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Abstract

Graphical User Interface (GUI) grounding, the task of map-
ping natural language instructions to precise screen coordi-
nates, is fundamental to autonomous GUI agents. While ex-
isting methods achieve strong performance through extensive
supervised training or reinforcement learning with labeled
rewards, they remain constrained by the cost and availabil-
ity of pixel-level annotations. We observe that when mod-
els generate multiple predictions for the same GUI element,
the spatial overlap patterns reveal implicit confidence signals
that can guide more accurate localization. Leveraging this
insight, we propose GUI-RC (Region Consistency), a test-
time scaling method that constructs spatial voting grids from
multiple sampled predictions to identify consensus regions
where models show highest agreement. Without any training,
GUI-RC improves accuracy by 2-3% across various architec-
tures on ScreenSpot benchmarks. We further introduce GUI-
RCPO (Region Consistency Policy Optimization), trans-
forming these consistency patterns into rewards for test-time
reinforcement learning. By computing how well each pre-
diction aligns with the collective consensus, GUI-RCPO en-
ables models to iteratively refine their outputs on unlabeled
data during inference. Extensive experiments demonstrate the
generality of our approach: using only 1,272 unlabeled data,
GUI-RCPO achieves 3-6% accuracy improvements across
various architectures on ScreenSpot benchmarks. Our ap-
proach reveals the untapped potential of test-time scaling and
test-time reinforcement learning for GUI grounding, offering
a promising path toward more data-efficient GUI agents.

Code — https://github.com/zju-real/gui-rcpo
Project — https://zju-real.github.io/gui-rcpo

Introduction

The rapid advancement of GUI (Graphical User Interface)
agents is fundamentally transforming human-device inter-
action, enabling users to control complex interfaces in digi-
tal devices through natural language across diverse applica-
tions (Gou et al. 2024; Tang et al. 2025¢c; Wang et al. 2024).
At the heart of these systems lies GUI grounding, the critical
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capability to accurately map natural language instructions
to precise pixel coordinates on UI elements (Cheng et al.
2024; Tang et al. 2025b). This fundamental task determines
whether an agent can successfully execute user commands,
making it the cornerstone of reliable GUI automation.

Current approaches to GUI grounding have achieved im-
pressive results through extensive train-time optimization.
These methods fall into two main categories: supervised
fine-tuning (SFT) with large-scale annotated datasets (Qin
et al. 2025; Liu et al. 2025a; Wu et al. 2024b) and reinforce-
ment learning with carefully designed reward functions (Lu
et al. 2025a; Liu et al. 2025b; Luo et al. 2025a; Tang et al.
2025a). However, these approaches share two fundamental
limitations. First, they rely exclusively on train-time scaling
while leaving test-time computation underutilized, missing
opportunities for performance gains through inference-time
optimization. Second, they require extensive labeled data,
where each sample demands precise pixel-level annotations,
creating a significant bottleneck for scaling to new domains
and applications (Chu et al. 2025; Wu et al. 2025b).

This raises a critical question: Can we leverage test-
time computation to enhance GUI grounding performance
without relying on any additional labeled data? Recent
breakthroughs in large language models have demonstrated
the remarkable potential of test-time scaling (Guan et al.
2025; Snell et al. 2024; Muennighoff et al. 2025). Self-
consistency (Wang et al. 2023) aggregates multiple reason-
ing paths through majority voting, achieving substantial im-
provements in mathematical reasoning. Test-time reinforce-
ment learning (TTRL) (Zuo et al. 2025) enables models to
self-improve on unlabeled data by generating experiences
and computing rewards during inference. These successes
in language domains suggest potential for applying test-time
scaling to vision-language tasks like GUI grounding.

However, adapting test-time scaling to GUI grounding
presents unique challenges. Unlike text-based reasoning
where outputs are discrete tokens, GUI grounding operates
in a continuous, high-resolution coordinate space where mi-
nor pixel deviations can lead to incorrect element selec-
tion (Yang et al. 2025). The visual complexity of modern
interfaces, with overlapping elements, dynamic layouts, and
varying resolutions, introduces significant prediction uncer-
tainty. The key insight is to transform this uncertainty from



a limitation into an opportunity: when models generate mul-
tiple predictions for the same element, the patterns of agree-
ment and disagreement across predictions reveal valuable in-
formation about localization confidence of the model.

In this work, we present GUI-RC (GUI Region Consis-
tency), a test-time scaling approach that aggregates spatial
information across multiple model predictions to improve
grounding accuracy. Our core observation is that when sam-
pling multiple predictions from a model, certain screen re-
gions consistently appear across different outputs, indicat-
ing higher confidence in those locations. By constructing a
spatial voting mechanism that identifies consensus regions
with maximum overlap, GUI-RC achieves significant per-
formance improvements (e.g., +2.75% on OS-Atlas-Base-
7B) without any additional training or labeled data.

Building upon this foundation, we introduce GUI-RCPO
(GUI Region Consistency Policy Optimization), which en-
ables test-time training through region consistency signals.
Inspired by recent advances in TTRL (Zuo et al. 2025),
GUI-RCPO computes rewards based on how well each pre-
diction aligns with the consensus across multiple samples,
then uses these self-generated rewards to update model pa-
rameters during inference. This label-free optimization fur-
ther improves performance using only 1,272 unlabeled data
(e.g., +5.5% on Qwen2.5-VL-3B-Instruct), demonstrating
that models can effectively self-improve on unlabeled data.

Our main contributions are:

* We propose GUI-RC, a test-time scaling method for GUI
grounding that leverages spatial voting across multiple
predictions to improve localization accuracy without ad-
ditional training or labeled data.

We introduce GUI-RCPO, a test-time reinforcement
learning method that uses region consistency as a self-
supervised reward signal, enabling models to improve
grounding capabilities through policy optimization on
unlabeled GUI screenshots.

We demonstrate consistent improvements across multi-
ple benchmarks and model architectures. GUI-RC im-
proves accuracy by 2-3%, while GUI-RCPO achieves
further gains of 3-6% through label-free optimization.

We reveal that further applying GUI-RC after GUI-
RCPO yields additional performance gains, demon-
strating that our methods support progressive, self-
bootstrapping improvement without external supervi-
sion, and provide a complementary alternative to train-
time optimization for GUI automation.

Related Works
GUI Grounding

GUI grounding refers to the task of locating target ele-
ments on a screen based on natural language instructions.
Given a screenshot s and an instruction ¢, the model M
is required to output the specific position of the target ele-
ment. Current approaches primarily fall into two paradigms.
The first formulates GUI grounding as point prediction, di-
rectly outputting the coordinate (x,y). These include su-
pervised fine-tuning methods (Cheng et al. 2024; Lin et al.
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2024; Wu et al. 2024a; Xu et al. 2025) and reinforcement
learning methods (Shi et al. 2025a,b; Lu et al. 2025b; Liu
et al. 2025d). The second paradigm predicts bounding boxes
(x~,y ,x",y") representing the region that best matches
the instruction. Representative works include OS-Atlas (Wu
et al. 2024b) for cross-platform corpus development, and re-
inforcement learning approaches (Tang et al. 2025a; Zhou
et al. 2025) for region-based grounding optimization. While
all existing methods rely heavily on train-time optimization
with labeled data, our work takes an orthogonal approach
by leveraging test-time computation to improve grounding
accuracy without additional training.

Test-Time Scaling

Test-time strategies for LLMs have shown that increasing
inference computation can substantially enhance output ac-
curacy without altering model weights (Wei et al. 2022;
Madaan et al. 2023; Liu et al. 2025¢). Representative strate-
gies include self-consistency voting that aggregates multi-
ple outputs to select the most confident (Wang et al. 2023),
tree-based methods exploring diverse reasoning paths (Yao
et al. 2023; Muennighoff et al. 2025), and test-time rein-
forcement learning (TTRL) enabling models to iteratively
refine their outputs using self-generated rewards (Zuo et al.
2025). Extending these strategies to GUI grounding intro-
duces challenges due to continuous nature of coordinate pre-
dictions. Existing test-time strategies for GUI grounding pri-
marily rely on zoom-based refinement, such as methods pro-
posed by Wu et al. (2025a) and Luo et al. (2025b). Our
methods introduce a spatial voting mechanism that trans-
forms the uncertainty in continuous predictions into reliable
consensus regions, enabling effective test-time scaling that
works across both point-based and region-based grounding
paradigms, without requiring specialized preprocessing.

Methods

We first formalize the GUI grounding task and identify the
key challenges in applying test-time scaling to this domain.
We then present GUI-RC, our test-time scaling approach
that leverages spatial consistency across multiple predictions
to improve grounding accuracy. Finally, we introduce GUI-
RCPO, which extends region consistency to reward signals
for test-time reinforcement learning on unlabeled GUI data.
Figure 1 provides an overview of both methods.

Problem Formulation

GUI grounding aims to map natural language instructions
to precise locations on graphical interfaces. Formally, given
a screenshot s € RTXWX3 and an instruction 4, a model
M outputs the spatial location of the UI element that best
matches the instruction. As discussed in the previous sec-
tion, this task has two primary formulations:

Point-based: M (s,i) — (z,y) (D

2
Both formulations face a fundamental challenge: the contin-
uous nature of coordinate prediction introduces inherent un-
certainty. This uncertainty is compounded by the complex-

Region-based: M(s,i) — (z~,y ,z",y")



GUI-RC: A Test-time Scaling Approach for GUI Grounding
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Figure 1: Overview of our test-time scaling methods for GUI grounding. Upper: GUI-RC aggregates K sampled predictions
through spatial voting to extract a consensus region, achieving more accurate localization than greedy decoding. Lower: GUI-
RCPO computes region consistency rewards based on the voting heatmap and uses these self-supervised signals to update
model parameters, enabling label-free improvement through test-time reinforcement learning.

ity of modern interfaces with overlapping elements, varying
resolutions, and ambiguous natural language descriptions.

Our key insight is that, rather than regarding this uncer-
tainty as a limitation, it can be leveraged for improvement.
When a model generates multiple predictions for the same
input, their spatial distribution reveals implicit confidence
patterns that can guide more accurate localization.

GUI-RC: Test-Time Scaling via Spatial Voting

GUI-RC transforms the uncertainty in individual predictions
into robust consensus through spatial aggregation. As illus-
trated in the upper part of Figure 1, while greedy decod-
ing fails to locate the correct element, GUI-RC successfully
identifies the target by aggregating information across mul-
tiple samples. The method operates in three stages: multi-
sample generation, spatial voting, and consensus extraction.

Multi-Sample Generation. Given an input pair (s, i), we
sample K predictions from the model using temperature-
based sampling:

{My(s,9) 15y ~ po('ls, 1) )

This sampling process naturally produces variation in pre-
dictions due to the continuous output space and model un-
certainty. Crucially, we observe that despite this variation,
certain screen regions appear consistently across samples,
indicating higher model confidence.
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Spatial Voting Mechanism. To quantify this consistency,
we construct a spatial voting grid v € R *W matching the
screenshot resolution. Each sampled prediction contributes
votes to this grid:

K

Vg,y = Z ﬂ[(.’[,y) S Rk]

k=1

“4)

where R, represents the region from the k-th prediction. For
region-based models, Ry, is simply the predicted bounding
box. For point-based models, we approximate the implicit
attention region by expanding the predicted point (xg, yx)
into a square region of size

Ry =[zx — /2, x, + /2] X [yp — /2, yx + /2] (5)

This expansion is necessary because point predictions, while
precise, do not explicitly encode the spatial extent of the tar-
get element. As shown in Figure 1, the expanded regions
for point-style models (dashed red boxes) enable meaning-
ful spatial voting similar to bbox-style models.

Consensus Extraction. The voting grid v now encodes
the collective attention of the model across samples. We
extract the consensus region through a principled selection
process that first identifies the maximum vote count across
the entire grid as vyyax = Max, 4 Vz,y. This maximum value
represents the highest level of agreement among predictions.



We then find all contiguous regions where every pixel has
this maximum vote count, forming the set R, .. = {r :
V(z,y) € 7,Uzy = Umax}. Among these high-confidence
regions, we select the one with the largest area as our final
CONSENsus region: f'eons = arg max,er, . |7|. The consen-
sus region Tons represents the area where the model shows
highest and most consistent attention, providing a more reli-
able grounding prediction than any individual sample.

GUI-RCPO: Test-Time Reinforcement Learning
via Region Consistency

While GUI-RC improves performance through inference-
time aggregation, we further explore whether region consis-
tency can guide model improvement through test-time train-
ing. As illustrated in the lower part of Figure 1, GUI-RCPO
transforms region consistency into a self-supervised reward
signal for policy optimization.

Region Consistency as Reward. The key insight is that
predictions aligning with high-consistency regions should
be reinforced, while outliers should be suppressed. For each
sampled prediction 7 in the rollout, we compute its region
consistency reward:

Z Y,y

R -
(z,y)€rk

This reward measures the average vote density within the
predicted region, normalized by the region size and maxi-
mum possible votes. As visualized in Figure 1, the heatmap
representation shows how different regions receive varying
levels of votes, with warmer colors indicating higher consis-
tency. Predictions that overlap with these high-vote regions
receive higher rewards, encouraging the model to converge
toward consensus areas.

Policy Optimization. We formulate GUI grounding as
a reinforcement learning problem where the VLM acts
as policy my. Using Group Relative Policy Optimization
(GRPO) (Shao et al. 2024), we optimize the expected region
consistency reward:

[:(9) = *E(s,i)NDErwngs,i) [A<T) 1Og o (T|Sa Z)] @)
where A(r) is the advantage computed from relative rewards
within each group of samples. GRPO’s group-relative for-
mulation is particularly suitable for our setting as it normal-
izes rewards across different inputs, preventing optimization
bias toward easier examples.

A unique property of GUI-RCPO is its ability to pro-
gressively improve without external supervision. As the
model updates its parameters based on region consistency
rewards, its predictions become more concentrated around
high-confidence regions, which in turn provides stronger and
more reliable reward signals for further optimization. This
self-bootstrapping process continues until the model con-
verges to a stable distribution centered on consensus regions.

1

|Tk,| * Umax

(6)

Experiments
Experiment Setup

Models. We evaluate our methods on a diverse VLMs
to demonstrate their generality across different archi-
tectures and training paradigms. For general models,
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we use Qwen2.5-VL-3B-Instruct and Qwen2.5-VL-7B-
Instruct (Bai et al. 2025), as well as InternVL3-2B-Instruct
and InternVL3-8B-Instruct (Zhu et al. 2025), which rep-
resent state-of-the-art vision-language models at different
scales. For GUI-specific models that have been explicitly
trained on GUI tasks, we evaluate UGround-V1-7B (Gou
et al. 2024), OS-Atlas-Base-7B (Wu et al. 2024b), Ul-
TARS-1.5-7B (Qin et al. 2025), and GUI-G2-7B (Tang et al.
2025a). These models span both point-based and region-
based prediction paradigms, allowing us to assess the effec-
tiveness of our methods across different output formats.

Evaluation Benchmarks and Metrics. We evaluate
our methods on three GUI grounding benchmarks:
ScreenSpot (Cheng et al. 2024), ScreenSpot-v2 (Wu et al.
2024b), and ScreenSpot-Pro (Li et al. 2025). ScreenSpot
and ScreenSpot-v2 assess model’s grounding performance
in general GUI environments spanning Mobile, Web, and
Desktop platforms. ScreenSpot-Pro specifically focuses on
high-resolution and professional interfaces. Following stan-
dard evaluation protocols, we adopt grounding accuracy as
our primary metric: a prediction is considered correct if the
predicted point or the center of the predicted bounding box
falls in the ground-truth bounding box (Cheng et al. 2024).

Implementation Details. For GUI-RC, we sample 64 out-
puts using a temperature of 0.5 and a top_p of 0.95 for vot-
ing, the hyperparameter « is set to 50. For the baselines,
we employ greedy decoding with temperature 0. For GUI-
RCPO, we adopt the VLM-R1 (Shen et al. 2025) framework
and conduct TTRL training on the Screenspot-v2 benchmark
without using the ground-truth data. For each input, 16 sam-
ples are generated with a temperature of 0.7 and top_p of
0.95. We train the models for 2 epochs (approx. 40 steps)
with a global batch size of 64, learning rate of 1e-6, and KL
penalty 8 = 0.04. All training and evaluation are conducted
on 8 NVIDIA A100-80GB GPUs.

Main Results
Evaluation Results of GUI-RC Experiments

GUI-RC consistently improves the end-to-end ground-
ing performance. We compared the performance of the
base models on three benchmarks before and after apply-
ing GUI-RC. Table 1 presents the evaluation results. It can
be observed that GUI-RC consistently improves the overall
grounding capability across different models, regardless of
its output style and whether the model is specifically trained
for GUI tasks. For instance, OS-Atlas-Base-7B achieves an
overall improvement of 2.75%, with a notable 6.28% in-
crease in icon localization in mobile scenarios. Moreover,
for general models like Qwen2.5-VL-3B/7B-Instruct that
output in bbox-style, GUI-RC brings even greater improve-
ments on the ScreenSpot-Pro compared to ScreenSpot and
ScreenSpot-v2. This suggests that GUI-RC is particularly
effective in helping models tackle more challenging ground-
ing tasks involving high-resolution and professional GUISs.

GUI-RC achieves greater improvements when applied
to bbox-style prediction models. Another observation is
that GUI-RC provides greater improvements for models that



SSv2.Mobile

SSv2.Desktop

SSv2.Web

SSv2.avg SSvl.avg SSPro.avg
Text Icon Text Icon Text Icon
General Models
% InternVL3-2B-Instruct 89.92 7644 38.89 26.19 4643 2532 52.75 51.02 1.03
% w/ GUI-RC 89.92 77491 3833 2460 46.07 27.00T 52.91+016 52.20+1.18 1.33+030
% InternVL3-8B-Instruct 94.19 79.58 79.44 53.17 91.07 7173 80.97 79.72 13.28
% w/ GUI-RC 94.19  81.157 80.56T 56.3517 91.07 71.73  81.68+0.71 80.03+031 12.46-0.82
v Qwen2.5-VL-3B-Instruct 97.67 75.92 8556 59.52 84.64 6582 80.11 76.97 20.18
v w/ GUI-RC 98.841 77.497 90.007 64.291 87.1417 67.9317 82.63+252 78.46+1.49 23.59+341
v Qwen2.5-VL-7B-Instruct 98.84 84.29 86.67 73.81 88.57 7890 86.48 84.20 19.80
v w/ GUI-RC 99.921 85.867 91.1117 73.02 91.7917 81.437 88.52+204 85.53+133 23.97+4.17
GUI-specific Models
% UGround-V1-7B 96.51 82.72 96.11 82.54 9250 83.12 89.62 87.11 31.50
% w/ GUI-RC 96.51 83.777 9556 84.1317 92.867 81.43  89.62+000 87.34+023 31.63+0.13
w UI-TARS-1.5-7B 96.51 86.39 9500 87.30 8821 86.50 90.17 87.74 40.92
% w/ GUI-RC 96.12  86.9117 96.117 90.481 90.36T 86.50 91.12+095 88.52+0.78 41.18+0.26
v OS-Atlas-Base-7B 9147 7225 8833 6429 8643 72.57 80.82 79.80 18.41
v w/ GUI-RC 91.47 78.5317 88.89T 68.257 89.297 76.371 83.57+275 81.45+165 19.67+0.16
v GUI-G2-7B 99.61 92.15 9556 88.89 95.00 88.61 93.79 91.51 46.43
v w/ GUI-RC 99.61 93.1917 95.56 88.1 95.00 88.61  93.87+0.08 91.90+039 47.88+1.45

Table 1: Performance (%) of the proposed test-time scaling method GUI-RC across GUI-Grounding benchmarks. Icons refer

to output styles: Point ('w), Bounding-box (-v).

SSv2.Mobile

SSv2.Desktop

SSv2.Web

SSv2.avg SSvl.avg SSPro.avg
Text Icon Text Icon Text Icon
General Models
v Qwen2.5-VL-3B-Instruct 97.67 7592 8556 59.52 84.64 65.82 80.11 76.97 20.18
v w/ GUI-RCPO 98.0617 81.681 91.117 65.087 90.7117 73.421 85.14+503 82.47+550 24.67+4.49
v Qwen2.5-VL-7B-Instruct 98.84 84.29 86.67 73.81 88.57 7890 86.48 84.20 19.80
v w/ GUI-RCPO 98.84  87.437 91.1117 76.19T 92.57 80.177 88.92+248 86.64+244 25.9346.13
GUI-specific Models
% UI-TARS-1.5-7B 96.51 86.39 9500 87.30 8821 86.50 90.17 87.74 40.92
% w/ GUI-RCPO 97.291 86.39 97.221 82.54 91.0717 87.347 90.96+079 88.60+086 41.434+051

Table 2: Performance (%) of the proposed test-time reinforcement learning method GUI-RCPO across GUI-Grounding bench-
marks. Icons refer to output styles: Point (‘& ), Bounding-box (-v).

output bounding boxes compared to those output points.
This is because when models predict bounding boxes, the
bounding boxes inherently reflect the regions that the mod-
els are attending to. In contrast, for models predict points,
when we manually expand a point into a bounding box, we
are simulating the model’s attention region. This may fail to
accurately represent the actual region that the model focuses
on, which further introduces biases in identifying the con-
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sensus regions, thus limiting the performance of GUI-RC.
Nevertheless, GUI-RC still brings improvements to most
point-style prediction models, indicating its robustness.

Evaluation Results of GUI-RCPO Experiments

GUI-RCPO is supervised by GUI-RC yet outperforms
it. 'We compare the performance of base models with and
without further TTRL training via GUI-RCPO on the three



benchmarks. As Table 2 shows, GUI-RCPO also brings
consistent improvements and even outperforms GUI-RC.
For instance, GUI-RC brings an improvement of 1.49% for
Qwen2.5-VL-3B-Instruct on ScreenSpot, while after GUI-
RCPO training, it achieves an impressive gain of 5.5%. Intu-
itively, the performance upper bound of GUI-RCPO should
be that of GUI-RC, as it utilizes the region consistency as
a reward signal for RL. However, in practice, GUI-RCPO
not only matches but exceeds GUI-RC, which aligns with
prior findings in TTRL (Zuo et al. 2025). This indicates that
the model practically learns a more effective GUI ground-
ing strategy through GUI-RCPO, rather than merely fitting
to the consensus region. Notably, GUI-RCPO further brings
performance gains for models that have already been specif-
ically trained on GUI tasks, indicating the effectiveness of
introducing the region consistency reward.

GUI-RCPO generalizes well in out-of-distribution sce-
narios. Although models are trained on Screenspot-
v2, GUI-RCPO also shows significant improvement on
ScreenSpot-Pro, which is an out-of-distribution benchmark
featuring high-resolution and domain-specific GUIs. This
further proves that GUI-RCPO does not rely on overfitting
but genuinely enhances the model’s general GUI grounding
capability. Unlike direct fine-tuning on labeled data, which
risks overfitting to the resolution and layout of the training
set, GUI-RCPO enables robust generalization across differ-
ent screen resolutions and interface layouts.

Analysis
Ablation Studies on Decoding Strategy of GUI-RC

We conduct ablation studies on the decoding strategy of
GUI-RC to analyze how different parameters affect its GUI
grounding performance. Specifically, we first fix the tem-
perature, sampling number, and expand size hyperparam-
eter a to 0.5, 64, and 50 respectively, then vary each pa-
rameter individually to observe its impact on GUI-RC. We
employ Qwen2.5-VL-3B-Instruct (representing bbox-style
prediction models), UI-TARS-1.5-7B and InternVL3-2B-
Instruct (representing point-style prediction models) for ab-
lation studies on the ScreenSpot-v2 benchmark. The results
are shown in Figure 2.

Temperature. The performance of GUI-RC generally ex-
hibits an increasing-then-decreasing trend as the tempera-
ture rises. As temperature controls the diversity of sam-
pled outputs during decoding, a high temperature encour-
ages broad exploration but also increases instability in model
generation. Therefore, a moderate increase in temperature
helps the model explore broader regions while generating
relatively concentrated outputs. However, further increasing
the temperature would cause the predicted regions to be-
come overly dispersed, making it difficult to obtain a fo-
cused and reliable consensus region.

Sampling Number. As the number of sampled predictions
increases, the performance of GUI-RC initially improves
and then gradually plateaus. This is because with more sam-
ples, the distribution of predicted regions becomes more sta-
ble, leading the consensus region to converge toward a fixed
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area. Once the predictions reach sufficient diversity and cov-
erage, additional samples contribute diminishing improve-
ments, leading to performance saturation.

Hyperparameter a. The performance of GUI-RC follows
an increasing-then-decreasing trend as o grows. As the hy-
perparameter « primarily affects the estimation of the atten-
tion area for point-style prediction models, both overly small
and large expansion sizes introduce deviations in estimating
the area models actually attend to. This results in larger devi-
ations in the computed consensus region, thereby impairing
the grounding accuracy.

GUI-RCPO Enables Consistent Improvements
during Test-time Training

We observe the performance trajectories of Qwen2.5-
VL-3B-Instruct and Qwen2.5-VL-7B-Instruct during GUI-
RCPO training on three benchmarks, as shown in Figure 3.
As training steps increase, the models’ accuracy stably im-
proves across all three GUI-Grounding benchmarks and
converges around 80 steps. In particular, although the mod-
els are trained solely on ScreenSpot-v2, they do not exhibit
overfitting to the training data or degradation on other bench-
marks like ScreenSpot-Pro, demonstrating the robust gener-
alization of GUI-RCPO.

Applying GUI-RC after GUI-RCPO Leads to
Further Improvements

Model SSv2.avg  SSPro.avg
General Models
vy Qwen2.5-VL-3B-Instruct+GUI-RCPO  85.14 24.67
v w/ GUI-RC 86.32+1.18  26.19+1.52
vy Qwen2.5-VL-7B-Instruct+GUI-RCPO  88.92 25.93
v w/ GUI-RC 89.78+086  26.69+0.76

Table 3: Performance of applying GUI-RC to bbox-style
prediction models after GUI-RCPO on ScreenSpot-v2 and
ScreenSpot-Pro benchmarks. In this table, GUI-RC is per-
formed with temperature = 1.0.

We further apply GUI-RC to the bbox-style prediction
models after being trained with GUI-RCPO, and evaluate
their performance on ScreenSpot-v2 and ScreenSpot-Pro. It
is important to note that for GUI-RC in this experiment,
we keep all other parameters consistent with previous set-
tings, except increasing the sampling temperature to 1.0.
This is because the reward signals in GUI-RCPO training
encourage the model to predict more concentrated regions.
Therefore, during GUI-RC, a higher decoding temperature is
needed to encourage the model to explore broader regions.

The evaluation results are shown in Table 3. It can be ob-
served that even after GUI-RCPO training, applying GUI-
RC voting mechanism still leads to additional performance
gains. For instance, Qwen2.5-VL-3B-Instruct can gain an
additional 1.52% performance on ScreenSpot-Pro through
GUI-RC even after GUI-RCPO. This indicates that our
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Figure 2: Ablation study results on ScreenSpot-v2 with varying temperature, sampling number, and hyperparameter «.
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Figure 3: Accuracy (%) across training steps of Qwen2.5-VL-3B-Instruct and Qwen2.5-VL-7B-Instruct throughout GUI-

RCPO.

methods enable the models to recursively improve them-
selves without relying on any external supervision.

Limitations

Performance gain limited in point-style grounding. De-
spite its effectiveness, GUI-RC has several limitations. As
analyzed in the experiment section, GUI-RC brings rel-
atively limited improvements for models with point-style
outputs. Although most existing GUI Agents adopt point-
style grounding in order to seamlessly integrate with subse-
quent action execution, an increasing number of recent stud-
ies (Wu et al. 2025b; Zhou et al. 2025) have pointed out
the limitations of point-based prediction and the advantages
of region-level supervision. Therefore, we expect that the
strengths of GUI-RC will be amplified in future research.

Rely on the model’s inherent capabilities. Moreover,
GUI-RC primarily addresses misleading and biased hallu-
cinations in grounding, but it is hard to resolve confusion
hallucinations (i.e., the predicted region fails to match any
valid UI element). In other words, GUI-RC assumes that
the model has a certain ability to recognize the target ele-
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ment. It can tolerate the model’s predictions to be imprecise
or biased, but not completely random or unrelated. There-
fore, GUI-RC requires the model to be familiar with the GUI
environment, but it does not require the model to be specifi-
cally trained on GUI tasks.

Conclusion

We introduce GUI-RC, a test-time scaling approach for GUI
grounding that leverages region consistency across multi-
ple predictions to enhance model performance without re-
quiring additional training. Building on this idea, we fur-
ther proposed GUI-RCPO, a test-time reinforcement learn-
ing method that transforms region consistency into a self-
supervised reward signal, enabling models to self-improve
during inference without the need for labeled data. Extensive
experiments across a wide range of general and GUI-specific
models demonstrate that our methods consistently improve
GUI grounding performance and generalize well to out-of-
distribution scenarios. Our findings reveal the untapped po-
tential of test-time training for GUI agents and suggest a
promising direction toward more robust and data-efficient
GUI automation systems.
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