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Abstract

Visual grounding in graphical user interface
(GUI) requires accurate localization of UI ele-
ments from natural language instructions. Con-
ventional coordinate generation approaches
face inherent limitations, including sensitiv-
ity to resolution variations and lack of inter-
pretability. Recently, coordinate-free attention-
based methods have emerged as a promising
alternative, but these methods primarily rely
on spatial location signals from ground-truth
bounding boxes to supervise attention, with
limited mechanisms to explicitly verify that
the learned attention distributions reflect gen-
uine semantic correspondence between the in-
struction and the attended visual regions. We
propose Attention Cycle-Consistency (ACC), a
self-supervised regularization framework that
enforces bidirectional alignment between vi-
sual attention and instruction semantics. ACC
introduces two complementary constraints: se-
mantic consistency, which ensures attended vi-
sual regions contain sufficient information to
reconstruct the original instruction, and spatial
consistency, which requires attention distribu-
tions to remain invariant when cycled through
instruction reconstruction. We further incorpo-
rate entropy regularization to encourage spa-
tially concentrated attention. ACC is applica-
ble as a lightweight, model-agnostic regularizer
for attention-based coordinate-free grounding
methods, adding zero computational overhead
at inference as all auxiliary components are
discarded after training.

1 Introduction

Graphical user interfaces (GUIs) are the primary ab-
straction through which users operate modern soft-
ware. Building agents that follow natural-language
instructions and act directly on pixels offers a uni-
fied interface across heterogeneous platforms, with-
out requiring structured representations such as
DOM trees or accessibility graphs that can be in-
complete or unavailable (Xie et al., 2024; Cheng

et al., 2024). Recent evaluations suggest that over-
all agent success is frequently constrained by fail-
ures at the perception-to-action boundary, where
models must identify the correct on-screen tar-
get (Xie et al., 2024). This bottleneck is natu-
rally formalized as GUI visual grounding: given
a screenshot and an instruction, predict the action-
able UI element.

A prevalent modeling choice casts GUI ground-
ing as coordinate generation, where models directly
produce a click point or bounding box (Cheng et al.,
2024; Gou et al., 2024; Wu et al., 2024). While co-
ordinates provide a convenient execution interface,
this formulation has structural limitations: per-
formance degrades on high-resolution screenshots
where targets are small and densely surrounded by
distractors (Li et al., 2025), supervision is ambigu-
ous since multiple points within an element are
valid, and coordinate outputs offer limited diagnos-
tic value when failures occur (Wu et al., 2025).

These weaknesses have motivated coordinate-
free, attention-based formulations that predict dis-
tributions over visual patch tokens (Wu et al., 2025;
Zhou et al., 2025). However, attention visualiza-
tion alone does not guarantee semantic grounding.
When attention is primarily trained with spatial tar-
gets, the resulting distributions may still reflect spu-
rious correlations rather than genuine instruction-
element correspondence. This concern aligns with
findings that attention weights can be weakly cou-
pled to model decisions (Jain and Wallace, 2019;
Wiegreffe and Pinter, 2019). For GUI grounding,
spurious attention is particularly damaging: inter-
faces vary widely across applications and platforms,
so shortcut alignment to superficial cues is unlikely
to transfer to unseen software or professional con-
texts.

We propose Attention Cycle-Consistency (ACC),
a lightweight regularization framework that directly
validates whether attention patterns encode the
intended semantics. The core insight is that se-
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mantically grounded attention should be recover-
able: if attention truly captures instruction intent,
attended regions should contain sufficient infor-
mation to reconstruct the original instruction, and
re-attending with the reconstruction should yield
the same spatial distribution. ACC operationalizes
this through two complementary losses. Seman-
tic consistency requires attended visual content to
reconstruct the instruction, enforcing that atten-
tion selects information-dense regions rather than
spuriously correlated patches. Spatial consistency
closes the loop: the reconstructed instruction must
re-induce the original attention distribution, with
deviations providing fine-grained self-supervision.
We further incorporate entropy regularization to
encourage spatially concentrated attention.

ACC is model-agnostic, requires no annotations
beyond existing training data, and integrates with
coordinate-free attention heads as a regularizer.
Crucially, all auxiliary components are discarded
after training, adding zero computational overhead
at inference. We validate ACC on three bench-
marks including ScreenSpot-Pro, which specifi-
cally tests grounding in high-resolution profes-
sional interfaces where existing methods show sig-
nificant degradation.

In summary, this work makes the following con-
tributions:

• We introduce ACC, a self-supervised atten-
tion regularizer that enforces semantic and
spatial cycle-consistency for GUI grounding,
providing a principled mechanism to validate
instruction-element correspondence without
additional annotations.

• We design ACC as a plug-and-play regular-
izer applicable to coordinate-free grounding
architectures, with zero inference overhead
since all auxiliary components are discarded
after training.

• We conduct extensive experiments on three
GUI grounding benchmarks, demonstrating
that ACC consistently improves existing
methods across diverse settings, with notable
gains on challenging high-resolution profes-
sional interfaces.

2 Related Work

2.1 GUI Grounding
GUI grounding has recently emerged as a core
bottleneck for computer-use agents operating di-

rectly on pixels (Xie et al., 2024). A dominant
paradigm formulates grounding as coordinate re-
gression, where models directly predict click points
or bounding boxes in continuous screen space,
such as SeeClick, UGround, OS-Atlas, and Aria-
UI (Cheng et al., 2024; Gou et al., 2024; Wu et al.,
2024; Yang et al., 2025). While practical for exe-
cution, coordinate-based methods suffer from reso-
lution sensitivity, supervision ambiguity (multiple
valid click points within a region), and limited in-
terpretability when failures occur (Wu et al., 2025;
Li et al., 2025).

More recently, coordinate-free approaches pre-
dict attention distributions over visual patch tokens
instead of explicit coordinates. Methods such as
GUI-Actor and GUI-AIMA align instruction se-
mantics with visual tokens through attention-based
matching, producing interpretable heatmaps and
improved robustness across resolutions and lay-
outs (Wu et al., 2025; Zhou et al., 2025). In partic-
ular, GUI-AIMA aligns intrinsic multimodal atten-
tion with patch-level grounding signals through a
context anchor, moving beyond purely spatial su-
pervision (Zhou et al., 2025). A complementary
direction explores adaptive exploration policies
that encourage semantic alignment during ground-
ing (Liu et al., 2026). Additionally, intrinsic atten-
tion extraction from pretrained multimodal large
language models has demonstrated that attention
maps can serve as grounding signals without ex-
plicit coordinate regression (Xu et al., 2025). In
concurrent work, attention-based GUI grounding
has been enhanced through multimodal fusion with
OCR-derived textual cues and icon-level caption
semantics (Ma et al., 2026).

Despite these advances, existing coordinate-free
methods primarily rely on spatial location signals
from ground-truth bounding boxes when super-
vising attention, and they do not provide an ex-
plicit mechanism to verify that the learned atten-
tion reflects genuine semantic correspondence be-
tween instructions and visual regions. This be-
comes particularly challenging in high-resolution
professional environments where existing ground-
ing models show significant performance degrada-
tion (Xie et al., 2024; Li et al., 2025). Our work
complements these directions by regularizing atten-
tion recoverability via cycle-consistency, providing
a closed-loop verification signal that is orthogonal
to richer alignment cues.
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2.2 Attention Faithfulness and
Reconstruction-Based Alignment

The interpretability and faithfulness of attention
mechanisms have been widely debated. Jain and
Wallace (Jain and Wallace, 2019) and Serrano and
Smith (Serrano and Smith, 2019) show that atten-
tion weights can be weakly correlated with fea-
ture importance and can sometimes be altered with
limited impact on predictions. Wiegreffe and Pin-
ter (Wiegreffe and Pinter, 2019) further argue that
attention faithfulness depends on evaluation de-
sign, while evidence from vision-language tasks
demonstrates divergence between model attention
and human reasoning (Das et al., 2017). These
findings suggest that attention distributions alone
do not guarantee semantic grounding.

Reconstruction-based grounding offers a princi-
pled mechanism for enforcing meaningful visual-
text alignment. GroundeR (Rohrbach et al., 2016)
learns phrase localization by requiring attended
image regions to reconstruct textual phrases, effec-
tively turning grounding into an information bottle-
neck. Similar reconstruction objectives have been
used in grounded captioning and multimodal align-
ment (Ma et al., 2020; Wang et al., 2024). While
effective, these approaches typically supervise lo-
calization indirectly and do not explicitly enforce
stability or recoverability of attention distributions.

ACC extends this line of work by not only requir-
ing attended regions to reconstruct the instruction
(semantic consistency), but also enforcing that the
reconstructed instruction re-induces the same spa-
tial attention pattern (spatial consistency), directly
validating attention recoverability.

2.3 Cycle-Consistency for Self-Supervised
Alignment

Cycle-consistency has emerged as a general princi-
ple for learning meaningful correspondences with-
out additional supervision. In image translation,
CycleGAN enforces reconstruction after round-trip
domain mapping to discourage degenerate solu-
tions (Zhu et al., 2017). In vision-language tasks,
cycle constraints have been applied to robust visual
question answering (Shah et al., 2019), grounded
captioning (Ma et al., 2020), and mutual consis-
tency between captioning and grounding (Wang
et al., 2024).

These methods share the intuition that valid cor-
respondences should be recoverable under a closed
loop transformation. Unlike prior cycle-based ap-

proaches that operate at the level of images, cap-
tions, or answers, ACC applies cycle-consistency
directly to spatial attention distributions in GUI
grounding. By enforcing round-trip agreement be-
tween instruction semantics and attention maps,
ACC regularizes the internal alignment mechanism
itself rather than only its outputs, providing fine-
grained supervision without requiring additional
annotations.

3 Method

In this section, we describe our Attention Cycle-
Consistency (ACC) framework. Given an existing
GUI grounding model as the base, ACC introduces
two additional components: (1) an instruction re-
construction decoder, and (2) cycle-consistency
and attention regularization losses. These com-
ponents regularize the base model’s attention to
be semantically grounded without modifying its
architecture. We denote the input screenshot as
I and the natural language instruction as T =
{t1, t2, · · · , tL} where ti is the i-th token and L
is the sequence length. The overall architecture of
the proposed ACC is shown in Figure 1.

3.1 Preliminaries: Base GUI Grounding
Model

ACC is designed as a model-agnostic regularizer
that can be integrated into attention-based GUI
grounding architectures. We first briefly describe
how these methods produce attention distributions,
which ACC leverages for cycle-consistency regu-
larization.

Given a screenshot I and instruction T , attention-
based GUI grounding models such as GUI-
Actor (Wu et al., 2025) and GUI-AIMA (Zhou
et al., 2025) produce an attention distribution A ∈
RH×W over the visual patch grid, where H and
W denote the height and width of the patch grid,
respectively. This attention is computed through a
dedicated action head:

A = softmax
(
z⊤Z√

d

)
(1)

where z ∈ Rd is the contextual anchor embed-
ding that encodes the instruction semantics, and
Z ∈ Rd×HW are the projected visual patch fea-
tures. ACC operates on this attention distribution
A to enforce semantic grounding.
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Figure 1: Overview of Attention Cycle-Consistency (ACC) framework. The baseline model (gray box) takes a
screenshot and input instruction, processes them through a Vision Encoder and LM Backbone, and produces image
patch attention A for GUI grounding. ACC introduces three regularization losses during training: (1) Semantic
Consistency Loss ensures that attended visual patches contain sufficient information to reconstruct the original
instruction via a reconstruction decoder; (2) Spatial Consistency Loss enforces that the backward attention Â,
computed from the reconstructed instruction, aligns with the forward attention A; (3) Entropy Loss encourages
the attention distribution to sharpen, promoting more concentrated focus on the target element. Blue and green
boxes denote visual and text tokens, respectively, with darker shades indicating higher attention weights. The
reconstruction decoder and associated losses are used only during training and discarded at inference, resulting in
zero computational overhead.

3.2 Instruction Reconstruction Decoder
The core component of ACC is the instruction re-
construction decoder D, which reconstructs the
original instruction from attended visual regions.
This decoder validates whether the attention dis-
tribution genuinely captures semantic information
from the instruction.

Attended Feature Extraction Given the atten-
tion distribution A and visual patch features V =
{v1, v2, · · · , vHW }, we first compute the attended
visual representation as a weighted sum:

ṽ =

HW∑

i=1

ai · vi (2)

where ai is the attention weight for the i-th patch.
We then apply a region encoding function f(·) to
obtain the final context feature:

vctx = f(ṽ) (3)

where f(·) is implemented as a multi-layer percep-
tron (MLP) that projects the attended representa-
tion into a suitable feature space for instruction
reconstruction.

Decoder Architecture The instruction recon-
struction decoder is a lightweight transformer de-
coder that generates the instruction sequence in an

autoregressive manner. Starting from vctx as the
initial context, the decoder reconstructs the instruc-
tion:

P (T |A, V ) =
L∏

l=1

P (tl|t<l, vctx) (4)

The decoder is designed to be lightweight to mini-
mize additional parameters while maintaining suf-
ficient capacity for instruction reconstruction.

3.3 Attention Cycle-Consistency Losses
ACC enforces bidirectional alignment through two
complementary losses: semantic consistency loss
and spatial consistency loss.

Semantic Consistency Loss The semantic con-
sistency loss ensures that attended visual regions
contain sufficient information to reconstruct the
original instruction. We minimize the negative log-
likelihood of the ground-truth instruction given the
attended features:

Lsem = − 1

L

L∑

l=1

logP (tl|t<l, vctx) (5)

This loss directly measures whether the attention
captures semantically meaningful regions. If the
model attends to the correct regions, the decoder
will successfully reconstruct the original instruc-
tion.
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Spatial Consistency Loss The spatial consis-
tency loss enforces that re-attending using the re-
constructed instruction yields the same attention
distribution. Given the reconstructed instruction
T̂ = D(A, V ), we compute the backward attention
by calculating the attention between the anchor
embedding of T̂ and the visual patch features:

Â = softmax
(
ẑ⊤Z√

d

)
(6)

where ẑ is the anchor embedding derived from the
reconstructed instruction T̂ . The spatial consis-
tency loss is defined as the symmetric KL diver-
gence between the original and backward attention
distributions:

Lspa =
1

2

(
KL(A∥Â) + KL(Â∥A)

)
(7)

This loss ensures that the attention is recoverable
through the reconstruction cycle.

3.4 Attention Entropy Regularization
While the cycle-consistency losses ensure that the
attention is semantically correct, they do not explic-
itly encourage spatial precision. GUI screenshots
often contain visually similar or repeated elements
(e.g., multiple buttons with similar appearance),
and the reconstruction decoder may successfully
reconstruct the instruction from a diffuse attention
distributed across these redundant regions. In such
cases, the cycle is satisfied but the model has not
localized the specific target element.

To address this, we introduce an entropy regular-
ization loss that encourages the attention distribu-
tion to maintain a controlled level of concentration.
We define the entropy of the attention distribution
as:

H(A) = −
HW∑

i=1

ai log ai (8)

Rather than directly minimizing entropy, which
could collapse the attention to a single patch and
fail to cover the full spatial extent of the target
element, we regularize the entropy toward a target
value τ :

Lent = |H(A)− τ | (9)

This formulation prevents two failure modes:
overly diffuse attention that spreads across irrel-
evant regions when H(A) > τ , and overly con-
centrated attention that collapses to a single patch
without covering the full spatial extent of the target
element when H(A) < τ .

Total Training Objective. The complete training
objective combines the base grounding loss with
the cycle-consistency and entropy regularization
losses:

L = Lground+λsemLsem+λspaLspa+λentLent (10)

where Lground is the original grounding loss, and
λsem, λspa, λent are balancing hyperparameters.

3.5 Training Strategy

Two-Stage Training. We adopt a two-stage train-
ing strategy to stabilize the learning process. In the
first stage, we train the base grounding model with
only Lground to obtain initial attention patterns. In
the second stage, we introduce the ACC losses and
jointly fine-tune the entire model. This prevents
the reconstruction decoder from receiving random
attention signals in the early training phase.

Gradient Stopping for Spatial Consistency.
When computing Lspa, we stop gradients through
the instruction reconstruction process to prevent the
model from trivially satisfying spatial consistency
by making the decoder output constant tokens. This
ensures that spatial consistency is achieved through
improving attention quality rather than degrading
reconstruction quality.

Inference. At inference time, the instruction re-
construction decoder is discarded, and only the
base grounding model is used. This means ACC
adds zero computational overhead during inference
while providing regularization benefits during train-
ing.

4 Experiments

In this section, we evaluate the effectiveness of our
proposed framework, ACC, on three representative
GUI grounding benchmarks. We first describe the
experimental setup including datasets, baselines,
and implementation details, then present compar-
isons with strong coordinate-free baselines. Finally,
we conduct ablation studies to analyze the contri-
bution of each proposed regularization loss.

4.1 Experimental Setup

Baselines. We compare against two strong
coordinate-free grounding frameworks:

• GUI-Actor: A coordinate-free grounding
model that performs visual token alignment
without explicit coordinate regression.
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• GUI-AIMA: A context-anchored multimodal
alignment model leveraging intrinsic multi-
modal attention mechanisms.

Importantly, our method does not modify the archi-
tecture of either baseline. Instead, we introduce ad-
ditional training-time regularization losses. During
inference, the architecture, parameter count, and
computational cost remain identical to the original
baselines.

Implementation Details. We train our models
using the same data recipe as GUI-AIMA from
publicly available GUI datasets. Hyperparameters
follow the official baseline settings unless other-
wise specified. For the instruction reconstruction
decoder, we use GPT-2 medium (355M parame-
ters), which consists of 24 transformer layers with
1024 hidden dimensions and 16 attention heads.
We set λsem = 0.3, λspa = 0.3, and λent = 0.3,
with loss weights linearly warmed up from 0 to
their target values between steps 500 and 1500.
For the entropy regularization, we set the target
entropy τ = 0.5. For all experiments, we adopt
the two-step inference with zoom-in strategy from
GUI-AIMA (Zhou et al., 2025), where the model
first predicts an approximate location on the full
screenshot, then refines the prediction on a cropped
and zoomed-in region centered at the initial predic-
tion.

Evaluation Benchmarks. We evaluate on three
well-established benchmarks:

• ScreenSpot-v2: A corrected version of
ScreenSpot with fixed annotation errors and
disambiguated instructions, containing sam-
ples across mobile, desktop, and web plat-
forms.

• ScreenSpot-Pro: A benchmark for GUI
grounding in professional high-resolution en-
vironments, featuring 1,581 expert-annotated
tasks across 23 professional applications
where target elements are significantly
smaller, and interfaces are more visually com-
plex than in general-use settings.

• OSWorld-G: A comprehensive benchmark
comprising 564 finely annotated samples
across diverse task types including text match-
ing, element recognition, layout understand-
ing, and fine-grained manipulation.

Table 1: Performance comparison on ScreenSpot-v2
and ScreenSpot-Pro benchmarks.

Model ScreenSpot-v2 ScreenSpot-Pro

Text Icon Avg Text Icon Avg

GUI-Actor 2B 94.15 75.99 86.24 56.60 25.17 44.59
GUI-Actor 2B + ACC 93.31 78.16 86.71 57.32 24.50 44.78

GUI-Actor 3B 95.40 80.69 88.99 60.70 27.48 48.01
GUI-Actor 3B + ACC 93.73 80.87 88.13 62.95 31.62 50.98

GUI-AIMA 2B 95.26 80.87 88.99 58.75 28.64 47.25
GUI-AIMA 2B + ACC 95.54 80.69 89.07 59.47 30.63 48.45

GUI-AIMA 3B 95.68 83.57 90.41 66.02 37.58 55.15
GUI-AIMA 3B + ACC 96.10 85.20 91.35 69.40 37.09 57.05

Table 2: Performance comparison on the OSWorld-G
benchmark.

Model OSWorld-G

Text Match Elem. Recog. Layout Und. Fine-grain Manip. All

GUI-Actor 2B 62.07 55.15 60.08 40.79 52.48
GUI-Actor 2B + ACC 63.98 58.18 62.85 40.13 54.43

GUI-Actor 3B 68.20 63.94 66.40 42.11 58.87
GUI-Actor 3B + ACC 66.67 66.36 70.36 42.11 60.64

GUI-AIMA 2B 63.22 59.39 63.24 41.45 55.50
GUI-AIMA 2B + ACC 64.75 60.91 65.61 38.82 55.85

GUI-AIMA 3B 69.35 65.76 70.36 46.71 60.99
GUI-AIMA 3B + ACC 69.73 65.76 67.98 47.37 61.52

We use Element Accuracy as the evaluation met-
ric, which measures the proportion of predictions
where the predicted point falls within the ground-
truth bounding box.

4.2 Experimental Results

Tables 1 and 2 present the performance of ACC
applied to both GUI-Actor and GUI-AIMA across
two model scales (2B and 3B).

ScreenSpot-v2 and ScreenSpot-Pro. On
ScreenSpot-v2, ACC yields consistent improve-
ments for GUI-AIMA at both scales, with
GUI-AIMA 3B + ACC achieving the highest
overall accuracy of 91.35%. For GUI-Actor,
ACC improves Icon accuracy but shows a slight
trade-off on Text accuracy, resulting in mixed
average performance. The improvements become
more pronounced on ScreenSpot-Pro, which
features high-resolution professional screenshots
where target elements are significantly smaller
relative to the full screen and embedded within
visually complex interfaces. Notably, GUI-Actor
3B + ACC achieves a 2.97% absolute gain over the
baseline (50.98% vs. 48.01%), and GUI-AIMA 3B
+ ACC improves by 1.90% (57.05% vs. 55.15%).
These larger gains on the more challenging
benchmark suggest that the cycle-consistency and
entropy regularization are particularly effective
when the model must localize small target elements
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Table 3: Attention analysis on ScreenSpot-Pro. In-box Mass: fraction of attention inside the GT box (↑). Global
Entropy: entropy of the full attention distribution (↓). Density Ratio: average attention per patch inside vs. outside
the GT box (↑).

In-box Mass (↑) Global Entropy (↓) Density Ratio (↑)

Model Text Icon Avg Text Icon Avg Text Icon Avg

Baseline 0.171 0.058 0.128 4.153 4.333 4.222 396.8 330.2 371.3
+ ACC 0.228 0.083 0.173 3.403 3.546 3.457 823.0 585.1 732.1

Table 4: Ablation study on ScreenSpot-Pro. Starting
from the full ACC framework applied to GUI-Actor 3B,
we progressively remove loss components.

Model ScreenSpot-Pro

Text Icon Avg

GUI-Actor 3B + ACC 62.95 31.62 50.98
− Lent 63.56 29.64 50.60
− Lent − Lspa 62.74 29.80 50.16

within cluttered, high-resolution interfaces.

OSWorld-G. On OSWorld-G, ACC improves
the overall accuracy across all four configurations.
GUI-Actor 3B + ACC achieves the largest gain
of 1.77% (60.64% vs. 58.87%), with notable im-
provements in Element Recognition (+2.42%) and
Layout Understanding (+3.96%). GUI-AIMA 3B
+ ACC shows a modest overall gain of 0.53%,
with improvements concentrated in Text Match and
Fine-grained Manipulation. The consistent over-
all gains across diverse task types suggest that the
improved attention quality from ACC benefits a
range of grounding capabilities, from recognizing
specific elements to understanding spatial layouts.

4.3 Ablation Study

To understand the contribution of each proposed
loss, we conduct an ablation study by progres-
sively removing components from the full ACC
framework applied to GUI-Actor 3B, evaluated on
ScreenSpot-Pro. We compare three configurations:
(1) full ACC with all three losses, (2) without en-
tropy loss, and (3) without both entropy and spatial
consistency losses. Results are shown in Table 4.
Removing the entropy loss leads to a notable drop
in Icon accuracy by −1.98%, resulting in a lower
average despite a slight increase in Text accuracy.
This suggests that entropy regularization is partic-
ularly important for localizing small, non-textual
elements where attention concentration is critical.
Further removing the spatial consistency loss de-

grades both Text and overall accuracy, confirm-
ing that the forward-backward cycle provides com-
plementary regularization beyond what the recon-
struction objective alone achieves. The progressive
degradation in average accuracy across all three
configurations validates that each loss component
contributes meaningfully to the overall framework.

4.4 Attention Analysis

To understand how ACC regularization reshapes
the model’s attention, we compare the attention dis-
tributions of the baseline and ACC-trained models
using three complementary metrics computed over
the ScreenSpot-Pro evaluation set. In-box Atten-
tion Mass measures the fraction of total attention
that falls within the ground-truth bounding box, re-
flecting whether the model attends to the correct
region. Global Entropy measures the entropy of the
full attention distribution, where lower values indi-
cate sharper, more concentrated attention. In-box
Density Ratio is defined as the average attention
per patch inside the ground-truth box divided by
the average per patch outside, capturing how selec-
tively the model focuses on the target relative to
the background. Results are reported in Table 3.

Across all three metrics, the ACC model shows
consistent improvement over the baseline. In-box
attention mass increases from 0.128 to 0.173 on av-
erage, indicating that a larger share of the model’s
attention is directed toward the target element.
Global entropy decreases from 4.222 to 3.457, con-
firming that ACC produces sharper, more concen-
trated attention distributions. The in-box density
ratio nearly doubles from 371 to 732, meaning that
each patch inside the ground-truth box receives
roughly twice the average attention compared to
the baseline, relative to background patches.

These results demonstrate that ACC regulariza-
tion produces attention that is simultaneously more
accurate (higher in-box mass), more focused (lower
entropy), and more discriminative (higher density
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ratio), confirming that the cycle-consistency and
entropy losses address complementary aspects of
attention quality.

5 Conclusion

In this paper, we presented Attention Cycle-
Consistency (ACC), a self-supervised regulariza-
tion framework for GUI visual grounding that en-
forces bidirectional alignment between visual atten-
tion and instruction semantics. ACC introduces two
complementary cycle-consistency constraints: se-
mantic consistency, which ensures attended regions
contain sufficient information to reconstruct the
original instruction, and spatial consistency, which
requires attention distributions to remain invariant
through the reconstruction cycle. We further incor-
porate entropy regularization to encourage spatially
concentrated attention on target elements. Our ap-
proach is model-agnostic and integrates seamlessly
with existing coordinate-free grounding methods
without modifying their architecture. Experiments
on three benchmarks demonstrate that ACC con-
sistently improves baseline methods across diverse
GUI environments. Since ACC components are
discarded at inference time, our method achieves
these gains with zero computational overhead dur-
ing deployment. Extending ACC to coordinate-
generation architectures is a promising direction
for future work: attention mechanisms also serve
as intermediate representations in these models,
and investigating whether cycle-consistency regu-
larization yields comparable benefits in that setting
remains an open empirical question that we leave
to subsequent study.
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