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Abstract

Vision-Language Models (VLMs) based GUI
agents stand to benefit significantly from online
reinforcement learning (RL). However, their
training is bottlenecked by two fundamental
issues: current data synthesis methods for GUI
Agents rely on specific environments and strug-
gle to generate diverse data, while existing eval-
uators either suffer from limited scalability or
provide inaccurate and unreliable reward sig-
nals. To overcome these challenges, we intro-
duce GSAR (Goal-State-Anchor Reward), a
RL reward framework that supports scalable
task generation and delivers reliable reward sig-
nals for stable and efficient policy optimization.
Our approach features self-evolving data syn-
thesis, which produces multiple environments
through task execution and generates diverse
tasks and goal states. Complementing this, a
state-anchor mechanism automatically anno-
tates task-relevant Ul elements in successful
goal states as reference anchors. During RL
training, these reference anchors provide ac-
curate, scalable reward signals that substan-
tially enhance efficiency. Extensive evaluations
demonstrate that our framework achieves over
90% accuracy on offline trajectory verification
and performs closest to rule-based methods.
Furthermore, agents trained using our reward
framework exhibit strong performance on both
AndroidWorld and our constructed benchmark,
establishing a scalable approach for GUI agent
training.

1 Introduction

Graphical User Interface (GUI) agents driven by
Vision-Language Models (VLMs) (Bai et al., 2025;
Hurst et al., 2024) demonstrate human-like compe-
tence in understanding and operating mobile device
environments (Wang et al., 2025; Ye et al., 2025).
As a promising paradigm for automating interac-
tions across mobile and desktop platforms, GUI
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Figure 1: Rule-based and Model-based reward judge.
Model-based judges may be inaccurate when context is
limited or model capacity is insufficient.

agents transform raw screen observations into ac-
tionable decisions through visual comprehension
and functional reasoning. These agents operate
without extensive fine-tuning or additional pretrain-
ing, highlighting their strong potential for broad
real-world applications.

Reinforcement Learning with Verifiable Re-
wards (RLVR) (Lambert et al., 2024; Shao et al.,
2024; Yu et al., 2025; Feng et al., 2025), build-
ing on its success in domains such as mathematics
and code reasoning, has recently emerged as an
effective paradigm for training GUI agents (Bai
et al., 2024; Xu et al., 2025). Scaling RLVR for
GUI agents fundamentally relies on a unified train-
ing infrastructure: diverse task instantiation and
strictly verified reward signals. While Large Lan-
guage Models can trivially generate a vast array
of task descriptions, grounding these open-ended
instructions into executable training episodes re-
quires configuring the corresponding initial envi-
ronments. Currently, this environment setup and
data collection process remains highly restricted by
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manually designed configurations (Sun et al., 2024;
Lin et al., 2025). This labor-intensive dependency
prevents the automatic generation of truly diverse
environment-task pairs, which is the foundational
prerequisite for large-scale policy learning.

Furthermore, evaluating agent performance
across such an open-ended task space introduces
an equally complex challenge. As shown in Fig-
ure 1, existing reward designs struggle to scale
effectively. Rule-based methods require manually
written execution functions to verify task comple-
tion (Rawles et al., 2024; Xie et al., 2024); while
precise, they are completely impractical to manu-
ally scale alongside automatically generated tasks.
Conversely, model-based evaluators attempt to au-
tomate outcome assessment (Bai et al., 2024; Wang
et al., 2024), but they frequently suffer from in-
stability, hallucination, or insufficient coverage of
edge cases. These flaws lead to noisy supervision
signals that severely impair policy convergence and
degrade agent performance. Together, the inability
to automatically instantiate diverse initial environ-
ments and the lack of scalable, accurate reward
supervision form a systemic bottleneck that con-
strains the true potential of RL for GUI agents.

To address this challenge, we introduce GSAR
(Goal-State-Anchor Reward), an RL reward frame-
work that tackles both bottlenecks by enabling scal-
able task and environment generation and provid-
ing reliable reward signals for stable policy op-
timization. First, we leverage self-evolving data
synthesis to generate diverse tasks and trajecto-
ries, while progressively evolving the environments
through interaction, resulting in task, initial envi-
ronment, and trajectory triplets in a fully automated
manner. Next, the state-anchor mechanism auto-
matically annotates task-relevant Ul elements in
the final states of successful trajectories, produc-
ing task, initial environment, and goal-state-anchor
reference triplets. During online training, these
references are used to provide accurate and seman-
tically grounded reward signals. Both online and
offline experiments demonstrate that our approach,
by explicitly anchoring task-relevant UI elements
in successful goal states, delivers robust and scal-
able reward feedback for GUI agent training.

In summary, our work makes the following pri-
mary contributions:

* We propose a self-evolving data synthesis mech-
anism that generates diverse environments and
task trajectories while preserving initial environ-

ment snapshots, enabling reproducible and scal-
able reinforcement learning.

* We introduce a scalable Goal-State-Anchor re-
ward framework for GUI agents that overcomes
the limitations of prior judges to deliver accurate,
generalizable signals for online reinforcement
learning.

* We analyze the impact of reward accuracy on
reinforcement learning and show that reward de-
sign critically affects agent performance.

2 Related Works
2.1 Data Synthesis for Mobile GUI Agents

Effective training of GUI agents requires diverse
tasks that expose models to a wide range of inter-
face elements and interaction patterns necessary for
robust and generalizable performance. Following
the introduction of sequential GUI data for mo-
bile applications in Rico (Deka et al., 2017), re-
search has increasingly focused on synthesizing
GUI datasets. Several efforts (Rawles et al., 2023;
Li et al., 2024; Lu et al., 2024) generated data for
supervised fine-tuning (SFT) (Ouyang et al., 2022)
models, but the scalability of manually curated
datasets is hindered by costly and inefficient data
collection. More recently, automated data synthe-
sis approaches have been proposed to address this
limitation. These methods first explore application
interfaces via random or heuristic traversal, and
then construct tasks based on the explored states, ei-
ther by reverse-engineering instructions (Sun et al.,
2024) or generating tasks directly from screen-
shots (Xie et al., 2025). Large pretrained mod-
els (e.g., GPT-40 (Hurst et al., 2024)) are then
employed to execute these tasks and filter out in-
complete or failed trajectories. However, these
approaches still depend on manually preconfigured
app environments and do not provide reproducible
initial states required for stable reinforcement learn-
ing of GUI agents.

2.2 Reward System for GUI Agents

Recent research has increasingly integrated rein-
forcement learning (RL) into the training of GUI
agents (Zhang et al., 2025; Chen et al., 2025), with
the goal of reducing supervision requirements and
enhancing generalization and long-term decision-
making ability. In RL, reward signals are crucial
for guiding policy optimization and shaping learn-
ing dynamics (Gao et al., 2024; DeepSeek-Al et al.,
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Figure 2: Overview of GSAR. (a) self-evolving data synthesis interacts with mobile environments to modify
environment states and automatically generate tasks and trajectories. (b) state-anchor mechanism leverages
successful trajectories to identify and anchor task-related UI elements in the goal state, providing more accurate

reward signals for training.

2025; Huang et al., 2025). Initial reward designs
for GUI agents primarily focused on grounding
tasks (Yuan et al., 2025; Zhou et al., 2025), such
as click position prediction (Lu et al., 2025) or in-
tersection over union (IoU) measurement between
predicted and target boxes (Liu et al., 2025). Yet
these methods are limited in scope and lack val-
idation on more complex high-level tasks. To
support training of high-level GUI agents, subse-
quent studies have developed rule-based outcome
rewards (Rawles et al., 2024; Luo et al., 2025) that
provide reliable supervision through task-specific
verification scripts. In addition, model-based re-
ward functions have been explored for high-level
tasks (Yang et al., 2025b; Shi et al., 2025), where
an external model evaluates successful demonstra-
tions or outcomes, providing rewards with high
scalability across tasks.

Building upon model-based methods, we pro-
pose a reward framework designed to provide more
accurate and reliable reward signals for RL training
while maintaining scalability.

3 Method

In this section, we introduce GSAR (Goal-State-
Anchor Reward) framework. An overview of the
GSAR pipeline is illustrated in Figure 2. The
framework operates through a seamless integration
of two core phases. First, through self-evolving

data synthesis, the framework progressively gener-
ates diverse tasks, execution trajectories, and their
corresponding initial environments via interaction-
driven evolution. Subsequently, the state-anchor
mechanism leverages these trajectories for auto-
matic reward annotation. By anchoring to goal
states, this mechanism provides reliable and scal-
able reward supervision to close the learning loop.

3.1 Self-Evolving Data Synthesis

To synthesize data for training and to provide high-
quality source data for reward annotation, we pro-
pose a self-evolving data synthesis framework that
is both automatic and scalable. Unlike static or
one-shot data generation pipelines, our approach
explicitly models data construction as an evolving
process. The key idea is to allow the task distribu-
tion, environment states, and trajectories to evolve
together over time through continuous interaction
with the GUI environment, closely mirroring how
real-world applications are explored and used by
humans. Task generation, execution, and trajec-
tory collection are all driven by the model itself,
enabling continuous expansion of the dataset with-
out manual intervention. The self-evolving data
synthesis framework is guided by the following
principles:

Simulation of Real-World Usage. If an app has
not undergone manual configuration or real user



interaction, the information contained in a freshly
installed app is typically minimal and simplistic.
To enable data collection in richer and more di-
verse environments, we modify the app state by
executing multiple tasks. Through repeated rounds
of task execution and environment updates, the
system progressively evolves the app states. This
iterative process produces a wide variety of environ-
ments, which subsequently support the collection
of more diverse tasks.

Automatic Task Generation. We first explore

the GUI environment of each app through random

interaction, producing an exploration trajectory:
T = (80, a0,51,01,- ., 5n),

where s; denotes the environment state represented

by the GUI screenshot, and a; represents the action

taken at step <.

Given the explored observations along the trajec-
tory, a Vision-Language Model M generates a set
of potential user tasks based on the visual input:

Q; = M(s;), i€{0,...,n},
where Q; = {q},?,...,qF} denotes the set of
generated tasks conditioned on observation s;.

For each generated task, we preserve the corre-
sponding environment e as the initial state, forming
task—environment pairs:

Diask = {((L 6) ‘ g€ Ql}

The resulting pairs are used to initialize reinforce-
ment learning training episodes.

Trajectory Collection and Filtering. After task
creation, we employ GPT-40 to execute these tasks
within their associated environments in order to ob-
tain trajectory data while simultaneously altering
the app states. Due to the inherent limitations of
the model, some generated tasks may not be exe-
cutable under the current GUI context, and certain
collected trajectories may contain mistakes or in-
complete steps. To mitigate this issue, we adopt the
filtering strategy F proposed in OS-Genesis (Sun
et al., 2024) to remove task—trajectory mismatches.
As a result, we obtain triplets consisting of task g,
initial environment e, and successful trajectory 7:

Dtraj = {(%677-) | F(QaT)}'

Progression from Simple to Complex. Al-
though numerous tasks can be produced from indi-
vidual states, we observe that the model struggles
to generate tasks that are both sophisticated (e.g.,
involving multiple sub-goals or strict execution or-
der) and diverse (e.g., similar tasks with varying
parameters). To address this limitation, we apply
a task complexification process to tasks that were
successfully completed in the previous iteration.
Given a completed source triplet (gs,€s, Ts),
where ¢, denotes the source task instruction, e
is the initial environment, and 7, represents the
successful execution trajectory, we generate a
new task geomplexify through one of three strate-
gies—inheritance, composition, or rewriting:

Minherit(Q& TS)7
Mmerge(QSa 7_s)a € = €g,
M ewrite (q87 7_5)7

e =er,
Gcomplexify =

e = es.

Where e denotes the initial environment of the cur-
rent iteration. Mipnerit generates a follow-up task
starting from e7, M yerge augments the source task
by combining it with additional subtasks starting
from the original environment, and M ewrite Pro-
duces a task variant by modifying specific parame-
ters of the source task while preserving its overall
structure. Through this process, the task distribu-
tion progressively evolves from simple tasks toward
more complex and diverse workflows, generating
increasingly challenging tasks across iterations.

Further details and prompts for self-evolving
data synthesis are provided in Appendix B and
Appendix G.

3.2 State-Anchor Reward

While self-evolving data synthesis enables large-
scale task and trajectory generation, effective on-
line RL further requires accurate and scalable re-
ward supervision. To this end, we introduce a
state-anchor mechanism that supports automatic
annotation with minimal human intervention.

Limitations in Action History Based Evaluation.
In model-based reward evaluation, action history
is often incorporated as contextual information to
provide useful signals (e.g., the completion of inter-
mediate steps), which helps the model better assess
task progress. However, due to the limitations of
current models, evaluators relying on historical con-
text frequently suffer from false positives (FP). This
issue is particularly pronounced in GUI scenarios,



where visually similar states may correspond to se-
mantically different task outcomes. Compared with
rule-based approaches, model-based methods are
less reliable because the model lacks explicit refer-
ences of completed task states, making it difficult
to determine whether a task has truly been accom-
plished. Inspired by this observation, we introduce
goal-state references that explicitly represent the
expected outcome of a task. Specifically, we an-
notate key elements within the goal state and use
them as reference signals, providing the evaluator
with a form of “ground-truth answer” that improves
the accuracy of model-based reward estimation.

Goal-State Acquisition. We obtain goal states
from the self-evolving data synthesis stage by ex-
tracting the final screenshot of successful trajecto-
ries. Formally, given a successful task—trajectory
triplet (¢, e,7) where 7 = (sg,ag,...,sr), the
goal state is defined as the terminal observation:

Sg = ST.

For certain difficult tasks, models may fail to
complete them during trajectory collection, leading
to their removal during filtering. However, such
tasks may still be beneficial for reinforcement learn-
ing. Therefore, for a subset of these challenging
tasks, the final goal states are obtained through
manual execution in order to provide reliable com-
pletion references.

Automatic Reward Annotation via Goal-State
Anchoring. After obtaining the goal state, we
automatically identify Ul elements relevant to the
task objective and use them to construct a goal-
state-anchor reference. These anchored elements
provide a structured representation of the expected
task outcome.

Specifically, given the goal state s, and its corre-
sponding accessibility tree (ally tree) Ag, we first
overlay element indices from A, onto the screen-
shot and then use M to identify the indices of
task-relevant elements:

Ky = M(I(ngAg)aAg)a

where 7 denotes the operation of overlaying ele-
ment indices on the screenshot. The ally tree pro-
vides semantic and spatial information for linking
Ul elements to their corresponding indices.

We then retrieve the bounding boxes of the se-
lected elements from A, and use A to anchor their

corresponding regions in the goal-state screenshot:
G=A (sg, {bbox(Ak) | k € Kg}) .

The resulting G serves as the goal-state-anchor
reference for reliable task completion verification.
Importantly, the entire process is human-free, en-
abling large-scale and continual reward annotation.

Goal-State-Anchor Reward for Training. Once
the anchored goal state is obtained, it can serve as
a reference answer to assist the model in evaluating
task completion. In addition, inspired by (Lai et al.,
2025), we incorporate the action history as contex-
tual information during evaluation. By combining
the action history with the goal-state-anchor refer-
ence, the evaluator is provided with sufficient in-
formation to make more accurate judgments about
task outcomes.

Formally, at time step ¢, the evaluator receives
the current GUI state s;, the action history 7g.;, and
the goal-state-anchor label representation GG, and
outputs a binary reward indicating task completion:

1, lfyt = 1,

=&(st, 104, G ry =
o (56, 70, @), ! {0, otherwise,

where £ denotes the evaluation model, y; €
{0,1} indicates whether the task goal has been
achieved, 7 is the reward at step ¢.

During training, this reward mechanism can be
applied at any step of task execution to determine
whether the desired outcome has been achieved,
enabling reliable reward supervision for RL.

4 Experiments

4.1 Experiment Settings

Benchmarks. We use two widely used bench-
marks, the AndroidControl (Li et al., 2024) and
GUI-Odyssey (Lu et al., 2024), to evaluate the qual-
ity of our synthesized data. We report Type Match
(TM) and Exact Match (EM) as the primary eval-
uation metrics. To evaluate the effectiveness of
our GSAR for trajectory completion verification,
we further construct an evaluation set from execu-
tion traces in AndroidWorld (Rawles et al., 2024).
Specifically, we collect more than 300 trajectories
containing both positive and negative examples,
and report Accuracy and F1 score. To evaluate
the effectiveness of the overall GSAR framework,
we construct a benchmark consisting of 86 queries
with their corresponding initial environment snap-
shots and annotated reference goal states. Half of



AndroidControl-Low AndroidControl-High

GUI-Odyssey

Model Data Sources

™ EM ™ EM ™ EM
OS-Genesis-7B Model 90.7 74.2 65.9 444 11.7 3.6
OS-Atlas-7B Human&Model 73.0 67.3 70.4 56.5 91.8% 76.8%
Aguvis-7B Human&Model 93.9 89.4 65.6 54.2 26.7 135
Qwen2.5-VL-7B - 94.1 85.0 75.1 62.9 59.5 463
Ours (aw-app) Model 95.4 90.2 76.1 66.1 658 484
Ours (extra-app) Model 95.3 89.3 76.3 65.2 654 47.6

Table 1: Performance comparison on the AndroidControl and GUI-Odyssey benchmarks. Results are reported
without the open action type. *OS-Atlas employs different train/test splits on GUI-Odyssey and is thus not directly
comparable. Bold and underline indicate the best and second-best results.

the queries are used as the training split. We report
the Success Rate (SR) on our self-built benchmark,
with results verified through both manual assess-
ment and GSAR.

Baselines. To evaluate the quality of the syn-
thesized data, we selected three advanced open-
source models, Os-Genesis (Sun et al., 2024), OS-
Atlas (Wu et al., 2024), and Aguvis (Xu et al.,
2024), for comparison with our fine-tuned model.
Moreover, we compare our method with three rep-
resentative model-based approaches for reward ver-
ification from prior work: DigiRL (Bai et al., 2024),
DistRL (Wang et al., 2024), and StepCeritic (Lai
et al., 2025). Additionally, we include two base-
lines that use only the goal-state screenshot and
only the anchored goal-state screenshot as input,
denoted as GS-Only and GSA-Only.

Training Details. For the supervised fine-tuning
(SFT) experiments on synthesized trajectory data,
we adopt Qwen2.5-VL-7B (Bai et al., 2025) as the
base model and fine-tune it using LoRA (Hu et al.,
2021). For model-based reward evaluation, we use
several vision-language models as judge models,
including Qwen3-VL-8B, Qwen3-VL-32B (Yang
et al., 2025a), GPT-40 (Hurst et al., 2024), and
Gemini-2.5-Pro (Comanici et al., 2025). In the
online reinforcement learning (RL) experiments,
we adopt UI-TARS-7B-DPO (Qin et al., 2025) and
GUI-Owl-7B (Ye et al., 2025) as the backbone mod-
els, and use GRPO (Shao et al., 2024) as the opti-
mization algorithm, with Qwen3-VL-32B serving
as the judge model. Detailed experimental settings
are provided in Appendix C.

4.2 Main Results

We first evaluate the fine-tuned model to validate
data quality, then assess the accuracy of GSAR on

offline trajectories, and finally verify that the entire
pipeline scales effectively to online RL.

Evaluation of Synthesized Data Quality. We
evaluate the effectiveness and scalability of syn-
thesized data for GUI agent training. The model
is fine-tuned on data collected from 20 Android-
World apps and further scaled using data from 40
selected open-source apps. As shown in Table 1,
fine-tuning on synthesized data leads to consistent
improvements across both benchmarks, with no-
table gains on the EM metric for the low and high
splits of AndroidControl (+5.2% and +3.2%, re-
spectively) and on the TM metric for GUI-Odyssey
(+6.3%). When scaling to additional open-source
apps, the model achieves similarly strong perfor-
mance, although slightly lower due to distribution
differences between datasets. These results indicate
that our synthesized data effectively improves
model performance and generalizes well across
diverse application domains. Additional results
on other base models are provided in Appendix D.

Offline Evaluation for GSAR. We conduct of-
fline evaluations to assess the ability of GSAR in
judging task completion, comparing it with three
model-based reward methods as shown in Table 2.
As model capabilities continue to improve, the ac-
curacy and F1 scores of the three baseline methods
also increase. However, they still lag behind the
rule-based approach, whose accuracy and F1 are
theoretically 100%. Providing the model with a ref-
erence state (GS-Only or GSA-Only) significantly
enhances its evaluation capability. GSAR achieves
the highest results in evaluating trajectory correct-
ness, being the only method to surpass 90% in both
accuracy and F1 for both open-source and closed-
source models. This demonstrates that GSAR
most closely approximates rule-based evalua-



Method Qwen3-VL-8B Qwen3-VL-32B GPT-40 Gemini-2.5-pro Avg
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

DigiRL 67.0 64.9 71.4 65.9 63.8 56.2 71.1 64.3 68.3 62.8
DistRL 67.9 69.3 80.0 79.7 69.8 66.9 82.5 82.3 75.0 74.5
StepCeritic 64.4 74.1 76.8 81.0 81.3 84.0 87.9 88.3 77.6 81.8
GS-Only 84.1 84.2 83.8 83.9 78.1 78.8 86.0 85.9 83.0 83.2
GSA-Only 87.6 88.2 86.4 86.9 81.3 80.9 89.8 90.1 86.3 86.5
GSAR 90.2 91.0 92.1 924 91.1 91.3 92.7 92.7 91.5 91.8

Table 2: Offline trajectory evaluation results of different model-based reward methods.
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Figure 3: Success rate on the self-built benchmark.
Model indicates that GSAR is used as the evaluation
method.

tion while retaining scalability advantages.

RL Training with the Full Framework. To
further assess the effectiveness and efficiency
of GSAR, we use our self-built benchmark, includ-
ing triplets (task, initial environment, goal-state-
anchor reference), for online RL. As shown in Fig-
ure 3, the model trained with GSAR as the reward
function achieves a 23.2% improvement on the
training split and an 8.1% improvement on the full
task set compared to the UI-TARS. A similar trend
is observed for GUI-Owl, with gains of 18.6% and
8.2%, respectively. Moreover, incorporating the
goal-state-anchor reference substantially enhances
task execution over StepCritic, while adding ac-
tion history also improves training compared to
GSA-Only. Verification using GSAR shows sim-
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Figure 4: Online training reward curves of three reward
mechanisms on the UI-TARS-7B-DPO and GUI-Owl-
7B models. Each curve represents the per-step reward
across training steps.

Method Qwen3-VL-8B Qwen3-VL-32B
Acc F1 Acc F1
w/o reference 64.4 74.1 76.8 81.0
w/o anchor 87.3 88.0 90.5 90.7
w/o history 87.6 88.2 86.4 86.9

GSAR (Ours) 90.2 91.0 92.1 92.4

Table 3: The results of the ablation study.

ilar trends to human evaluation, with some met-
rics closely matching human judgments. Overall,
the proposed pipeline effectively enables scal-
able RLVR training in GUI agents and improves
their performance.

4.3 Ablation Study.

We perform ablation experiments on offline verifi-
cation to assess the contribution of each component.
Specifically, we test three variants: (1) w/o history,
which removes the action history; (2) w/o anchor,
which removes the anchor on the goal-state screen-
shot; and (3) w/o reference, which removes the
goal-state screenshot.

As shown in Table 3, combining the action
history with the anchored reference screenshot
as input yields the best performance, and re-
moving either component leads to a noticeable



Type Answer Delete Normal Total
Count 20 15 47 82
Accuracy 90.0 100.0 89.4 91.5

Table 4: Automatic annotation accuracy of goal-state
anchoring across task categories.
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Figure 5: Comparison of false positives (FP) and false
negatives (FN) across different reward designs. Step-
Critic reduces FN but leaves FP high, GSA-Only re-
duces FP but some FN remain, and combining both
mechanisms balances the reward signal while mitigat-
ing both FP and FN errors.

degradation. Omitting the reference image leads
to substantially lower accuracy compared to the
rule-based approach, as the model loses informa-
tion about the final task state. Excluding the an-
chor annotations from the completed reference also
degrades performance, since VLMs may fail to
perceive subtle visual differences between similar
incomplete and completed screenshots. Addition-
ally, because some tasks involve critical interme-
diate steps, discarding the action history removes
this contextual information, negatively affecting
the final decision.

5 Analysis Experiments

5.1 Annotation Accuracy by Task Category

Table 4 summarizes the accuracy of automatic goal-
state annotation via GPT-40 across task categories.
The overall annotation accuracy reaches 91.5%.
Delete tasks achieve 100% accuracy because the
deleted object no longer appears in the goal state,
eliminating the need for fine-grained localization;
therefore, these cases are treated as fully correct.
For Answer and Normal tasks, accuracy is slightly
lower, as the goal state may contain multiple small
or scattered key elements that the model must indi-
vidually identify and localize, posing a greater chal-
lenge. Overall, the automatic annotation pipeline
provides reliable annotations across different task
categories and can substantially reduce the need for
manual annotation.
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Figure 6: Evaluation results on AndroidWorld and on-
line training reward curves of the UI-TARS model.

Reward Method Average Rollout Time (s)
Rule-based 2754.92
GSAR (Model-based) 2342.02

Table 5: Average rollout time per training step for dif-
ferent reward methods.

5.2 Understanding the Role of Reward
Signals in RL Training

We investigate the impact of reward signals on rein-
forcement learning by comparing the performance
of models trained with different reward functions.
Although StepCritic exhibits relatively low false
negative rates in offline evaluation, it suffers from
a notably high false positive rate (Figure 5). As
a result, its reward signals during RL training are
overly optimistic (Figure 4), leading to policies that
fail to consistently translate into strong online per-
formance and producing agents that are less stable
and less reliable than ours (Figure 3). This sug-
gests that providing more accurate reward signals
can lead to greater gains in RL training.

5.3 Comparison with Rule-based Methods

Performance Comparison. We conduct a com-
parative study between GSAR and rule-based re-
wards on AndroidWorld (Rawles et al., 2024). We
select a subset of 42 tasks as the training set, while
evaluation is conducted on the full benchmark. As
shown in Figure 6a, both GSAR and rule-based re-
wards improve the success rate over the UI-TARS-
7B-DPO baseline (26.7%). GSAR increases the
performance to 30.2% (+3.5%), while rule-based
rewards achieve 32.8% (+6.1%) due to their near-
noiseless verification signals. Meanwhile, the re-
ward curves in Fig. 6b show that GSAR follows
a trend highly consistent with rule-based rewards,
demonstrating that it can provide stable optimiza-
tion signals without relying on manually designed
rules, offering better scalability and generalization.



Rollout Efficiency. Both methods perform re-
ward evaluation on a step-wise basis during RL
training. GSAR introduces additional latency due
to model-based evaluation after each action. How-
ever, for most tasks, the latency introduced by
model inference is lower than the overhead incurred
by repeated ADB-based device access for rule-
based verification. As shown in Table 5, GSAR
therefore achieves lower overall rollout latency
than the rule-based baseline.

6 Conclusion

We propose GSAR (Goal-State-Anchor Reward),
a framework that integrates self-evolving data syn-
thesis with a state-anchor mechanism. To enhance
environmental diversity during data synthesis, we
introduce an iterative mechanism that evolves envi-
ronments through task execution and incorporate
task complexification to generate diverse tasks. Fur-
thermore, we leverage final states of successful tra-
jectories to anchor task-relevant UI elements, pro-
viding richer context for model-based reward eval-
uation. Our experiments demonstrate that GSAR
achieves over 90% accuracy in trajectory verifica-
tion and improves performance over the base model
in online RL training. Moreover, the reward curve
of GSAR closely aligns with the rule-based reward,
demonstrating its ability to provide stable optimiza-
tion signals without relying on handcrafted rules.
Overall, GSAR provides a scalable data synthesis
paradigm and provides a reliable reward framework
for training GUI agents.

Limitations

Our method addresses the scalability issues of rule-
based approaches and the accuracy limitations of
model-based approaches. However, it considers
only a single final state as the success criterion
for each task, whereas a task may be achievable
through multiple alternative solutions. Moreover,
for question-answering tasks, our method may as-
sign a correct reward before the actual correct an-
swer is produced. For tasks whose completion
cannot be fully expressed visually (e.g., deleting
certain items), it is difficult for the model to anno-
tate reasonable task-relevant elements, and natural
language or other modalities may be necessary to
describe the final state. Future work should involve
a more fine-grained categorization and handling of
task types during data collection and training.
Meanwhile, both the automated task execution

for trajectory collection and the filtering process
are performed by VLMs (e.g., GPT-40), eliminat-
ing the need for manual annotation. However, the
quality of the generated trajectories is sometimes
constrained by the capabilities of the models. For
tasks that cannot be completed automatically, man-
ual execution is still required to obtain the correct
goal state if they are to be used for reinforcement
learning. We expect that stronger GUI-capable
models in the future will further improve the uti-
lization of model-generated data.
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A Benchmarks

Here we provide additional details on the bench-
marks used to evaluate GSAR.

AndroidControl. AndroidControl (Li et al.,
2024) is a large-scale dataset for human-computer
interface control on Android devices, containing
15,283 task demonstrations across 833 apps. Each
task includes both high-level and low-level human-
generated instructions, covering 14,548 unique
tasks. The dataset enables analysis of agent perfor-
mance on tasks of varying complexity, both within
the training domain and out-of-domain. Android-
Control supports studies on how fine-tuning with
more data affects performance, particularly high-
lighting the challenges of generalizing to unseen
apps or higher-level tasks.

GUI-Odyssey. GUI-Odyssey (Lu et al., 2024)
is a large-scale dataset for cross-app mobile GUI
navigation, consisting of 8,334 episodes with an
average of 15.3 steps per episode. It spans 6 mo-
bile devices, 212 apps, and 1,357 app combinations.
Each step includes detailed semantic reasoning an-
notations to support models in complex cross-app
reasoning and decision-making. The dataset en-
ables training and evaluation of agents capable of
long-step, multi-app navigation tasks.

Following (Zhang et al., 2025), we removed
steps related to the “open_app” action type in the
evaluation of these benchmarks.

B Self-Evolving Data Synthesis

In this section, we present the algorithmic work-
flow of the self-evolving data synthesis framework
used for generating tasks and collecting trajectories
in mobile GUI environments. The framework itera-
tively collects tasks, evolves the GUI environment,
and generates increasingly complex instructions
based on previously collected trajectories. The
workflow, summarized in Algorithm 1, illustrates
how the system produces a diverse and high-quality
dataset suitable for reinforcement learning training
and goal-state—anchored reward evaluation.

We use GPT-40 (Hurst et al., 2024) for task gen-
eration, task complexification, and task execution.
For AndroidWorld apps, we set the maximum it-
eration to 6. For additional open-source apps, we
first allow the model to perform a single random
exploration to generate trajectories, and then count
the number of unique pages in the trajectory screen-
shots, mapping this number to a range of 1-6 to

Algorithm 1 Self-Evolving Data Synthesis

Require: Device serial d, package name p, maxi-
mum iterations T,
1: maximum tasks per page M;, maximum
breadth M;, maximum depth M,
2: maximum steps per task Smax
Ensure: Task set O and trajectory set D
3. Initialize task set Q < ()
Initialize trajectory set D < ()
Initialize previous trajectory set Dpyc, < ()
for iterationt =1...7T do
Pull environment E; from device
Collect candidate tasks Oy =
COLLECTTASK(Ey, My, My, My)
9: if t > 1 and Dpye, # () then

® >R

10 for each trajectory 7 € Dpye,, do

11: if 7 is completed and not complexi-
fied then

12: Generate complexified tasks
Q' = COMPLEXIFYTASK(T, E})

13: Qr+— QU

14: end if

15: end for

16: end if

17: Update task set Q < Q U Q;

18: Push environment E; back to device

19: Execute tasks Q; with step limit Sy ax

20: Collect resulting trajectories Dy

21: Update trajectory set D <— D U D,

22: Set Dprev +— D,

23: end for

24: return Q, D

determine the maximum number of self-evolving
iterations for that app. This approach ensures that
apps with more diverse interactions undergo more
iterations, while avoiding unnecessary exploration
time for simpler apps.

C Details of Experiments

Supervised Fine-Tuning. We provide the de-
tailed experimental settings for the supervised fine-
tuning (SFT) stage in Table 6, including the training
data, model configuration, and key hyperparame-
ters used during training. For all fine-tuned models,
the training dataset contains 6,331 steps, cover-
ing both low-level and high-level instruction types,
where the low-level instructions correspond to the
action reasoning output.



Hyperparameters  All methods
Fine-tuning method LoRA
LoRA rank (r) 8
LoRA « 16
Train batch size 128
Training epochs 3
Learning rate 1x107°
LR Scheduler Cosine
Warmup Ratio 0.1
GPU numbers 8

Table 6: Training hyperparameters for SFT.

Offline Verification for GSAR. The datasets
used to evaluate GSAR and other methods are de-
rived from the evaluation trajectories of GUI-Owl-
7B and Qwen2.5-VL-7B on the AndroidWorld
benchmark. To better assess the differences be-
tween methods, we constructed a total of 315 tra-
jectories, including 164 positive samples and 151
negative samples. For each task, the goal state is
selected from the last step screenshot and anchored
using GPT-40. To ensure fairness, we strictly
follow the experimental settings and prompts de-
scribed in the original papers when using these
baselines.

Hyperparameters All methods
Train batch size 32
PPO batch size 256
Training steps 80
Max turn 20
Rollout numbers 8
Temperature 0.7
Learning rate 1x1076
KL coefficient 0.001
Clip ratio 0.2

Table 7: Training hyperparameters for RL.

Online Reinforcement Learning. The experi-
mental configurations for the reinforcement learn-
ing (RL) stage are summarized in Table 7, includ-
ing the backbone agent, reward evaluation model,
optimization algorithm, and other key training pa-
rameters used during online RL. The experiments
were conducted on two nodes, each equipped with
8 x NVIDIA H100 GPUs.

To support large-scale environment interactions

while decoupling the GUI environment from the
training process, we deployed a service of 128 An-
droid emulators for parallel trajectory sampling.
Specifically, each of the two machines launched 64
emulators, providing a total of 128 emulators that
enable the agent to interact with the environment
independently of the training, thereby facilitating
efficient training and data collection.

D Supplementary SFT Results

To further verify the generalization of our syn-
thesized data across different base models, we
fine-tune both UI-TARS-7B-SFT and UI-TARS-
7B-DPO (Qin et al., 2025) on the same training
data, as shown in Table 8. Across all three bench-
marks, our method performs on par with, and in
several cases surpasses, the strong UI-TARS base-
line, and scaling to additional open-source apps
yields comparable results. We note that the mar-
gins of improvement on UI-TARS are narrower
than those observed on Qwen2.5-VL-7B (Bai et al.,
2025) (Table 1), likely because UI-TARS is already
specialized for GUI tasks and achieves substan-
tially stronger baseline performance, leaving less
room for further gains. These results confirm that
the quality of our synthesized data is not tied to a
specific base model, and the benefits transfer across
different model initializations and capabilities.

E Additional Analysis Results

E.1 Analyzing the Effectiveness of
Self-Evolving Data Synthesis

Impact of Self-Evolving Mechanism. To eval-
uate the effect of the self-evolving mechanism on
page complexity, we sample 300 tasks each from
early iterations and later iterations, as summarized
in Table 9. For each task, one state is randomly
sampled from its trajectory to compute page com-
plexity metrics. The results show that pages from
later iterations exhibit slightly higher edge density,
increased image entropy, and more Ul elements on
average. These observations suggest that the self-
evolving process gradually increases the visual and
functional complexity of generated pages, leading
to richer and more diverse environments.

Effect of Task Complexity. We evaluate the im-
pact of task complexification on a filtered set of 339
samples for each setting, as shown in Table 10. Af-
ter task complexification, both the average length
of natural language task descriptions and the aver-



AndroidControl-Low AndroidControl-High GUI-Odyssey

Model Data Sources
™ EM ™ EM ™ EM

UI-TARS-7B-SFT - 95.05 91.52 79.10 71.21 80.71 66.98
GSAR (aw-app) Model 94.99 91.53 80.33 71.97 81.78 68.01
GSAR (extra-app) Model 95.01 91.48 80.76 72.41 81.90 67.93
UI-TARS-7B-DPO — 92.05 88.74 80.77 73.56 85.29 68.33
GSAR (aw-app) Model 92.82 89.52 81.04 73.85 85.56 71.28
GSAR (extra-app) Model 93.33 90.01 81.28 74.09 85.90 71.15

Table 8: Performance comparison of UI-TARS-7B-SFT and UI-TARS-7B-DPO fine-tuned on our synthesized data,
evaluated on the AndroidControl and GUI-Odyssey benchmarks. Results are reported without the open action type.

Bold and underline indicate the best and second-best results within each block.

Stage Edge Density Entropy UI Elements Dataset R=1 R=2 R=3 R=4 R=5 R > 4Ratio
Early (Iter 1-2) 0.0240 1.90 22.68 aw-app 44 281 214 126 328 45.7%
Later (Iter 5-6) 0.0295 2.11 24.56 extra-app 110 342 196 83 229 32.5%

Table 9: Impact of self-evolving process on GUI page
complexity.

Table 11: Data utilization statistics of synthesized tra-
jectories.

Task Type Task string length Trajectory length
Normal 144.41 791 varying difficulty of trajectory completion judg-
Complexified 338.92 12.08 ment across categories and the effectiveness of

Table 10: Effect of task complexity on average query
string length and trajectory length.

age trajectory length increase, demonstrating the
effectiveness of the task complexification process.

Data Utilization Analysis We analyze the data
utilization rate of trajectories generated by our self-
evolving data synthesis pipeline, as shown in Ta-
ble 11. The aw-app and extra-app datasets contain
993 and 960 tasks, respectively, and trajectories
with reward score R > 4 are used for fine-tuning.
The results show that a substantial portion of gen-
erated trajectories can be effectively utilized for
training. The aw-app dataset achieves a higher uti-
lization rate of 45.7%, benefiting from the carefully
selected AndroidWorld applications with stable and
complete functionalities. In contrast, the extra-app
dataset has a lower utilization rate of 32.5%, since
it consists of open-source applications, some of
which have incomplete functionality or belong to
relatively niche usage scenarios.

E.2 Offline Evaluation by Task Category

Table 12 reports classification results by task cate-
gory using Gemini-2.5-Pro (Comanici et al., 2025).
GSAR demonstrates consistently strong perfor-
mance across all task types, highlighting both the

GSAR in handling them.

StepCritic outperforms both GSA-Only and GS-
Only, indicating that action history plays a criti-
cal role in determining completion for Delete type
tasks. Notably, GSA-Only performs worse than
GS-Only on Delete tasks. This may be attributed to
the fact that the added anchor boxes tend to cover
large screen regions, causing the model to attend
to irrelevant elements and thereby degrading judg-
ment accuracy.

Answer tasks require a combination of semantic
understanding and goal state reference for accurate
judgment. DigiRL yields an F1 of zero on this task
type because its frame similarity filter compares
the last two screenshots and labels trajectories with
minimal visual change as incomplete. Since An-
swer tasks typically exhibit little visual difference
between the final two frames, DigiRL fails to iden-
tify any positive samples, resulting in zero true
positives for both precision and recall, and conse-
quently an F1 of zero. Comparing GS-Only and
GSA-Only, anchoring task-relevant UI elements on
the goal state brings substantial gains for Answer
tasks.

For Normal tasks, successful and incomplete tra-
jectories exhibit distinct differences in key Ul ele-
ments, allowing strong performance to be achieved
even without action history.



Method Delete Answer Normal Overall
Acc F1 Acc F1 Acc F1 Acc F1

DigiRL 81.4 80.0 41.4 0.0 79.0 75.5 71.1 64.3
DistRL 86.4 86.2 75.7 80.0 83.9 82.1 82.5 82.3
StepCritic 96.6 96.7 77.1 77.8 89.3 89.7 87.9 88.3
GS-Only 91.5 92.1 77.1 79.0 87.6 86.7 86.0 85.9
GSA-Only 88.1 88.5 85.7 88.1 91.9 91.5 89.8 90.1
GSAR 98.3 98.3 90.0 90.9 91.9 91.5 92.7 92.7

Table 12: Offline trajectory evaluation results of different model-based reward methods across task categories.
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Figure 7: Examples of environment state changes under
self-evolving data synthesis.

F Case Study
F.1 Case Study for Self-Evolving

We show examples of the self-evolving mechanism
illustrating how it modifies the environment state
during the iterative process in Figure 7. It can be
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Figure 8: Comparison of UI-TARS-trained agents for
task: In Mnemosyne, open the "Write journal notes for
10 minutes" item, set the first entry to "Mood" and the
second entry to "Focus", without saving it.

clearly observed that the app’s main pages become
increasingly diverse during the later stages of evo-
lution, enabling the collection of more complex
and varied tasks for subsequent training.

F.2 Case Study for Online Performance

To further illustrate the impact of different reward
methods on agent behavior during online interac-
tions, we present two representative case studies
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Figure 9: Comparison of GUI-Owl-trained agents for
task: Add a new player named Emma to the Scoreboard
app, and set her scores to 8 points in Round 1, 9 points
in Round 2, and 7 points in Round 3.

in Figure 8 and Figure 9. One shows a failed
trajectory from an agent trained with StepCeritic,
while the other demonstrates a successful trajectory
from an agent trained with GSAR. These examples
highlight how using our reward framework enables
agents to perform complex mobile GUI tasks more
reliably and accurately.

G Prompts

G.1 Prompting Template of Task Generation

You are an expert in analyzing mobile app user interfaces and generating
clear, purposeful, and executable task instructions.

You will receive:

- The app name

- A current mobile screenshot

- UI component information extracted from the screenshot

- The action history from app launch to the current screen

Your goal is to analyze the current user interface and generate purposeful
instructions based on the action history, representing the tasks a human
user is likely to perform next.

Task types:

- Task-Oriented: A series of operations to achieve a specific goal.

- Question-Oriented: A series of operations that lead to answering a specific
question.

Requirements:

- Each task must mention the app name and provide a high-level instruction
without referencing any specific Ul elements.

- You can combine multiple simple tasks (from the example tasks) into
richer, more complex, and more diverse tasks.

- If the task involves entering information, specify the exact content to be
input.

- DO NOT use words such as "or’, any’, ’e.g.’, or any other expression
that makes the task description vague or ambiguous.

- DO NOT mention any non-existent files.

- DO NOT generate tasks related to user login, account registration, account
creation, or authentication flows.

- Do not generate any tasks if the screen is a permission dialog, an app
initialization popup, or unrelated to the current app.

- Generate between 0 and {max_tasks} tasks depending on the complexity
of the screen and action history.

Context:

- App name: {app_name}

- UI components: {accessibility_tree}

- Action history: {action_summary}

Example tasks: {examples

Output format (strictly follow this format):

your analysis:

- A brief explanation of the navigation history, user intent, and key UI
elements that affect the tasks.

your tasks:

1. Task description

2. Task description

3. Task description

Do not add any extra sections or commentary outside this format.

G.2 Prompting Template of Task Inherit

You are an expert at generating follow-up mobile app tasks based on an
existing completed task.

You will receive:

- A user task trajectory, including the initial user goal, the last few screen-
shots, and a sequence of action summaries that indicate the task has already
been completed.

Your goal is to generate a new task that STARTS FROM the environment
state after the previous task is finished.

The new task should build upon the existing result and introduce additional
steps or subtasks to continue the workflow.

Requirements:

- The new task must assume the previous task has already been successfully
completed.

- The task must start from the current environment state shown in the
screenshots.

- The task should extend the workflow by adding new steps or subtasks,
without repeating the original task.

- The task must mention the app name and provide a high-level instruction
without referencing any specific Ul elements.

- If the task involves entering information, specify the exact content to be
input.

- DO NOT use words such as “or’, "any’, ’e.g.’, or any other expression
that makes the task description vague or ambiguous.

- DO NOT mention any non-existent files.

Input:

- App name: {app_name}

- Previous completed user goal: {initial_goal}

- Action summary: {action_summary}

- Current environment screenshots: <image>

Output format (strictly follow this format):

Your analysis:

- A brief explanation of how the new task continues from the completed
state and what new steps are added.

Output task:

<task>

(contain only a single task; if no task needs to be generated, write "No
task")

</task>

Do not add any extra sections or commentary outside this format.



G.3 Prompting Template of Task Merge

You are an expert at generating more complex mobile app tasks by merging
an existing task with additional subtasks.

You will receive:

- A user task trajectory, including the initial user goal, the last few screen-
shots, and a sequence of action summaries.

Your goal is to generate a NEW combined task that integrates the original
task and newly added steps into a single, more complex task.

The initial environment of the new task corresponds to the environment
state shown in the screenshots.

Requirements:

- The new task must explicitly include the original task goal and extend it
with additional steps or subtasks.

- The task should describe a complete, merged workflow as a single high-
level user goal.

- The task must mention the app name and provide a high-level instruction
without referencing any specific UI elements.

- If the task involves entering information, specify the exact content to be
input.

- DO NOT use words such as or’, "any’, ’e.g.’, or any other expression
that makes the task description vague or ambiguous.

- DO NOT mention any non-existent files.

Input:

- App name: {app_name}

- Original user goal: {initial_goal}

- Action summary: {action_summary}

- Initial environment screenshots: <image>

Output format (strictly follow this format):

Your analysis:

- A brief explanation of how the original task and new subtasks are merged
into a more complex task.

Output task:

<task>

(contain only a single task; if no task needs to be generated, write "No
task")

</task>

Do not add any extra sections or commentary outside this format.

G.4 Prompting Template of Task Change

You are an expert at generating variant mobile app tasks by modifying
parameters in an existing task instruction.

You will receive:

- A user task trajectory, including the initial user goal, the last few screen-
shots, and a sequence of action summaries.

Your goal is to generate a new task that has the SAME task structure as the
original task,

but differs by changing specific parameters such as names, values, text
content, or identifiers.

Requirements:

- The new task must keep the same overall workflow and steps as the
original task.

- Only modify concrete parameters in the task instruction, such as file
names, text content, titles, numbers, or labels.

- Do NOT add new steps or remove existing steps.

- The task must mention the app name and provide a high-level instruction
without referencing any specific Ul elements.

- If the task involves entering information, specify the exact content to be
input.

- DO NOT use words such as “or’, "any’, ’e.g.’, or any other expression
that makes the task description vague or ambiguous.

- DO NOT mention any non-existent files.

Input:

- App name: {app_name}

- Original user goal: {initial_goal}

- Action summary: {action_summary}

- Environment screenshots: <image>

Output format (strictly follow this format):

Your analysis:

- A brief explanation of which parameters are modified and how they differ
from the original task.

Output task:

<task>

(contain only a single task; if no task needs to be generated, write "No
task")

</task>

Do not add any extra sections or commentary outside this format.

G.5 Prompting Template of label anchor

You are an expert in GUI understanding. Your task is to analyze the input
image and UI Elements, and select the indices of the UI elements that are
relevant to the instruction. These selected Ul elements should uniquely
identify the state after the instruction task has been completed.

Input Description:

- Instruction: A natural language description of the GUI task to be per-
formed.

- UI Elements: The complete list of UI elements extracted from the final-
state screen (including all element metadata).

- Image: The screenshot of the final state after completing the task, with UI
element bounding boxes and indices overlaid to indicate their positions.
Requirements:

- Compare the image and the UI Elements list, and find UI elements whose
content or visual role reflects the completion of the instruction.

- Select key UI elements that can indicate the final page state, such as
navigation bars, menu titles, tab titles, selected buttons, status indicators,
etc.

- Avoid selecting UI elements whose state may change dynamically due to
time or network content.

- If you believe that no UT element in the screen is relevant to the instruction,
stop the reasoning and output "No related elements".

Now output in the following format:

Thinking Process: Your thinking process

Output Index: [X, X, ...]

Input:

Instruction: {query}

Ul Elements: {ui_elements_info}
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