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Abstract

Graphical User Interface (GUI) grounding maps natural
language instructions to precise interface locations for au-
tonomous interaction. Current reinforcement learning ap-
proaches use binary rewards that treat elements as hit-or-
miss targets, creating sparse signals that ignore the continu-
ous nature of spatial interactions. Motivated by human click-
ing behavior that naturally forms Gaussian distributions cen-
tered on target elements, we introduce GUI Gaussian Ground-
ing Rewards (GUI-G2), a principled reward framework that
models GUI elements as continuous Gaussian distributions
across the interface plane. GUI-G2 incorporates two syner-
gistic mechanisms: Gaussian point rewards model precise lo-
calization through exponentially decaying distributions cen-
tered on element centroids, while coverage rewards assess
spatial alignment by measuring the overlap between pre-
dicted Gaussian distributions and target regions. To handle di-
verse element scales, we develop an adaptive variance mech-
anism that calibrates reward distributions based on element
dimensions. This framework transforms GUI grounding from
sparse binary classification to dense continuous optimization,
where Gaussian distributions generate rich gradient signals
that guide models toward optimal interaction positions. Ex-
tensive experiments across ScreenSpot, ScreenSpot-v2, and
ScreenSpot-Pro benchmarks demonstrate that GUI-G2-7B
substantially outperforms state-of-the-art method UI-TARS-
72B, with the most significant improvement of 24.7% on
ScreenSpot-Pro. Our analysis reveals that continuous mod-
eling provides superior robustness to interface variations and
enhanced generalization to unseen layouts, establishing a new
paradigm for spatial reasoning in GUI interaction tasks.

Code — https://github.com/ZJU-REAL/GUI-G2
Extended version — https://arxiv.org/abs/2507.15846

Introduction
Autonomous GUI agents are revolutionizing human-
computer interaction (HCI) by allowing users to control
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interfaces with natural language across various applica-
tions (Gou et al. 2024; Tang et al. 2025b; Cheng et al.
2024). As the core of these systems, GUI grounding, is the
fundamental capability to accurately map natural language
instructions to precise pixel coordinates on interface ele-
ments (Tang et al. 2025a; Cheng et al. 2024; Lin et al. 2025).

Recent advances in GUI grounding have increasingly
adopted reinforcement learning (RL) frameworks (Lu et al.
2025; Luo et al. 2025; Liu et al. 2025b). However, current
approaches rely on binary reward systems (Lu et al. 2025;
Luo et al. 2025; Yuan et al. 2025; Zhou et al. 2025a) that
assign rewards of 1 for coordinates within target bounding
boxes and 0 otherwise. This formulation treats GUI interac-
tions as binary hit-or-miss problems, creating sparse learn-
ing signals where predictions one pixel outside target re-
gions receive the same zero reward as complete failures. The
binary paradigm ignores two critical aspects of interface in-
teraction: first, clicking quality varies continuously with dis-
tance from element centers, and second, interface elements
are inherently two-dimensional regions with spatial struc-
ture, not abstract points. This mismatch between discrete
optimization and the continuous geometric nature of GUI
interactions severely limits learning efficiency, particularly
during early training when models need dense feedback to
develop appropriate grounding behaviors.

This discrete approach contradicts empirical evi-
dence from human behavior. Analysis of the AITW
dataset (Rawles et al. 2023) reveals that users’ clicks
naturally form Gaussian distributions centered on target
elements (Figure 1, right), consistent with Fitts’ Law (Fitts
1954; MacKenzie 1992). This pattern demonstrates that
spatial targeting inherently follows continuous probability
distributions, with click density decreasing smoothly from
element centers to edges. Current binary mechanisms
completely ignore this fundamental characteristic of HCI.

Building on this insight, we introduce GUI-G2 (GUI
Gaussian Grounding Rewards), a principled framework that
fundamentally reconceptualizes GUI grounding by model-
ing clicking points as smooth probability distributions across
the interface plane. Rather than treating elements as dis-
crete hit-or-miss targets, GUI-G2 represents them as contin-
uous Gaussian distributions that provide rich spatial infor-
mation and dense learning signals. This approach comprises
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Figure 1: GUI grounding performance and human click behavior. Left: Performance comparison of various models on
ScreenSpot-Pro across different parameter scales, where our GUI-G2 achieves state-of-the-art performance. Right: Human click
distribution from AITW (Rawles et al. 2023) reveals natural Gaussian patterns around target centers (µ = 0.111, σ = 0.429),
validating our design choice of continuous Gaussian rewards over discrete binary feedback.

two complementary mechanisms: First, we design point-
based rewards that decrease smoothly with distance from el-
ement centers, encouraging precise while maintaining con-
tinuous gradients. Second, we introduce coverage-based re-
wards that measure the spatial overlap between predicted
click distributions and target element regions, ensuring com-
prehensive element targeting.

To accommodate varying element scales, we introduce an
adaptive variance mechanism that dynamically adjusts re-
ward distributions according to element dimensions. This
ensures consistent learning signals across GUI components
while maintaining their distinct geometric properties. GUI-
G2 transforms GUI grounding from sparse binary optimiza-
tion to dense continuous reasoning, enabling models to learn
fine-grained spatial relationships and develop more robust
interaction strategies.

Extensive evaluation on ScreenSpot (Cheng et al. 2024),
ScreenSpot-v2 (Wu et al. 2024), and ScreenSpot-Pro (Li
et al. 2025) benchmarks demonstrates that our approach
achieves substantial improvements over state-of-the-art
methods, with accuracy gains up to 4.1%, 3.3%, and 24.7%,
respectively. Our analysis reveals superior robustness to in-
terface variations and enhanced generalization to unseen
layouts, confirming that continuous spatial modeling pro-
vides more fundamental and transferable representations
than discrete alternatives. Comprehensive ablation studies
validate the synergistic contributions of both Gaussian com-
ponents and the critical importance of adaptive variance
mechanisms for handling interface diversity.

To summarize, our main contributions are three-fold:

• Continuous Spatial Modeling: We introduce GUI-G2,
a principled framework that fundamentally transforms
GUI grounding from discrete binary optimization to con-
tinuous spatial processes, modeling interface interactions
as Gaussian distributions that capture the inherent geo-
metric nature of GUI elements.

• Dual-Component Reward System: We propose a novel
reward architecture comprising Gaussian point rewards
for precise localization and Gaussian coverage rewards

for regional assessment, enhanced with adaptive vari-
ance mechanisms that automatically calibrate distribu-
tions based on element dimensions.

• State-of-The-Art Performance: Extensive experiments
demonstrate that GUI-G2 achieves substantial improve-
ments with 92.0% accuracy on ScreenSpot, 93.3% on
ScreenSpot-v2, and 47.5% on ScreenSpot-Pro, while ex-
hibiting enhanced robustness and generalization com-
pared to discrete reward approaches.

Related Work
GUI Agents. Powered by large language and and multi-
modal models (Bai et al. 2025; Xu et al. 2025b,a; Zhou et al.
2025b; Gu et al. 2022; Liu et al. 2025a; Xu et al. 2025a),
GUI agents are intelligent systems that understand and inter-
act with graphical user interfaces through natural language
instructions, enabling automated execution of complex com-
puter tasks (Gou et al. 2024; Zhang et al. 2025a; Tang et al.
2025b; Sun et al. 2025; Shen et al. 2023; Wang et al. 2024c;
Wu et al. 2025b,a; Du et al. 2025). These approaches can
be broadly categorized into two main paradigms: (1) Ex-
pert Design-Driven Workflow Paradigm: These approaches
typically leverage closed-source multimodal large language
models and construct workflows through expertly designed
fine-grained modules such as planners (Wang et al. 2024b;
Zhang et al. 2024) and grounders (Gou et al. 2024; Lin
et al. 2025). The Mobile-Agent series (Wang et al. 2025,
2024a,b), AppAgent series (Zhang et al. 2023; Li et al.
2024), and UFO series (Zhang et al. 2024, 2025b) ac-
complish various tasks through these workflow-based ap-
proaches. These GUI agents typically consist of plan-
ners and grounders, where planners employ closed-source
large language models such as GPT-4o (OpenAI 2024) and
Claude (Anthropic 2024) for task planning. For ground-
ing components, there are two main approaches: one uti-
lizes HTML and DOM tree structures for screen under-
standing (Rawles et al. 2023; Zhang et al. 2023), while
the other employs visual tools such as OCR (Du et al.
2020), SAM (Kirillov et al. 2023) for element localiza-
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tion. However, this reliance on pre-programmed workflows
makes frameworks inherently non-scalable, consuming sub-
stantial manual effort and proving difficult to extend to
new domains (Qin et al. 2025). (2) Data-Driven Training
Paradigm: These approaches employ specialized MLLMs
trained specifically for GUI understanding and interaction
through data-driven methodologies (Qin et al. 2025; Gou
et al. 2024; Tang et al. 2025a; Wu et al. 2024; Wang et al.
2024c; Tang et al. 2025a). These works achieve GUI-specific
capabilities by collecting large-scale GUI corpora for fine-
tuning to develop models tailored for GUI tasks. For exam-
ple, UI-TARS (Qin et al. 2025) develops an end-to-end na-
tive GUI agent through large-scale GUI screenshots for en-
hanced perception and action traces for unified action mod-
eling across platforms. However, due to supervised fine-
tuning limitations (Chu et al. 2025), these methods still face
generalization challenges when encountering novel interface
scenarios (Lu et al. 2025).
Reinforcement Fine-Tuning (RFT). Since the release of
DeepSeek-R1 (DeepSeek-AI 2025), rule-based reward has
been applied across various domains (Dai et al. 2025; Shen
et al. 2025). Researchers have begun applying this approach
to GUI tasks (Gu et al. 2025). GUI-R1 (Luo et al. 2025) and
UI-R1 (Lu et al. 2025) apply verifiable reward paradigms
to GUI tasks, representing pioneering efforts in this direc-
tion while demonstrating the potential of RFT. InfiGUI-
R1 (Liu et al. 2025b) similarly follows the R1 paradigm,
employing two-stage training to inject reasoning capabili-
ties into the model. GUI-G1 (Zhou et al. 2025a) reanalyzes
existing problems in current R1-based GUI agents and de-
signs controllable box size rewards for GUI grounding tasks.
However, most previous methods rely on binary reward that
focus on hit-or-miss feedback, creating sparse signals that
struggle to provide effective guidance during early training
stages. Recent works like SE-GUI (Yuan et al. 2025) and
LPO (Tang et al. 2025c) propose distance-based continuous
rewards that decay with Euclidean distance from target co-
ordinates. While these approaches provide smoother signals
than binary alternatives, they treat GUI elements as point
targets, missing the inherent two-dimensional spatial struc-
ture of interface interactions. We address this limitation by
proposing a principled Gaussian continuous reward mecha-
nism that models GUI elements as 2D probability distribu-
tions, providing geometrically-aware feedback that captures
both precise localization and spatial coverage.

Methodology
We introduce GUI-G2 (GUI Gaussian Grounding Rewards),
a principled framework that reformulates GUI grounding re-
wards from discrete binary signals to continuous Gaussian
distributions. As illustrated in Figure 2, our approach com-
prises three key innovations: (1) Gaussian point rewards that
model localization precision, (2) Gaussian coverage rewards
that capture spatial overlap, and (3) adaptive variance mech-
anisms that scale with element dimensions. This continuous
formulation addresses binary rewards’ fundamental limita-
tion by providing learning signals for near-misses through
smooth gradients throughout the spatial domain.

Problem Formulation
GUI grounding maps natural language instructions to pixel-
level targets on graphical interfaces. Given a screenshot s
and instruction i, the model must predict a bounding box
bp = [xp

1, y
p
1 , x

p
2, y

p
2 ] that localizes the element described

by i, where (x1, y1) and (x2, y2) denote the top-left and
bottom-right corners respectively. The ground truth is an-
notated as bgt = [xgt

1 , ygt1 , xgt
2 , ygt2 ].

In the RL formulation, the model generates a sequence
of tokens representing the predicted bounding box coor-
dinates. The standard evaluation criterion checks whether
the predicted center (cpx, c

p
y) = (

xp
1+xp

2

2 ,
yp
1+yp

2

2 ) falls within
bgt. Our reward function R(bp,bgt) transforms this dis-
crete success metric into continuous spatial feedback. Un-
like binary rewards that provide no gradient for near-misses,
GUI-G2 generates dense learning signals that vary smoothly
with prediction quality, enabling more efficient policy opti-
mization through richer supervision.

Gaussian Reward Modeling
We model GUI elements as 2D Gaussian distributions to
capture the continuous nature of spatial interactions. This
approach transforms discrete bounding boxes into smooth
probability distributions that naturally encode spatial uncer-
tainty and provide rich gradient information.
Gaussian Representation. For each GUI element with
bounding box b = [x1, y1, x2, y2], we construct a 2D Gaus-
sian distribution:

N (x;µ,Σ) =
1

2π
√

|Σ|
exp

(
−1

2
(x− µ)TΣ−1(x− µ)

)
(1)

where x = (x, y) represents a position in the 2D interface
space, µ = (cx, cy) = (x1+x2

2 , y1+y2

2 ) is the element’s ge-

ometric center, and Σ =

(
σ2
x 0
0 σ2

y

)
is a diagonal covari-

ance matrix. The diagonal structure assumes independence
between x and y dimensions, simplifying computation while
maintaining expressiveness.
Gaussian Point Rewards. The point reward evaluates local-
ization precision by measuring how well the predicted center
aligns with the target element’s Gaussian distribution. Given
a predicted bounding box with center µp = (cpx, c

p
y) and

ground truth center µgt = (cgtx , cgty ), we compute:

Rpoint = N (µp;µgt,Σgt)

= exp

(
−1

2

[
(cpx − cgtx )2

σgt
x

2 +
(cpy − cgty )2

σgt
y

2

])
(2)

This provides several key properties. First, it decreases
smoothly and exponentially with distance, ensuring contin-
uous gradients throughout the spatial domain. Second, the
rate of decay is controlled by the variance parameters, allow-
ing flexible adaptation to different element characteristics.
Gaussian Coverage Rewards. While point rewards opti-
mize center alignment, GUI interactions often succeed when
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Figure 2: GUI Gaussian Grounding Rewards (GUI-G2). Our framework transforms GUI grounding through continuous Gaus-
sian modeling. Given a task instruction and screenshot, the policy model generates multiple predictions that are evaluated using
our dual reward mechanism. Gaussian Point Rewards assess localization precision while Gaussian Coverage Rewards measure
spatial overlap, together providing dense learning signals that guide policy optimization.

clicking anywhere within element boundaries. Coverage re-
wards capture this regional aspect by measuring overlap be-
tween predicted and target Gaussian distributions. We quan-
tify this using the Bhattacharyya coefficient (BC):

BC(Np,Ngt) =

∫ √
N (x;µp,Σp) · N (x;µgt,Σgt) dx

(3)
For Gaussian distributions, this integral has a closed-form

solution, formulated as:

Rcoverage = exp

(
−1

8
(µp − µgt)

TΣ−1(µp − µgt)

−1

2
ln

(
det(Σ)√

det(Σp) det(Σgt)

)) (4)

where Σ =
Σp+Σgt

2 is the average covariance. The first
term penalizes center misalignment weighted by the com-
bined uncertainty, while the second term measures size and
shape similarity between distributions.

Adaptive Variance Mechanism. GUI elements span di-
verse scales, from tiny icons to full-screen panels. Fixed
variance parameters would either over-constrain large ele-

ments or under-constrain small ones. We introduce an adap-
tive mechanism scaling variance with element dimensions:

σx = α · (x2 − x1), σy = α · (y2 − y1) (5)

where α is a scaling factor controlling the relative influence
of element size on the standard deviations. The intuition
is straightforward: larger elements naturally tolerate greater
spatial uncertainty in interactions. A small icon requires pre-
cise targeting, while a large button can be activated across a
wider region. By making the Gaussian spread proportional
to element size, we ensure the reward function respects this
natural interaction pattern. This adaptive mechanism applies
to both point and coverage rewards.

Reinforcement Learning with GUI-G2

We combine both reward components to leverage precise lo-
calization and spatial coverage:

Rtotal = ν ·Rpoint + γ ·Rcoverage (6)

where ν and γ balance the contribution of each component.
The point reward drives the model toward accurate center
positioning, while the coverage reward ensures appropriate
spatial extent. This dual objective mirrors human interaction
patterns: users aim for element centers but can successfully
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interact anywhere within boundaries.
We integrate GUI-G2 into Group Relative Policy Opti-

mization (GRPO) (Shao et al. 2024), which estimates advan-
tages using multiple sampled responses. For each instruc-
tion, we sample N predictions and compute their rewards
under GUI-G2. The advantage for response i is:

Ai =
Rtotal(τi)− mean({Rtotal(τj)}Nj=1)

std({Rtotal(τj)}Nj=1)
(7)

This normalization stabilizes gradients across element types
and sizes. The policy optimization objective becomes:

J (θ) = Eτ∼πθold

[∑
t

min
(
rt(θ)At,

clip(rt(θ), 1− ϵ, 1 + ϵ)At

)
− βDKL[πθ∥πref ]

]
(8)

where rt(θ) =
πθ(at|st)

πθold
(at|st) is the probability ratio, ϵ controls

the trust region, and β weights the KL regularization. The
continuous nature of GUI-G2 rewards fundamentally trans-
forms the optimization landscape. While binary rewards cre-
ate a discontinuous surface with sharp cliffs at bounding box
edges, our Gaussian formulation produces smooth gradients
everywhere in the spatial domain. This smoothness is cru-
cial during early training: even when predictions are far from
targets, the exponentially decaying Gaussian signals provide
clear directional guidance toward improvement.

Experiments
Experiment Setup
Implementation Details. We implement our GUI-G2 using
Qwen2.5-VL-7B-Instruct (Bai et al. 2025) within the VLM-
R1 framework (Shen et al. 2025). Training is conducted on
8 A100-80G GPUs for one epoch with learning rate 1e-6,
batch size 8, β = 0.04, and α = 0.5. We freeze the vision
module and use Flash Attention 2 (Dao 2023) with bfloat16
precision. Unless otherwise specified, ν and γ are set to 1.0.
Training Dataset and Evaluation Benchmarks. Our train-
ing data comprises approximately 100K GUI grounding
instances sampled from Widget Captioning (Cheng et al.
2024), UI RefExp (Bai et al. 2021), ShowUI-web (Lin et al.
2025), and OmniAct (Kapoor et al. 2024), covering diverse
interface types across mobile, desktop, and web platforms.
We evaluate on three benchmarks: ScreenSpot (Cheng et al.
2024) (SS-v1) and ScreenSpot-v2 (Wu et al. 2024) (SS-v2)
for general GUI grounding, and ScreenSpot-Pro (Li et al.
2025) (SS-Pro) for high-resolution professional software in-
terfaces. Following standard protocol (Cheng et al. 2024;
Lin et al. 2025), predictions are considered correct when the
predicted center falls within the ground truth bounding box.

Main Results
We evaluate GUI-G2-7B on three benchmarks: SS-v1, SS-
v2, and SS-Pro. Table 1 shows GUI-G2 achieves state-of-
the-art performance among all RL and SFT approaches,

Figure 3: Sparse reward training dynamics. Training dynam-
ics of sparse reward variants (Point, IoU, Point+IoU) show-
ing reward standard deviation and convergence.

Figure 4: Distance convergence comparison. Distance to
target center over training steps, where Gaussian Reward
demonstrates monotonic convergence while Sparse Reward
exhibits erratic fluctuations.

reaching 92.0% on SS-v1, 93.3% on SS-v2, and 47.5% on
SS-Pro. On SS-Pro, GUI-G2 surpasses UI-TARS-72B by
10.8% while using only 10% of its parameters, demonstrat-
ing that continuous Gaussian rewards enable efficient opti-
mization in small models. Compared to other continuous re-
ward methods (LPO-8B: 90.5%, SE-GUI-7B: 90.3% on SS-
v2), GUI-G2 shows clear advantages. While these methods
use distance-based rewards treating elements as points, our
dual Gaussian formulation models both precise localization
(point rewards) and spatial extent (coverage rewards), cap-
turing the complete interaction space. On SS-Pro’s text ele-
ments, we achieve 64.7% versus UI-TARS-72B’s 50.9%, in-
dicating Gaussian rewards benefit fine-grained spatial tasks.
These results establish continuous Gaussian modeling as an
effective foundation for GUI grounding.

Reward Design Analysis
Binary vs. Continuous Rewards. We investigate binary
versus continuous rewards by implementing three sparse
baselines: Point rewards (activating when predicted centers
fall within target boxes), IoU rewards (triggering when over-
lap exceeds 0.5), and their combination. We select 10 chal-
lenging SS-v2 samples with incorrect initial predictions,
tracking average distance from predicted to ground truth
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Model
CAD Dev Creative Scientific Office OS Avg.

Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon Text Icon SS-Pro SS-v1 SS-v2

Proprietary Models

GPT-4o 2.0 0.0 1.3 0.0 1.0 0.0 2.1 0.0 1.1 0.0 0.0 0.0 1.3 0.0 0.8 18.8 20.1
Claude Computer Use 14.5 3.7 22.0 3.9 25.9 3.4 33.9 15.8 30.1 16.3 11.0 4.5 23.4 7.1 17.1 83.0 -

General Open-source Models

Qwen2.5-VL-3B 9.1 7.3 22.1 1.4 26.8 2.1 38.2 7.3 33.9 15.1 10.3 1.1 23.6 3.8 16.1 55.5 80.9
Qwen2.5-VL-7B 16.8 1.6 46.8 4.1 35.9 7.7 49.3 7.3 52.5 20.8 37.4 6.7 38.9 7.1 26.8 84.7 88.8

GUI-specific Models (SFT)

SeeClick-9.6B 2.5 0.0 0.6 0.0 1.0 0.0 3.5 0.0 1.1 0.0 2.8 0.0 1.8 0.0 1.1 53.4 55.1
FOCUS-2B 7.6 3.1 22.8 1.7 23.7 1.7 25.0 7.1 23.2 7.7 17.8 2.5 19.8 3.9 13.3 - -
CogAgent-18B 7.1 3.1 14.9 0.7 9.6 0.0 22.2 1.8 13.0 0.0 5.6 0.0 12.0 0.8 7.7 47.4 -
Aria-UI 7.6 1.6 16.2 0.0 23.7 2.1 27.1 6.4 20.3 1.9 4.7 0.0 17.1 2.0 11.3 - -
OS-Atlas-7B 12.2 4.7 33.1 1.4 28.8 2.8 37.5 7.3 33.9 5.7 27.1 4.5 28.1 4.0 18.9 82.5 84.1
ShowUI-2B 2.5 0.0 16.9 1.4 9.1 0.0 13.2 7.3 15.3 7.5 10.3 2.2 10.8 2.6 7.7 75.1 77.3
UGround-V1-7B 15.8 1.2 51.9 2.8 47.5 9.7 57.6 14.5 60.5 13.2 38.3 7.9 45.2 8.1 31.1 - -
UI-TARS-7B 20.8 9.4 58.4 12.4 50.0 9.1 63.9 31.8 63.3 20.8 30.8 16.9 47.8 16.2 35.7 89.5 91.6
UI-TARS-72B 18.8 12.5 62.9 17.2 57.1 15.4 64.6 20.9 63.3 26.4 42.1 15.7 50.9 17.6 38.1 88.4 90.3
JEDI-3B 27.4 9.4 61.0 13.8 53.5 8.4 54.2 18.2 64.4 32.1 38.3 9.0 49.8 13.7 36.1 - 88.6
JEDI-7B 38.0 14.1 42.9 11.0 50.0 11.9 72.9 25.5 75.1 47.2 33.6 16.9 52.6 18.2 39.5 - 91.7
GUI-Actor-7B - - - - - - - - - - - - - - 44.6 88.3 92.1

GUI-specific Models (RL)

UI-R1-3B 11.2 6.3 22.7 4.1 27.3 3.5 42.4 11.8 32.2 11.3 13.1 4.5 24.9 6.4 17.8 83.3 85.4
UI-R1-E-3B 37.1 12.5 46.1 6.9 41.9 4.2 56.9 21.8 65.0 26.4 32.7 10.1 - - 33.5 89.2 89.5
GUI-R1-3B 26.4 7.8 33.8 4.8 40.9 5.6 61.8 17.3 53.6 17.0 28.1 5.6 - - - - -
GUI-R1-7B 23.9 6.3 49.4 4.8 38.9 8.4 55.6 11.8 58.7 26.4 42.1 16.9 - - - - -
InfiGUI-R1-3B 33.0 14.1 51.3 12.4 44.9 7.0 58.3 20.0 65.5 28.3 43.9 12.4 49.1 14.1 35.7 87.5 -
GUI-G1-3B 39.6 9.4 50.7 10.3 36.6 11.9 61.8 30.0 67.2 32.1 23.5 10.6 49.5 16.8 37.1 - 90.3
SE-GUI-3B 38.1 12.5 55.8 7.6 47.0 4.9 61.8 16.4 59.9 24.5 40.2 12.4 50.4 11.8 35.9 - -
SE-GUI-7B 51.3 42.2 68.2 19.3 57.6 9.1 75.0 28.2 78.5 43.4 49.5 25.8 63.5 21.0 47.3 88.2 90.3

GUI-G2-3B 38.1 15.6 60.3 12.4 52.5 9.1 63.1 20.0 63.0 19.2 41.1 6.7 53.0 13.1 37.8 90.8 91.0
GUI-G2-7B 55.8 12.5 68.8 17.2 57.1 15.4 77.1 24.5 74.0 32.7 57.9 21.3 64.7 19.6 47.5 92.0 93.3

Table 1: Comparison of different agent models across various task categories based on Text, Icon, and Average scores on SS-
Pro. “-” indicates unreported results in original papers.

centers across 8 sampled responses every 200 steps. Fig-
ure 3 reveals critical limitations of sparse signals. Binary re-
wards generate erratic optimization with severe fluctuations
in reward values and spatial convergence. Point rewards
plateau early, while IoU demonstrates poor learning dy-
namics. Sparse methods show no consistent distance reduc-
tion, oscillating between 200-400 pixels without progress
(Figure 4). In contrast, GUI-G2 exhibits smooth monotonic
convergence from 290px to 150px. Table 3 quantifies this:
GUI-G2 achieves 93.3% accuracy, surpassing the best sparse
baseline (Point: 87.4%) by 5.9%. This gap emerges because
Gaussian rewards provide informative gradients at every
spatial position, enabling learning from any distance. Binary
rewards create discrete cliffs at box edges where gradients
vanish, leaving no guidance for near-miss predictions. Our
continuous formulation creates smooth paths toward targets
from any starting position.

Inside vs. Outside Boundary Rewards: Why Continuous
Everywhere Matters. A natural question arises: should re-

wards be provided only within target boundaries or every-
where in the interface? We implement an Inside Gaussian
(IG) baseline that applies our Gaussian formulation only
when predictions fall within ground truth boxes, reverting to
zero otherwise. Figure 5 shows GUI-G2 outperforms IG by
4.9%, despite using identical Gaussian formulations. This
reveals that restricting rewards to successful predictions,
even with continuous formulations, recreates the fundamen-
tal problem of sparse signals. By providing Gaussian feed-
back throughout the entire interface plane, GUI-G2 enables
models to learn from every prediction, creating smooth opti-
mization paths from any starting position to target elements.

Dual Gaussian Components: Point Precision and Spa-
tial Coverage. GUI-G2’s dual formulation addresses com-
plementary aspects of interface interaction. Ablation stud-
ies in Figure 5 demonstrate that removing either component
significantly degrades performance: 92.1% without cover-
age rewards and 90.2% without point rewards, compared
to 93.3% with both. Point rewards alone optimize for pre-
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Model ScreenSpot Acc(%) ScreenSpot-v2 Acc (%)

Mobile Desktop Web Avg. Mobile Desktop Web Avg.

SE-GUI-7B 85.6 91.4 86.5 88.2 95.2 87.1 87.0 90.3
GUI-G2-7B 94.0 92.8 89.0 92.0 95.6 92.8 91.1 93.3

Table 2: Gaussian vs. Distance-based Rewards. GUI-G2 out-
performs SE-GUI-7B on SS-v1 and SS-v2, validating the
superiority of our Gaussian reward design.

Reward Type Mobile Desktop Web Avg
Text Icon Text Icon Text Icon

Sparse Reward
Point 97.9 87.2 88.7 72.1 84.9 79.8 87.4
IoU 95.9 86.7 87.1 69.3 88.4 77.3 85.8

Point + IoU 97.2 86.7 88.1 68.6 88.9 78.8 86.5

Dense Reward
GUI-G2-7B 98.3 91.9 95.4 89.3 94.0 87.7 93.3

Table 3: Results of sparse and dense methods on SS-v2.
GUI-G2 outperforms sparse reward baselines.

cise center localization but ignore that users can success-
fully click anywhere within element boundaries. Coverage
rewards alone measure spatial overlap but lack the preci-
sion to guide models toward optimal clicking positions. The
improvement from their combination confirms that effective
GUI grounding requires modeling both aspects simultane-
ously, reflecting how humans naturally aim for element cen-
ters while accepting clicks anywhere within boundaries.
GUI-G2 vs. Distance-Based Rewards. SE-GUI-7B repre-
sents an alternative continuous approach using normalized
Euclidean distance. Table 2 shows GUI-G2 consistently out-
performs SE-GUI by 3.8% on SS-v1, 3.0% on SS-v2 and
0.2% on SS-Pro. This gap highlights two fundamental dif-
ferences. First, SE-GUI treats elements as point targets,
computing distances to centers without considering spatial
extent. Second, it applies different formulas inside versus
outside bounding boxes, creating gradient discontinuities
at boundaries. Our unified Gaussian formulation provides
smooth gradients everywhere while explicitly modeling both
localization precision and spatial coverage, better capturing
the continuous nature of GUI interactions.
Adaptive Variance Mechanism. GUI elements span di-
verse scales from tiny icons to full-screen panels, and human
clicking tolerance varies with element dimensions: larger el-
ements naturally accommodate greater spatial uncertainty,
while small icons require precise targeting. To handle this
diversity, we propose an adaptive variance mechanism that
scales reward distributions based on element size. We im-
plement: (i) 1σ Principle: σx = width/2, σy = height/2;
(ii) 2σ Principle: σx = width × 2, σy = height × 2; (iii) 3σ
Principle: σx = width × 3, σy = height × 3; and (iv) w/o
adaptive σ: fixed variance for all elements. Figure 6 shows
our adaptive mechanism with α = 0.5 achieves peak perfor-
mance at 93.3%, substantially outperforming fixed variance

Figure 5: Ablation of Gaussian Component. Both compo-
nents contribute to the final performance of 93.3% on SS-v2.

Figure 6: Hyper-parameter sensitivity analysis of σ. Perfor-
mance peaks at α = 0.5 with 93.3.0% accuracy on SS-v2.

approaches (87.8%) by +5.5%. This optimal value aligns
with the 2σ statistical principle (92.92%), demonstrating
that effective GUI grounding emerges from balanced spa-
tial tolerance. The 1σ principle (91.43%) proves overly re-
strictive, while the 3σ principle (92.22%) shows excessive
tolerance dilutes precision. Our adaptive mechanism signif-
icantly outperforms the optimal 2σ baseline, demonstrating
that element-specific calibration optimally balances spatial
flexibility and targeting precision.

Conclusion

We propose GUI-G2, a reward modeling framework that
reconceptualizes GUI grounding as a continuous spatial op-
timization task. Unlike approaches relying on sparse binary
rewards, GUI-G2 leverages Gaussian point rewards and cov-
erage rewards to provide dense, geometrically-aware feed-
back. By modeling GUI elements as 2D Gaussian distribu-
tions with adaptive variance, our method captures both lo-
calization precision and spatial coverage, enabling more effi-
cient learning and better generalization. Evaluated on SS-v1,
SS-v2, and SS-Pro, GUI-G2-7B outperforms state-of-the-
art models, achieving up to 24.7% improvement over UI-
TARS-72B on high-resolution professional interfaces with
90% fewer parameters.
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