., 2025), a representa-
tive framework for text-based tool use. While both
systems aim to improve multi-turn RL efficiency,
they address fundamentally different bottlenecks.
As analyzed in Table 11, Sky-RL focuses on logic-
heavy scenarios where CPU-bound tool execution
is limiting, employing standard pipelined synchro-
nization to ensure data consistency. In contrast,
DART targets the visual-heavy Desktop GUI do-
main, where the high variance of VLM inference
latencies creates synchronization challenges. To
address this, DART implements a per-worker non-
blocking synchronization strategy. This allows
workers to stagger updates independently, prevent-
ing the system-wide idle time that would otherwise
occur during heavy visual processing.
Empirical Efficiency Comparison. For empirical
performance comparison, we focus on frameworks
natively designed for GUI agents: ARPO (Lu et al.,
2025) and ZeroGUI (Yang et al., 2025). As shown
in Table 12, DART significantly outperforms exist-
ing methods:

• vs. ARPO: ARPO employs a standard syn-
chronous rollout-training loop, architecturally
equivalent to our “Non-Decoupled” baseline.
DART achieves a 1.9× speedup and signifi-
cantly higher accuracy (42.13% vs 29.9%).
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Table 10: Comparison between DART and DistRL.

Aspect DART (Ours) DistRL

Domain Desktop GUI Mobile GUI
Task Time 5-20 minutes per episode Seconds to minutes per episode
Decoupled Modules Four Modules: Trainer, Rollout Service,

Environment Cluster, Data Manager
Two Modules: Host Learner, Worker (inte-
grated inference + environment)

Samples High-freshness, single-use trajectories Replay-based, reused trajectories
Training Algorithms Step-wise GRPO, a nearly on-policy RL algo-

rithm
A-RIDE, an off-policy RL algorithm with off-
policy corrections

Rewards & Advantages Rule-based rewards (OSWorld scripts) + Group-
normalized advantages

LLM-based rewards (Gemini-1.5-Pro) +
Learned value network

Table 11: Comparison of efficiency bottlenecks and architectural optimization strategies between DART and
Sky-RL.

Feature DART (Ours) Sky-RL

Target Domain Desktop GUI (Visual-heavy) Code/Research (Text/Logic-heavy)
Primary Bottleneck VLM Inference & Rendering (Encoding

high-res screenshots)
Tool Execution Latency (CPU-bound tasks
like running tests)

Efficiency Strategy Decoupled & Asynchronous (Separating
Trainer/Rollout to maximize VLM through-
put)

Async Pipeline (Hiding CPU tool latency
behind GPU inference)

Model Sync Per-Worker Non-Blocking Sync (Stag-
gered updates to prevent idle time)

Standard/Pipelined Sync (Optimized for
data flow consistency)

• vs. ZeroGUI: ZeroGUI introduces substan-
tial overhead by replacing rule-based veri-
fication with an LLM-based reward model,
requiring 4x VLM inferences per trajectory.
DART achieves superior performance with a
lightweight rule-based reward system.

E More Results and Ablation

E.1 Performance on Training and Held-out
OSWorld Tasks

To better understand the generalization behavior of
DART, we divide the 361 OSWorld evaluation tasks
into 203 tasks used during online RL training and
158 held-out tasks that were never used for training.
Following the task-selection protocol described in
prior work, the training tasks were selected from
those solvable by UI-TARS-1.5-7B under Pass@32.
Therefore, this split is not a random partition of
OSWorld, and the two subsets have substantially
different levels of difficulty for the initial policy.

As shown in Table 13, DART improves the per-
formance on the training split from 42.98% to
61.97%, yielding an absolute gain of 18.99 per-
centage points. More importantly, DART achieves
16.46% on the 158 held-out tasks, whereas the ini-
tial UI-TARS-1.5-7B policy obtains 0.00% under

the same evaluation budget. The comparable im-
provements on the training and held-out splits sug-
gest that the policy improvement is not restricted
to memorizing the training environments, but trans-
fers to tasks that are not encountered during online
RL.

Nevertheless, a considerable gap remains be-
tween the training and held-out results (61.97%
versus 16.46%). This gap is expected because the
training tasks were intentionally selected accord-
ing to the solvability of the initial policy, while the
held-out subset contains substantially more chal-
lenging tasks. Therefore, we interpret the held-
out result as evidence of cross-task generaliza-
tion rather than performance on a randomly sam-
pled, identically distributed test split. The over-
all results are the task-count-weighted averages
of the two subsets; for example, DART obtains
(203× 61.97 + 158× 16.46)/361 = 42.05%.

E.2 Training Dynamics.

Figure 9 illustrates the training dynamics. The Ac-
curacy (blue) steadily climbs from ∼ 0.50 to over
0.70, confirming the agent successfully maximizes
cumulative rewards. Simultaneously, the Average
Trajectory Length (purple) drops from ∼ 16 to 10
steps, demonstrating that the agent learns to op-
timize efficiency by identifying shorter reasoning
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Table 12: Estimated Efficiency and Performance Comparison against ARPO and ZeroGUI.

Framework Architecture Reward Mechanism Training Throughput Env Util.(%) Success Rate(%)

ARPO Coupled (Sync) Rule-based 22.6 actions/min 12.2 29.9
ZeroGUI Coupled (Sync) VLM-based (4x Voting) 19.4 actions/min 11.4 20.2

DART (Ours) Decoupled (Async) Rule-based 43.6 actions/min 67.7 42.1
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Figure 9: Training Dynamics.

Table 13: Performance on the OSWorld training and
held-out task splits. All models are evaluated with a
maximum of 30 interaction steps. DART results are av-
eraged over three independent evaluation runs, with the
standard deviation reported for the overall result. Scores
are task-level rewards in [0, 1], reported as percentages.

Task Split # Tasks UI-TARS-1.5-7B DART Improvement

Training tasks 203 42.98 61.97 +18.99
Held-out tasks 158 0.00 16.46 +16.46

All tasks 361 24.17 42.05 ± 1.50 +17.88

paths to the solution.
We conduct additional ablation studies on the

full OSWorld benchmark to further isolate the con-
tributions of our framework components and verify
the robustness of our data strategy.

E.3 Full-Set Framework Ablation.
To verify the impact of the Decoupled Framework
and the Distribution Alignment (DA) module be-
yond the subset used in the main text, we conducted
experiments on the full OSWorld benchmark. As
shown in Table 14, the results isolate the gains from
specific components:

• Effect of Decoupling: Even without Distri-
bution Alignment, our decoupled architec-

ture (‘Ours w/o DA’) achieves 34.77%, sig-
nificantly outperforming the coupled baseline
(24.17%). This confirms the intrinsic benefit
of the asynchronous design in improving data
collection and throughput.

• Effect of Distribution Alignment: Adding
the DA module (‘Ours w/ DA’) boosts perfor-
mance to 38.81%, validating that correcting
distributional shifts is critical for stability at
scale.

E.4 Impact of Experience Pool.
To address concerns that pre-collecting successful
trajectories for hard tasks might lead to memoriza-
tion, we conducted an ablation removing the Ex-
perience Pool entirely. As shown in Table 15, a
marginal drop of 1.11 percentage points demon-
strates that the model can successfully learn robust
policies through online sampling alone, albeit with
higher computational cost.

F Visualization

F.1 Key Steps of Tasks.
We visualize the comparison between the base-
line and our model on several tasks, demonstrating
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Table 14: Incremental analysis of the decoupled RL framework and data-curation components on the full OSWorld
benchmark with a maximum of 30 interaction steps. The initial checkpoint is UI-TARS-1.5-7B before online RL
training. Each subsequent row cumulatively adds the corresponding components. Ablation results are based on a
single evaluation run.

Setting Task Score (%) Gain over Previous (pp)

Initial checkpoint (UI-TARS-1.5-7B, before RL) 24.17 –
Decoupled RL w/o DA 34.77 +10.60

+ DA 38.81 +4.04
+ DR + DTL + HE (Full DART) 42.13 +3.32

Table 15: Ablation study removing pre-collected trajec-
tories (Experience Pool). Ablation results are based on
a single evaluation run.

Configuration Success Rate (%)

DART w/o pre-collected trajectories 41.02
DART (Full Method) 42.13

that through our RL training, our model can make
correct actions at critical steps, thereby achieving
successful trajectories. The comparative analysis
clearly shows the improvement in decision-making
at pivotal moments, as illustrated in Figure 10 and
Figure 11.

F.2 Visualization of Extremely Difficult Tasks.

By leveraging pre-collected successful trajectories
from the trajectory pool for extremely difficult
tasks (where pass@32 failed), our trained model
demonstrates the ability to generate correct trajec-
tories on these challenging tasks. We visualize the
critical steps that truly determine the success or
failure of trajectories in these tasks and provide de-
tailed analysis of the underlying reasons, as shown
in Figure 12 and Figure 13.

F.3 Failure Cases

Visualization of Failure Cases. We also visualize
representative failure cases to highlight the limita-
tions of our model. These examples demonstrate
situations where DART-GUI-7B makes mistakes at
key steps, preventing successful task completion,
as illustrated in Figure 14.
Statistics of Failure Cases. To provide a mech-
anistic understanding of the model’s limitations,
we conducted a comprehensive human study on
65 failed tasks from DART-GUI-7B and 55 cor-
rected tasks (where DART succeeded but the base-
line failed). We categorize the trajectories into five
distinct failure modes:

• Reasoning Failures: The agent correctly
grounds UI elements but selects an incor-
rect action or logical sequence (e.g., clicking
“Done” before changing a setting).

• Grounding Errors: The agent fails to locate
the target element or generates hallucinated
coordinates.

• Looping/Stuck: The agent enters a repetitive
action sequence, or the environment remains
trapped in a stagnant state (e.g., unclosable
pop-ups or unresponsive pages) preventing
progress.

• Knowledge Limitations: The agent lacks the
specific domain knowledge or application us-
age experience required to solve the task.

• Action Space Limitations: The agent gen-
erates a valid intent, but the action fails due
to API constraints or complex UI interactions
(e.g., specific drag-and-drop mechanics).

The detailed statistical breakdown of these error
modes is presented in Table 16.

We further visualize this distribution shift in Fig-
ure 15. The comparison highlights that DART sig-
nificantly reduces Reasoning Failures (dropping
from 61.8% in corrected tasks to 40.0% in remain-
ing errors) and Grounding Errors (16.4% to 7.7%).
As the model becomes more capable of handling
reasoning and grounding challenges, Knowledge
Limitations (rising to 38.5%) emerge as the primary
bottleneck for the remaining unsolved tasks.

We analyze the correlation between failure
modes and trajectory length. As shown in Fig-
ure 16, successful trajectories from DART-GUI-7B
exhibit a remarkably even distribution across all
length intervals (consistently ranging between 15%
and 19%), demonstrating robustness across both
short and long-horizon tasks. In contrast, baseline
failures are heavily skewed toward the maximum

37624



Task: Please help me set the current user's line length for code wrapping to 50 characters in VS Code.

···
Step1 Step2 Step3 Step4 Step10

UI-TARS-1.5-7B

···
Step1 Step2 Step3 Step4 Step8

DART-GUI-7B

[Reasoning Error] Choose to change
the value of “HTML > Format: Wrap
Line Length” option.

Click the correct option
“Editor: Word Wrap Column”.

Figure 10: Case study comparing UI-TARS-1.5-7B and DART-GUI-7B on configuring line wrapping in VS Code.
UI-TARS-1.5-7B exhibits a reasoning error by modifying the unrelated HTML > Format: Wrap Line Length option,
whereas DART-GUI-7B correctly locates and sets the Editor: Word Wrap Column parameter to the desired value.
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Task: Help me change the 2 in "H2O" to a subscript.

···
Step1 Step2 Step3 Step4 Step10

UI-TARS-1.5-7B

···
Step1 Step2 Step3 Step4 Step9

DART-GUI-7B

[Grounding Error] Drag to
select both “H” and “2”.

Drag to select only “2”.

Figure 11: Case study comparing UI-TARS-1.5-7B and DART-GUI-7B on editing text in LibreOffice. UI-TARS-1.5-
7B makes a grounding error by selecting both “H” and “2” in “H2O”, whereas DART-GUI-7B correctly highlights
only the “2” for conversion into a subscript.
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Task: On it Whenever I launch a LibreOffice Impress, it uses both screens, one for current slide and next slide and
another for actual presentation. What I want is to use only one monitor which shows presentation. I dont want the
screen with Current slide and Next slide so that it can be used for other purposes. How should I achieve this?

···
Step1 Step2 Step3 Step4 Step8

UI-TARS-1.5-7B

···
Step1 Step2 Step3 Step4 Step8

DART-GUI-7B

[Reasoning Error] Click the “Slide
Show” option cannot finish the task.

Click the “Tool” option leads
to the correct trajectory.

Figure 12: Case study on an extremely difficult LibreOffice Impress task. The task requires configuring dual-slide
display settings. The baseline model (top) incorrectly clicks "Slide Show" in the menu, leading to task failure.
Our DART-GUI-7B model (bottom), trained with successful trajectories from the trajectory pool, correctly selects
"Tools" to access the preferences panel where dual-slide display can be configured. This demonstrates our model’s
ability to learn from rare successful trajectories and solve previously intractable tasks through RL training.
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Task: Can you save this webpage I'm looking at to bookmarks bar so I can come back to it later?

Step1 Step2 Step3

UI-TARS-1.5-7B

Step1 Step2 Step3 Step4

DART-GUI-7B

[Reasoning Error] Click “Done”
without changing the bookmark folder.

Switch the bookmark folder
to the “Bookmarks bar” leads
to the correct trajectory.

Step5

Figure 13: Case study on an extremely difficult bookmark saving task. The task requires saving a webpage to
the bookmarks bar for quick access. The baseline model (top) makes a critical error by clicking "Done" without
changing the bookmark folder from the default "All Bookmarks" to "Bookmarks bar," resulting in task failure. Our
DART-GUI-7B model (bottom) correctly identifies the need to switch the folder dropdown to "Bookmarks bar"
before confirming, successfully completing the task. This demonstrates our model’s ability to understand subtle but
crucial UI requirements that determine task success, learned through RL training on rare successful trajectories.
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Table 16: Error distribution across tasks failed by the baseline but corrected by DART, and the remaining failures of
DART-GUI-7B.

Error Category
Baseline Failures

(Corrected by DART)
DART-GUI-7B Failures

(Remaining Errors)

Reasoning Failures 61.82% 40.00%
Grounding Errors 16.36% 7.69%
Action Space Limitations 1.82% 6.15%
Looping/Stuck 1.82% 7.69%
Knowledge Limitations 18.18% 38.46%

length (peaking at 31.2%), indicating that the base-
line model often struggles to terminate effectively
or enters stuck states in complex scenarios.

Figure 17 presents the Pearson correlation co-
efficients between specific failure modes and task
metrics. The statistical analysis identifies key fail-
ure patterns. There is a notable positive correlation
(0.29) between Looping/Stuck states and trajectory
length, confirming that agents stuck in repetitive
loops tend to exhaust the step limit. Additionally,
Knowledge Limitations show a positive correla-
tion (0.18) with task complexity, suggesting that as
tasks become more intricate, the primary challenge
shifts from execution to a lack of specific domain
knowledge.

Finally, we observe that failure modes vary sig-
nificantly depending on the application interface, as
illustrated in Figure 18. LibreOffice Calc, charac-
terized by a dense grid of small cells, is dominated
by Grounding Errors (100%), reflecting the diffi-
culty in precise coordinate prediction. In contrast,
applications like Chrome and LibreOffice Writer,
which involve multi-step menu navigation, primar-
ily exhibit Reasoning Failures (>75%), indicating
that the main challenge in these environments lies
in logical planning rather than visual element iden-
tification.

F.4 Human Annotation Protocol

Annotation Data and Assignment. We invited
20 engineers with relevant experience in GUI
agents and software systems to conduct the failure-
mode analysis. The annotation set contained 120
task cases, including 55 baseline failures that were
corrected by DART-GUI-7B and 65 remaining fail-
ures of DART-GUI-7B. Every annotator indepen-
dently evaluated the complete set of 120 cases, re-
sulting in 2,400 case-level judgments. For each
case, annotators were provided with the task in-
struction, the complete interaction trajectory, in-
cluding screenshots, reasoning traces, and executed

actions, and the final task outcome. The presenta-
tion order of the cases was independently random-
ized for each annotator to reduce ordering effects.

Before annotation, the task descriptions and tra-
jectory records were screened to exclude personally
identifying, sensitive, offensive, or otherwise non-
compliant content. All trajectories were generated
in isolated benchmark environments and did not
contain data collected from real users. Annotators
were instructed to report any case that they consid-
ered sensitive, identifying, offensive, or otherwise
inappropriate.

Annotation Instructions. All annotators re-
ceived the same instructions:

Review the task instruction and the com-
plete interaction trajectory, including the
screenshots, reasoning traces, executed
actions, and final outcome. Identify the
earliest error that directly prevents suc-
cessful task completion and assign ex-
actly one dominant failure category:

1. Reasoning Failure: The agent cor-
rectly identifies or grounds the rel-
evant interface elements but selects
an incorrect action, plan, or logical
sequence.

2. Grounding Error: The agent fails
to locate the intended interface ele-
ment, selects an incorrect element,
or produces inaccurate or halluci-
nated coordinates.

3. Looping/Stuck: The agent repeat-
edly performs ineffective actions or
remains in a stagnant state without
making meaningful progress.

4. Knowledge Limitation: The
agent lacks the task-specific or
application-specific knowledge
required to determine the correct
operation.
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5. Action Space Limitation: The
agent expresses an appropriate in-
tent, but the operation cannot be re-
liably executed using the available
action interface, such as an unsup-
ported compound key operation or
a complex drag-and-drop action.

If multiple errors occur in the same
trajectory, select the earliest error that
causally prevents task completion. If
the categorization is uncertain, select the
most causally relevant category and pro-
vide an optional explanatory note. Re-
port any case containing sensitive, iden-
tifying, offensive, or otherwise inappro-
priate material to the research team.

Aggregation. We retained every individual anno-
tation rather than replacing the annotations with a
single majority-vote label. For a task subset S and
failure category c, we calculate its annotation-level
proportion as

pc =

∑20
i=1

∑
j∈S I[yi,j = c]

20|S| , (3)

where yi,j is the category assigned by annotator i
to case j. Consequently, the reported distributions
are computed from 1,100 judgments for the 55 cor-
rected baseline failures and 1,300 judgments for
the 65 remaining DART-GUI-7B failures. This ag-
gregation preserves annotator-level variation while
giving every annotator and every case equal weight.

Recruitment, Compensation, and Consent.
The annotators were engineers with relevant pro-
fessional experience and were recruited through
direct invitation. Participation was voluntary, and
all annotators received financial compensation un-
der the applicable institutional policy for profes-
sional annotation work. The compensation level
was determined based on the expected workload
and required expertise and exceeded the legal re-
quirements.

Before participation, annotators were informed
of the purpose of the study, the annotation proce-
dure, and the intended use of their annotations in
aggregate research analysis and publication. No
sensitive demographic information was collected.
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Task: Can you enable the 'Do Not Track' feature in Chrome to enhance my online privacy?

···
Step1 Step5 Step6 Step18

···
Step1 Step4 Step5 Step13

[Reasoning Error] Choose to
trial in “Site settings” option.

···

DART-GUI-7B

Task: Please help me open two workspaces "/home/user/workspace1.code-workspace" and
"/home/user/workspace2.code-workspace" simultaneously in the same window.

···

DART-GUI-7B

(a)

(b)

Figure 14: Failure cases of DART-GUI-7B. (a) For the task of enabling the “Do Not Track” feature in Chrome, the
model incorrectly clicks the “Site settings” option instead of the “Third-party cookies” option required to access the
relevant privacy control. (b) For the task of opening two workspaces simultaneously in VS Code, the model attempts
a Ctrl+click sequence, but due to action space limitations, the execution corresponds to sequentially pressing “Ctrl”
and clicking without holding “Ctrl”, which deselects the first workspace and leaves only the second one selected.
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Figure 15: Comparison of Failure Mode Distributions. The charts contrast the error distribution of tasks failed by
the baseline but corrected by DART (Left) against the remaining failures of DART-GUI-7B (Right).

Figure 16: Distribution of Trajectory Lengths. A comparison between the trajectory lengths of DART’s successful
tasks (Orange) and the baseline’s failed tasks (Blue).
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Figure 17: Correlation Matrix of Failure Modes and Task Metrics. Heatmap displaying the Pearson correlation
coefficients between specific failure modes and task metrics (Trajectory Length and Task Complexity).

Figure 18: Failure Mode Distribution by Application Type. Heatmap showing the percentage of failure modes
across different GUI applications.
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