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Abstract

This paper presents FDC-Ground, a reinforcement learning
framework that addresses the high-cost, low-signal challenge
of GUI grounding training. The framework introduces two
core contributions: (1) the Exponentially Decayed Distance
Reward (EDDR), which provides resolution-robust and con-
tinuous feedback for position predictions, and (2) the Fact-
Aligned Dynamic Completions Pruning (FDC-Pruning)
strategy, which selectively retains completions whose advan-
tage signs align with factual correctness, thereby reducing
computational overhead while enhancing gradient quality and
training stability. Using only 3.2K training samples and a
single epoch, our 7B-parameter model achieves 88.3% and
91.0% accuracy on ScreenSpot and ScreenSpot-v2, outper-
forming several RL-based models such as UIShift and SE-
GUIL Our 3B-parameter model based on Qwen2.5-VL-3B
surpasses its original performance by +26.6 %, demonstrating
the effectiveness of our reward design and pruning strategy
under low-resource conditions. Furthermore, the proposed
FDC-Pruning strategy achieves a 1.18x training speedup
and a +5.9% accuracy improvement over standard GRPO,
and expanding the exploration space to 4x yields an addi-
tional +10.5% gain, confirming both the scalability and the
training efficiency of our approach. These findings highlight
that combining EDDR with FDC-Pruning offers a practical
path toward scalable and efficient RL-based GUI grounding,
even in low-resource settings.

Code — https://github.com/mzengxj/FDC_Ground

Introduction

With the rise of large language models, web navigation
and GUI agents have shown great potential in multimodal
tasks (Zhang et al. 2025; Zheng et al. 2024; Kil et al. 2024;
Wang et al. 2024b; Yang et al. 2024a). Recent work explores
web environment modeling (Shi et al. 2017; Liu et al. 2018;
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Zhou et al. 2023), visual understanding (Bai et al. 2023;
Liu et al. 2023; Bai et al. 2025), GUI grounding (Gou et al.
2024; Liu et al. 2025a; Lin et al. 2024), and reinforcement
learning (Yuan et al. 2025; Luo et al. 2025). GUI grounding,
which aligns GUI elements with language instructions, is a
core capability in building GUI agents. (Hong et al. 2024;
Cheng et al. 2024). While supervised fine-tuning (SFT) per-
forms well (Gou et al. 2024; Xu et al. 2024; Wu et al. 2024),
it relies on large-scale high-quality data and struggles to gen-
eralize to unseen interfaces.

Rule-based reinforcement fine-tuning (RFT) offers a scal-
able alternative by optimizing models with reward sig-
nals (Li et al. 2025), achieving competitive results with less
data (Liu et al. 2025b; Shen et al. 2025; Huang et al. 2025).
Group Relative Policy Optimization (GRPO) (Shao et al.
2024; Guo et al. 2025) is a lightweight RL method that
avoids value functions.

GUI grounding typically requires selecting a single, pre-
cisely defined target element (e.g., a button), where all other
predictions are considered incorrect. In such settings, reward
functions often rely on binary rewards, 1 for correct selec-
tions and O for otherwise (Luo et al. 2025). However, this de-
sign leads to sparse learning signals when all predictions are
incorrect, resulting in vanishing gradients. Designing uni-
fied reward functions across mobile, desktop and web (Lin
etal. 2025a; Yang et al. 2024b; Kapoor et al. 2024) platforms
further complicates training, especially in early stages with
noisy predictions.

Early-stage exploration is critical in reinforcement learn-
ing (Yuan et al. 2022; Jiang, Kolter, and Raileanu 2023; Hao
et al. 2025). However, GRPO’s high computational cost un-
der high-resolution settings limits the breadth of exploration,
ultimately reducing training efficiency. Recent studies sug-
gest that not all sampled solutions contribute positively to
training in GRPO (Lin et al. 2025b), motivating our investi-
gation into pruning strategies.

In this paper, we propose FDC-Ground, a reinforce-
ment learning framework that improves the scalability of
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Figure 1: Overview of the FDC-Ground framework. The framework computes exponentially decayed distance rewards between
predicted points and ground-truth box centers, then prunes completions with misleading advantages—such as predicted points
that fall outside the box but still receive positive advantages—and updates the policy using the top-m samples. This enables

dynamic expansion of the model’s exploration space.

GRPO for GUI grounding. The framework introduces two
key components: the Exponentially Decayed Distance Re-
ward (EDDR), and the Fact-Aligned Dynamic Comple-
tions Pruning (FDC-Pruning) strategy. EDDR provides
continuous reward value across varying screen resolutions,
and the closer a predicted point is to the ground-truth center,
the higher the reward it receives. However, directly applying
this reward reveals a new issue: many incorrect predictions
(i.e., predicted points outside the ground-truth box) still re-
ceive positive advantages, leading to misleading gradient up-
dates. To mitigate this, we introduce the FDC-Pruning strat-
egy, which aligns gradient directions with factual correct-
ness. This not only improves training stability but also en-
ables broader exploration within constrained GPU budgets.
Experiments on ScreenSpot and ScreenSpot-v2 validate the
effectiveness of the proposed approach.

Related Work
GUI Grounding

In Graphical User Interface (GUI) agents, visual grounding
is a core capability—the ability to accurately locate screen
elements based on natural language instructions (Cheng
et al. 2024; Zheng et al. 2024; Wang et al. 2024a). Early
approaches relied on textual representations such as HTML
code to extract page structure for grounding (Deng et al.
2023; Zhou et al. 2023). Recent work has explored large
vision-language models (LVLMs) that combine vision en-
coders with LLMs to enable multimodal reasoning over im-
age and text inputs (Gou et al. 2024; Bai et al. 2025).
Models like CogAgent(Hong et al. 2024), UGround(Gou
et al. 2024), and OS-Atlas (Wu et al. 2024) focus on image-
level element grounding via LVLMs, significantly improv-
ing grounding accuracy in scenarios without HTML ac-
cess. However, these methods rely on supervised fine-tuning
(SFT), which requires vast amount of diverse data and suf-
fers from limited generalization. Therefore, it is necessary to
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explore more advanced learning paradigms to develop more
capable and generalizable GUI agents.

Reinforcement Learning

Reinforcement learning (RL) has emerged as a promising al-
ternative to supervised fine-tuning (SFT) in GUI grounding
tasks (Yuan et al. 2025; Luo et al. 2025; Shen et al. 2025),
where agents must interpret natural language instructions
and take precise actions within complex visual interfaces.
Unlike supervised fine-tuning (SFT), which relies heavily
on large-scale annotated datasets and often suffers from poor
generalization, reinforcement learning (RL) leverages rule-
based reward functions to directly guide model behavior and
improve performance. (Ye et al. 2025)

However, most existing reward functions are limited to bi-
nary rewards (0/1)(Luo et al. 2025) or squared decay func-
tions(Yuan et al. 2025). Binary rewards suffer from spar-
sity and fail to provide useful training signals in the early
stages. As shown in the Reward Design part of our method,
squared decay functions also struggle to deliver stable feed-
back when training across varied screen resolutions.

Recent advances in reinforcement learning have intro-
duced Group Relative Policy Optimization (GRPO) (Shao
et al. 2024; Guo et al. 2025) as an effective approach for
training GUI agents and reasoning models. GRPO elimi-
nates the need for explicit value functions by comparing
a group of sampled completions using rule-based rewards.
However, its training efficiency is hindered by the need
for multiple forward passes per prompt, as each comple-
tion must be evaluated independently. To address this lim-
itation, CPPO (Lin et al. 2025b) proposes a pruning strategy
that filters out low-quality completions based on their rela-
tive advantage, while CPPO significantly reduces GRPO’s
training cost by pruning completions with low absolute ad-
vantages, it uses discrete reward functions in mathematical
reasoning tasks, where each completion is evaluated as ei-
ther correct or incorrect based on final answers, Different



from GUI grounding settings where position predictions are
evaluated approximately. However, if rewards are assigned
to all predicted points generated by the model in the GUI
grounding setting, some factually incorrect completions may
still receive positive advantages and be mistakenly retained
during pruning. And correct or near-correct completions
with slightly lower advantage scores may be mistakenly dis-
carded, weakening the gradient signal and hindering conver-
gence.

Method
Policy Optimization for GUI Grounding

The GUI grounding task aims to locate a specific element
on a graphical user interface (GUI) screenshot based on a
natural language instruction. Formally, given a screenshot
s € RP*Wx3 and a textual instruction z, the model pre-
dicts a coordinate § € R? or a bounding box 7 € R* cor-
responding to the target element. The objective is to learn a
model 7y that predicts the target location ¢ based on the pair
(s,x), where x is the instruction prompt.

y = 7p(s,x)

During training, the ground-truth bounding box y* is pro-
vided, and a reward function R(g,y*) is used to guide opti-
mization. Specifically, we adopt a continuous reward signal
that reflects spatial proximity between the predicted points
and ground-truth positions, and further apply reinforcement
learning to maximize expected reward:

max B g ) np [R (70 (s, 2), y7)]

GRPO is a reinforcement learning algorithm optimized for
large-scale language models (LLMs) that has significant ad-
vantages in computing efficiency, training stability and ap-
plicability. Its original objective is defined as follows:

Jerro(9) = Eqwp(q), {0:}6 ~ro,,, (ola)
[os] 76 (0i,¢|9,0i,<t)
el DI |oL\ 2y min [wam(oi.gqm,a) M
g (04,6]9,0i,<t) _ )
clip (ﬂeold(oi,t\q,0;<t)’ 1-e 1+ 6) AJ

_B DKL [7T9 ||7Tref]

where 7y is the current policy, 7y, is the old policy, A;
denotes the advantage calculated based on relative rewards
of the outputs, and 7, is a reference policy.

In our image grounding task, we adopt a token-level loss
inspired by DAPO (Yu et al. 2025), which provides finer-
grained supervision. It helps the model better align visual
and language features, suppress irrelevant or repetitive to-
kens, and produce more precise outputs. Following the train-
ing strategy of DeepSeekMath-RL, our policy model is up-
dated once after each exploration stage. Consequently, we

set mp,,, = 7p, leading to the following token-level loss:
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The model generates G candidate position predictions
{01,02,...,0¢} for each instruction during training. Each
output is evaluated by a reward function, producing rewards
{r1,72,...,rq}. And the relative advantage A; is computed
by normalizing each reward within the group as follows:

r; — mean(r)
std(r)

Additionally, we follow GRPO in applying a KL regular-
ization term between the current policy my and a reference
policy 7., and optimize the overall objective by maximiz-
ing the token-level loss defined in Eq. (2).

A=

Reward Design

In visual grounding, task success is typically determined by
whether the predicted point falls within the target bounding
box. However, using a binary reward function—assigning a
reward of 1 when the prediction is inside the box or 0O other-
wise—Ileads to two major problems:

* Gradient Sparsity: When predictions are incorrect, the
binary reward provides no gradient signal, making it dif-
ficult for the model to learn effectively through backprop-
agation.

* Reward Sparsity: During the early training phase, ran-
domly predicted point rarely fall inside the target box,
resulting in mostly zero rewards across samples, which
significantly reduces training efficiency.

To address these problems, we propose the Exponentially
Decayed Distance Reward (EDDR) with the following key
properties:

* Continuity: The reward value decays exponentially with
the distance between the predicted point and the target,
ensuring meaningful gradient signals even for incorrect
predictions that outside the ground-truth bounding box.

Positive Reinforcement: When the prediction falls
within the correct region, an additional bonus is provided
to accelerate convergence.

Center-Oriented Shaping: A nonlinear mapping is ap-
plied to emphasize higher rewards near the center of the
bounding box while reducing rewards at the edges, guid-
ing the model toward more precise localization.

The proposed reward function is defined as follows:

- 1_ d((ipivg) cekdlpc) 105, ifpeg
R p7g — max

1— % emkdp.cy) otherwise
where:

* pis the predicted point;
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Figure 2: Comparison of the proposed reward function and
a quadratic reward function at a fixed distance d = 300.
Each curve simulates a different image resolution by vary-
ing the maximum distance dp,.x € {1000, 2000, 3000}. Our
method maintains stable reward values across different im-
age resolutions, while the quadratic reward increases signif-
icantly as resolution increases.

g is the ground-truth bounding box;

cgq denotes the center of g;

d(p, cg) is the distance between p and cg;
* dpmax 18 the maximum distance in the image;
¢ k is the decay coefficient.

The distance d(p, c,) is defined as:

d(p, Cg) = \/(zp — )%+ (yp —Ye)?

where p = (xp,yp) is the predicted point and ¢4 = (zc, yc)
is the center of the ground truth box g.

The maximum distance dy,,x is computed as the diagonal
length of the image:

Aiax = \/ width? + height?

where width and height are the image resolution.

In GUI grounding, image data often exhibit significant
resolution variation due to differences across devices. To
evaluate the robustness of our reward function across dif-
ferent image resolutions, we compare it with a quadratic
reward function which has been used in prior work (Yuan
et al. 2025). As shown in Figure 2, although the quadratic
reflects distance changes, its reward values vary signifi-
cantly with image resolution. For example, at a fixed dis-
tance of d = 300, the quadratic reward increases signifi-
cantly from 0.49 to 0.81 as the maximum distance increases
from d;,.x = 1000 to dinax = 3000. In contrast, our reward
remains more consistent, changing only slightly from 0.21
to 0.27, demonstrating superior scale-invariant behavior.

Following previous work (Guo et al. 2025; Huang et al.
2025; Yuan et al. 2025), we also introduce format reward
during training to check whether the generated output in-
cludes both the < think > and < answer > tags, ensuring
that the response follows the expected structure. Finally, the
reward consists of two components: (1) Format score, which
evaluates the structural correctness of intermediate outputs;
(2) Distance score, which measures the spatial accuracy of
the predicted points.
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Pruning Strategy

Gradient Decomposition. The gradient of the policy ob-
jective function in Eq. (2) with respect to the model param-
eters 6 is given by:

VoT (0) = Eyup(Q), {0:}S ~mo,,, (0la)
G
Yy (

-V log g (Oi,t | ¢,0i,<t)

A+ B

loi
t=1

1
Glo;|
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g (0i,t]0i,<t)

-]

3)
The complete derivation is provided in Appendix A. This
gradient can be decomposed into three terms: (1) the advan-

tage term Ai’t, indicating whether to increase or decrease
the token’s probability; (2) the KL penalty, which discour-
ages large deviations from a reference policy; and (3) the
log-probability gradient. Among them, the advantage term
plays the most critical role, as it directly determines whether
a completion should be reinforced or suppressed. However,
its effectiveness hinges on whether high-advantage comple-
tions are indeed factually correct.

Exploration and Computational Cost. Exploration
plays an indispensable role in the training of reinforcement
learning agents, as it enables them to sample a diverse
range of actions and uncover strategies that may not be
immediately apparent (Hao et al. 2025). To quantify its
effect in GUI grounding task, we adopt the Hit@k met-
ric, which measures the proportion of prompts where at
least one correct solution appears among k independently
generated completions. As shown in Figure 3, Hit@k
increases consistently with k& for both Qwen2.5-VL-3B
and Qwen2.5-VL-7B—reaching 73.13% and 77.75% at
k 32, respectively. While broader sampling improves
the chance of identifying correct answers, it also leads to
significant computational overhead, as GRPO requires a full
forward computing for each candidate, especially costly in
large-scale or high-resolution GUI tasks.

Fact-Aligned Pruning. Inspired by the pruning strategy
adopted in CPPO, we propose a Fact-Aligned Dynamic
Completions Pruning (FDC-Pruning) strategy. It per-
forms Dynamic candidate generation until a correct answer
appears or the maximum number of generations is reached,
then filters the set of generated Completions by enforcing
Fact-aligned consistency between advantage sign and cor-
rectness. Finally, Pruning is applied by selecting the top-m
completions from the filtered set based on absolute advan-
tage.

This design expands the exploration space while reducing
redundant computation through dynamic completion gener-
ation. As revealed by the gradient analysis in Eq. (3), the ad-
vantage term dictates the optimization direction. However,
CPPO’s top-m pruning may select incorrect completions
with positive advantages, leading to misguided updates (Ap-
pendix B). By enforcing fact-aligned filtering, FDC-Pruning
ensures that policy updates are both accurate and efficient.
The method proceeds as follows:
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Figure 3: Hit@Fk correct completion coverage under vary-
ing numbers of generated completions per prompt. As k in-
creases, the probability of sampling at least one correct an-
swer also increases.

Given a set of n generated completions {o; }; with cor-
responding rewards {r; } and advantages { A;}, we define the
indicator of factual correctness as y; € {0, 1}, where y; = 1
indicates a correct completion. In GUI grounding tasks, a
completion is considered correct if its predicted point lies
within the ground-truth bounding box.

We define the pruning set S as:

S { top-m by |A;| from F, it 7 y; ¢ {0,n}

top-m by | Ail,
where F = {i| (yi =174 >0) v (i =01 4 <0)}
is the set of completions whose advantage signs align with
their factual correctness.
Only completions in S are used for policy updates. A de-
tailed procedural description of this filtering process is pro-
vided in Appendix L.

otherwise

Experiments
Training Data Description

Our training data is constructed from two sources: the Aria-
UI dataset (Yang et al. 2024b) for mobile and web data, and
the ShowUI dataset (Lin et al. 2025a) for desktop data. We
randomly sample 1,000 instances from each of Aria-UI Mo-
bile and Aria-UI Web. For ShowUI, to enhance robustness
on high-resolution screens, we apply a stratified sampling
strategy: 1,000 samples from high-resolution screens (over
3,000 pixels wide) and 200 from lower-resolution ones. This
sampling design balances training efficiency with resolution
diversity, ensuring that the model is adequately exposed to
high-resolution interfaces, which are typically underrepre-
sented in existing datasets.

The resolution distribution across different device types is
summarized in Appendix E.

Training Details
We adopt both Qwen2.5-VL-3B and Qwen2.5-VL-7B as our
backbone models. The reward shaping coefficient k is set
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to 0.004. Due to hardware constraints, we limit the top-m
selection values to 4.

During training, only the vision encoder and LLM lay-
ers are updated, while the MLP layers are kept frozen to
reduce computational cost. We use DeepSpeed ZeRO-3 and
FlashAttention-2 to improve training efficiency. All experi-
ments are conducted on 8xNVIDIA A800 80GB GPUs for a
single epoch. And use the same prompt across both training
and evaluation stages.

Our implementation is based on the Open-RI1-
Multimodal' codebase, with minor modifications tai-
lored to our GUI grounding task. The complete training
configuration is provided in Appendix C.

Main Results

The evaluation results on the ScreenSpot and ScreenSpot-
v2 benchmarks are summarized in Table 1. All experiments
are conducted using a low generation temperature (¢ = 0.1),
which ensures stable outputs from the language model dur-
ing evaluation. Our FDC-Ground-7B model achieves an
average accuracy of 88.3%, outperforming several models
such as UIShift-7B (8 epochs, 87.8%) and InfiGUI-R1 (32K
samples, 87.5%).Moreover, our model achieves state-of-the-
art performance on specific sub-tasks, including 94.3% on
desktop text and 91.7% on web text, highlighting its robust
generalization ability across device types and modalities.

On the ScreenSpot-v2 benchmark, our method continues
to demonstrate superior performance. As shown in Table 1,
FDC-Ground-7B achieves an average accuracy of 91.0%,
surpassing SE-GUI-7B (90.3%, 10 epochs) and matching
the performance of UIShift-7B-2K (90.3%, 8 epochs), while
requiring significantly fewer training steps. Notably, our
model leads in Web-Text (95.7%) and Web-Icon (84.2%),
two of the most visually complex and semantically rich sub-
tasks, demonstrating its cross-modality reasoning capabili-
ties under minimal supervision.

Our FDC-Ground-3B model, trained under the same
training configuration (3.2K samples, 1 epoch), also exhibits
strong performance. On ScreenSpot, our 3B model achieves
an average accuracy of 82.1%, outperforming several larger
SFT-based models such as CogAgent-18B (47.4%) and
SeeClick-9.6B (53.4%), and approaching the performance
of Aguvis-7B (84.4%). On ScreenSpot-v2, it reaches 85.5%,
again surpassing most SFT models including OS-Atlas-7B
(84.1%) and UGround-7B (76.3%).

Compared to the base vision-language model Qwen?2.5-
VL-3B, which achieves only 46.9% average accuracy on
ScreenSpot-v2 despite being pretrained on large-scale data,
our RL-trained FDC-Ground-3B model achieves a substan-
tial +38.6% absolute improvement, underscoring the impact
of our reward-driven optimization.

We also evaluate our method on 500 randomly sampled
steps from the AndroidControl dataset (Li et al. 2024), fol-
lowing the UGround evaluation setting. As shown in Table 2,
our model achieves strong performance in both high-level
and low-level scenarios.

"https://github.com/EvolvingLMM:s-Lab/open-r1-multimodal



Train Samples | Size | Epochs | Model Mobile Desktop Web Spot | Spot-v2
Text Icon | Text Icon | Text Icon | Avg Avg
Close Models
- - - GPT-40 305 232 | 206 19.4 11.1 7.8 18.8 -
- - - Claude Computer Use - - - - - - 83.0 -
- - - Gemini 2.0 - - - - - - 84.0 -
Open-source Models
- 3B - Qwen2.5-VL-3B - - - - - - 55.5 46.9
- 7B - Qwen2.5-VL-7B - - - - - - 84.7 86.5
SFT
222M 18B | - CogAgent-18B 67.0 240 | 742 20.0 | 704 28.6 | 474 -
M 9.6B | - SeeClick-9.6B 78.0 52.0 | 722 30.0 | 55.7 325 | 534 55.1
10M 7B - UGround-7B 82.8 603 | 825 636 | 804 704 | 733 76.3
13M 7B - OS-Atlas-7B 93.0 729 | 91.8 629 | 909 743 | 825 84.1
256K 2B - ShowUI-2B 923 755 | 763  6l.1 81.7 63.6 | 75.1 77.3
M 7B - Aguvis-7B 95.6 777 | 93.8 67.1 883 752 | 844 87.3
RL
2K 7B 8 UIShift-7B-2K 96.7 852 | 912 757 | 89.6 820 | 87.8 90.3
3K 3B 9 GUI-R1-3B - - 93.8 648 | 89.6 72.1 - -
3K 7B 9 GUI-R1-7B - - 918 73.6 | 913 757 - -
32K 3B - InfiGUI-R1-3B 97.1* 81.2 | 943 771*%* | 91.7 77.6 | 875 -
3K 7B 10 SE-GUI-7B - - - - - - 88.2 90.3
Ours
3.2K 3B 1 FDC-Ground-3B 96.0 769 | 933 62.1 87.0 67.0 | 82.1 85.5
3.2K 7B 1 FDC-Ground-7B 96.3 85.2% | 94.3* 73.6 | 91.7%* 81.6* | 88.3* | 91.0*

Table 1: Accuracy (%) on ScreenSpot and ScreenSpot-v2. For ScreenSpot-v2, only average accuracy is reported, the full
breakdown of ScreenSpot-v2 results is provided in Appendix D

Planner Grounding High Low Group Size Web-Text Web-Icon Avg Time (s)
GPT-40 SeeClick 41.8 528 GRPO g=4 75.7 553 66.1 11541
GPT-40 UGround 484 624 4 80.4 62.6 72.0 9789
GPT-40  UGround-V1-2B  50.0 65.0 8 83.0 64.1 74.1 10926
GPT-40  UGround-V1-7B 49.8  66.2 16 86.5 65.5 76.6 19675
GPT-40 FDC-Ground-7B 50.6 67.0 32 84.8 66.5 76.1 31665
64 82.1 66.5 74.8 57702

Table 2: Step accuracy on AndroidControl over 500 random
actions from the UGround (Gou et al. 2024) test dataset.

Together, these findings reveal that our reinforcement
learning framework effectively distills GUI understanding
capabilities even under constrained data budgets, offering a
competitive alternative to conventional supervised finetun-

ing.

Impact of Group Size

Our method enables the model to expand its exploration
space within a single iteration. We conducted a series of ex-
periments on Qwen2.5-VL-3B to investigate how the explo-
ration space affects model performance and training time.
he model was trained on the Web subset of the training data
and used a fixed top-m selection (1 = 2) to enable pruning,
while varying the group size g € {4, 8, 16, 32, 64}. For com-
parison, we also include the GRPO baseline, setting g = 4.
The results are shown in Table 3.

Compared to the GRPO baseline (no pruning), applying
our FDC-Pruning strategy with ¢ = 4,m = 2 achieves
an improvement of +5.9% (from 66.1% to 72.0%) while
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Table 3: Performance and training time under different
group sizes on Qwen2.5-VL-3B (Web subset, m = 2).

reducing training time by 15.2% (acceleration factor of
1.18x). The performance continues to improve with increas-
ing group size up to g = 16, but then saturates or slightly
declines as g grows larger.

To better understand this behavior, we analyze the mov-
ing average of the proportion of positive samples selected
in the top-m completions during training. As shown in Fig-
ure 4, smaller group sizes (e.g., g = 8 or ¢ = 16) maintain
a higher and more stable rate of selecting correct samples,
while larger groups suffer from a noticeable drop in this ra-
tio during later training stages. This degradation stems from
the nature of GRPO. When the group reward distribution be-
comes highly concentrated, low-reward samples (e.g., those
with reward 0) may be assigned abnormally large advantage
values. In late-stage training, where correct completions are
common, such localized normalization amplifies noisy out-
liers, leading to erroneous advantage estimates and unstable
policy updates.
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Figure 4: Rolling average of the proportion of positive sam-
ples in Top-m under different group sizes.

Setting Mobile Desktop Web Avg
Sparse Binary Reward + GRPO 86.7 72.8 61.7 744
Square Decayed Distance Reward + GRPO 89.4 83.5 82.6 855
EDDR + GRPO 89.6 82.0 84.6 859
EDDR + Top-m Selection 90.0 82.3 85.8 86.7
EDDR + FDC-Pruning (FDC-Ground) 91.0 86.2 86.2 88.1

Table 4: Ablation study on reward functions and training
strategies. All results are accuracy (%) on ScreenSpot.

These findings suggest that moderate group sizes—
approximately 4-8 times m—strike a favorable balance be-
tween exploration and stability. When combined with FDC-
pruning strategy, such configurations substantially improve
both accuracy and efficiency under limited supervision.

Ablation Study

To evaluate the individual and joint impact of our pro-
posed Exponentially Decayed Distance Reward (EDDR)
and the Fact-Aligned Dynamic Completions Pruning (FDC-
Pruning) strategy, we conduct ablation experiments under
five settings: sparse binary reward with GRPO, square de-
cayed distance reward with GRPO, EDDR with GRPO,
EDDR with Top-m selection which only prunes based on
the absolute value of the advantage, and EDDR with FDC-
Pruning.

Reward Function. Compared to the sparse binary re-
ward and square decayed distance reward, our proposed
EDDR improves performance from 74.4% to 85.9% and
from 85.5% to 85.9%, respectively. We attribute this gain to
the exponential shaping, which provides sharper gradients
near the target and more consistent behavior across varying
resolutions.

Training Strategy. Introducing Top-m selection with
EDDR vyields an additional gain of +0.8%. Finally, our
full method—EDDR combined with Fact-Aligned Dynamic
Completions Pruning (FDC-Pruning)—achieves 88.1% ac-
curacy, outperforming the GRPO baseline by +2.6%. Both
Top-m and FDC-Pruning experiments are conducted with a
group size of g = 16 and a selection size of m = 4.

28128

The results confirm that our reward design and pruning
strategy jointly contribute to stable and efficient reinforce-
ment learning for the GUI grounding task.

Conclusions and Limitations
Conclusions

To apply reinforcement learning to GUI grounding, we de-
sign an Exponentially Decayed Distance Reward, which as-
signs continuous rewards to all predicted points and in-
creases rapidly near the center of the target box. How-
ever, many incorrect predictions—i.e., points outside the
box—can still receive positive advantages, which may lead
to incorrect optimization.

Furthermore, our experiments show that expanding the
model’s exploration space can improve performance. To bal-
ance effectiveness and efficiency, we propose a Fact-Aligned
Pruning strategy based on the reward design. This strategy
not only reduces computation but also allows broader explo-
ration by focusing on completions whose advantage signs
align with their factual correctness.

Experiments show that our method consistently outper-
forms standard GRPO and other strong RL baselines. We
hope this work offers useful insights for future research on
RL-based GUI grounding.

Limitations and Future Work

While reinforcement learning proves effective for fine-
tuning large vision-language models, we observe that the
reward signal typically increases during the first half of an
epoch and then plateaus. This saturation limits further policy
improvement. Recent studies (Cui et al. 2025; Cheng et al.
2025) suggest that entropy collapse may contribute to this
stagnation. Although we experimented with entropy regu-
larization techniques during training, no consistent improve-
ment was observed. We leave more effective entropy control
in the future work.

Second, we attempted to encourage broader exploration in
the image space by designing exploration-oriented rewards.
However, our experiments indicate that such reward func-
tions tend to degrade model performance. Moreover, we ob-
served that output length has little to no correlation with task
accuracy in GUI grounding scenarios.

Finally, due to limited training data and computa-
tional resources, our experiments were constrained to
moderate-resolution screens. Investigating model behavior
in high-resolution GUI environments and designing more
resolution-robust strategies remain important directions for
future work.
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