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Abstract

Grounding is a fundamental capability for
building graphical user interface (GUI) agents.
Although existing approaches rely on large-
scale bounding box supervision, they still face
various challenges, such as cross-platform gen-
eralization, complex layout analysis, and fine-
grained element localization. In this paper,
we investigate zoom as a strong yet underex-
plored prior for GUI grounding, and propose a
training-free method, ZoomClick. By charac-
terizing four key properties of zoom (i.e., pre-
zoom, depth, shrink size, minimal crop size),
we unlock its full capabilities for dynamic
spatial focusing and adaptive context switch-
ing. Experiments demonstrate that our method
significantly boosts the performance of both
general vision—language and specialized GUI
grounding models, achieving state-of-the-art
results on several mainstream benchmarks, e.g.,
UI-Venus-72B attains a 73.1% success rate on
ScreenSpot-Pro. Besides, our method achieves
a better trade-off between performance, com-
putation, and cost, enabling smaller baselines
to outperform much larger ones while reduc-
ing GFLOPs and tokens cost. Furthermore,
we present GUIZOOM-BENCH, a benchmark
for evaluating model’s adaptability to zoom,
aiming to inspire future research on improving
zoom for further training and test-time scaling
in GUI grounding tasks.

1 Introduction

As digital platforms (e.g., desktops, webpages,
and applications) increasingly serve as the primary
medium for human-computer interaction (HCI),
there has been growing interest in developing GUI
agents (Liu et al., 2025; Lu et al., 2024; OpenAl
et al., 2024b; Xie et al., 2025), which understands
user instructions, perceives screenshots, plans op-
eration steps, and performs interactive actions. A
fundamental capability of GUI agent perception is
grounding (Cheng et al., 2024; Li et al., 2025a; Wu

et al., 2024), mapping the textual descriptions of a
target visual element to its on-screen coordinates,
thereby generating bounding boxes for localization.

Existing approaches mainly leverage general
multimodal large language models (MLLMs) (Bai
et al., 2025; Wang et al., 2024; Yang et al., 2025a)
or visual grounding models to finetune specialized
GUI grounding models (Gu et al., 2025; Qin et al.,
2025), and further introduce several post-training
(Zhao et al., 2025) or test-time scaling (Luo et al.,
2025; Xu et al., 2024) strategies to enhance their
performance(Ye et al., 2025). Among these strate-
gies, zoom (Nguyen, 2025) is intuitively appeal-
ing, since grounding requires not only understand-
ing the global context(Nayak et al., 2025) but also
distinguishing fine-grained local regions(Li et al.,
2025a), and zoom enables the model to dynami-
cally switch between them.

However, the implementation of zoom in exist-
ing studies remains limited. For example, they
either broadly aggregate predictions from a single
zoom applied to multiple ROIs (Luo et al., 2025;
Wau et al., 2025a), or recursively zoom into a spe-
cific region without an effective stopping criterion,
which may result in missed small icons or pro-
duce excessively high-resolution crops that are out-
of-distribution (OOD). Although certain studies
optimize zoom via training, such as introducing
IoU-aware losses to refine zoom ranges(Park et al.,
2025) or maintaining global-local consistency via
zoom(Lee et al., 2025), these approaches are still
auxiliary techniques, as the intrinsic test-time scal-
ing(Kaya et al., 2025; Byun et al., 2025) potential
of zoom itself is largely underexplored.

In this paper, we explore several highly practical
insights by conducting a comprehensive empirical
analysis of zoom.

Insight 1: Zoom is simple yet effective, its full
capability better activates the vision—language and
grounding priors of foundation models. We pro-
pose ZoomClick, a training-free method that in-
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Figure 1: Left: Performance of existing GUI grounding methods on the ScreenSpot-Pro(Li et al., 2025a) benchmark,
where GTA1-32B(Yang et al., 2025b) serves as the previous state-of-the-art method. Right: Accuracy-efficiency

trade-offs w/o ZOOMCLICK across model scales.

tegrates four critical properties of zoom (i.e., pre-
zoom, depth, shrink size, and minimal crop size).
Specifically, ZoomClick undergoes a three-stage
pipeline.

When to zoom in. ZoomClick begins with a
Pre-Zoom that compares a global prediction with
four local predictions over a predefined grid. A
local candidate becomes the starting point when
its distance to the global candidate falls below a
threshold, ensuring early correction with full con-
text still available and steering the model toward
regions that receive high confidence both globally
and locally.

How to zoom. Each iteration crops a region
of the specified shrink size directly in the original
coordinate system, preventing iterative drift from
relative cropping and avoiding boundary overflow
that introduces irrelevant context.

When to click out. Termination occurs when
no target is detected, the zoom depth is reached, or
the crop hits the minimal size, enabling resolution-
adaptive stopping and preventing over-zooming
into unrecognizable context.

On multiple mainstream benchmarks, Zoom-
Click enables state-of-the-art (SOTA) models to
achieve substantial breakthroughs, and even allows
smaller models to surpass their previously larger
counterparts.

Insight 2: Zoom is far from saturated, but
current benchmarks are unable to expose its es-
sential shortcomings. We present GUIZOOM-
BENCH, which collects evaluation data based on

two principles—the zoom depth UI-Venus-72B first
hit the target and whether a prediction maintains
after subsequent zooming. We samples into five
types: easy-normal, hard-normal, easy-mislead,
hard-mislead and hard-est. Our results further re-
veals the unresolved headroom of zoom in com-
plex layouts, fine-grained elements, and resolution-
mismatch scenarios, offering interpretable stan-
dards to design more robust and generalizable
zoom methods.

Overall, our contributions can be summarized as
follows:

* A training-free GUI grounding method that
integrates four important capabilities of zoom
(i.e., pre-zoom, depth, shrink size, and mini-
mal crop size) within a three-stage pipeline.

* A benchmark for evaluating the zoom capa-
bilities of different GUI grounding models,
delivering a more specific and interpretable
quantitative basis for future zoom improve-
ments.

* Experiments demonstrate that ZoomClick en-
ables existing models to achieve state-of-the-
art performance in GUI grounding tasks, with
smaller models attaning results comparable
to those of larger models, e.g., UI-Venus-72B
attains a 73.1% success rate on ScreenSpot-
Pro and UI-Venus-7B with ZoomClick outper-
forms orignal UI-Venus 72B by 2.2%.



2 Related Works
2.1 GUI Agents

GUI agent autonomously selects actions to accom-
plish user-specified tasks (Chen et al., 2024; Ding
et al., 2023; Yin et al., 2024; Zhou et al., 2024)
by perceiving the interactive interface. Early ap-
proaches rely on structured text extracted from
GUI environments, such as HTML (Ding et al.,
2023; Lu et al., 2024; Zhou et al., 2024) or ac-
cessibility trees, and utilize large language mod-
els (LLMs) to process them(Liu et al., 2023).
To better understand visual rendering and layout
variability, recent approaches have shifted toward
MLLMs(Guo et al., 2025) to directly operate on
screenshots.  Specifically, modular approaches
adopts vision—language models (VLMs) as high-
level semantic planners(Luo et al., 2025; Wu et al.,
2025a; Yang et al., 2025b), complemented by spe-
cialized grounding models. In contrast, end-to-
end approaches jointly train planning and local-
ization capabilities within a unified framework.
Post-training methods are further introduced to en-
hance reasoning and adaptability, e.g. reinforce-
ment learning (RL) (Tang et al., 2025; Zhou et al.,
2025b).

2.2 GUI Grounding

GUI grounding maps natural language instructions
to on-screen visual elements(Wu et al., 2025b),
serving as a prerequisite for the planning and ac-
tion of GUI agents. Existing approaches typi-
cally formulate the task as coordinate prediction
and finetune VLMs (Gu et al., 2025; Lee et al.,
2025; Qin et al., 2025; Park et al., 2025) or gen-
eral grounding models to leverage their perceptual
priors. This paradigm has led to the development
of specialized GUI grounding models(Zhou et al.,
2025a), large-scale screenshot—text—position paired
datasets(Cheng et al., 2024; Li et al., 2025a; Xie
et al., 2024) and corresponding collection/synthesis
pipelines, as well as standardized evaluation bench-
marks. Notably, zoom has demonstrated strong
effectiveness in many visual grounding tasks(Shen
et al., 2025; Wu and Xie, 2023), and recent works
have attempted to introduce this mechanism into
above models. R-VLM(Park et al., 2025) lever-
ages a two-step coarse-to-fine zoom in, followed
by an loU-aware weighted loss to ensure high IoU
grounding. DiMo-GUI(Wu et al., 2025a) decouples
layouts into texts and icons, maintaining a search
path for each modality, and select between the two

candidates based on model judgement. ReGUIDE
(Lee et al., 2025) adopts a statistics-driven strategy,
using Kernel Density Estimation to determine the
optimal crop region for robust majority voting at
test time. Other methods such as GUI-Cursor(Zhao
et al., 2025) and RegionFocus(Luo et al., 2025)
maintain a single search path with history actions,
and relies on the model to determine the next ac-
tion. These methods leverage zoom either as an
auxiliary tool for training or as a simple rule-based
heuristic at inference time. As a result, its full
potential remains underdeveloped, and a notable
performance gap persists between these practices
and what zoom can really achieve. Our work close
this gap through a comprehensive analysis of zoom
behaviors, revealing the principles required to fully
unlock its capability.

3 Zoom in, Click out : A Practical
Paradigm for Unlocking the Potential of
Zoom-in Grounding

We introduce ZOOMCLICK, a training-free test-
time search strategy. ZOOMCLICKuses a fixed
shrink ratio together with a minimum crop size and
simple boundary handling, which preserves con-
text and stabilizes narrowing without per-model
parameter adjustment. This design works consis-
tently across different grounding models and leads
to more reliable multi-step localization.

3.1 Problem Setup

Given a high-resolution GUI image I € RH*Wx3
and a language query ¢, a grounding model G out-
puts a normalized point p = (Z,¢) € [0, 1] with
respect to its input view. We maintain a viewport
V = (v3,v,v3,v7) € [0,1]* that specifies a re-
gion of I in normalized coordinates. The predicted
point in the original image coordinates is

pr = (vg + (Wi—0a)a, vy + (v—,)9), (1)
and the corresponding pixel location is
ppx = (round(W - pf), round(H - p¥)). (2)

We start with the full-image viewport Vy =
(0,0,1,1) and iteratively update the viewport dur-
ing zooming; all updates operate on the same map-
ping above.

3.2 ZoomClick

3.21

According to our studies in Fig 3b, great first-step
accuracy leads to massive performance boost in

When to Zoom in



Method

| Training-Free | Pre-Zoom (Sec.3.2.1) | Multi-Step Zoom (Sec. 3.2.2) | Plain Input | Plain Output | Adaptive Context Retention (Sec. 3.2.2)

GUI-SPOTLIGHT (Lei et al., X X
2025)

GUI-Cursor(Zhao et al., X X
2025)

R-VLM v X
ReGUIDE(Lee et al., 2025) X X
DiMo-GUI(Wu et al., 2025a) v X
GMS(Li et al., 2025b) v X
RegionFocus(Luo et al., v X
2025)

Ours (ZoomClick) v v

v

N N N N

X X X

>
>
>

N %X %X NN N
N % % NN %
N %X %X % % %

Table 1: Feature comparison of recent GUI grounding works. Plain Input denotes that no additional visual
context beyond the raw screenshot is provided; Plain Output denotes that no VLM-as-judge or external reranking
module is used. * in the second column means that R-VLM can be deployed without training at inference time. * in
the third column means that ReGUIDE take global-local consistency into consideration, but different from prezoom.

latter steps. Therefore, we introduce Pre-Zoom, a
single-shot agreement test between the full image
and K non-overlapping patches in the first iteration,
as an effective way to ensure a reliable start. Let

P =G(I,q), p®=ga® ),

denote the predictions on the full image and the
k-th patch, respectively, each mapped back to the
original image coordinates. We compute pixel-
space distances

dy, = ||lp%* — p® |z, k* = arg mkin djs,
and use a threshold 7 (in pixels) to select the initial
point:

oD = p*,dye <,
pdr otherwise.

Intuitively, if any tile closely agrees with the global
prediction, it provides a cleaner local context for
initiating zoom; otherwise, we retain the global
view to avoid premature narrowing.

3.2.2 How to Zoom in

Instead of a one-shot crop, ZOOMCLICK progres-
sively navigates and refines the viewport around
each prediction. This gradual shrinking enables the
model to iteratively correct localization errors and
converge to the precise target.

At each iteration £, ZOOMCLICK updates a local-
ized view by shrinking the current viewport around
the predicted point. Given viewport size (W, Hy)
and prediction p®, we compute a new crop size:

(W, H) = (max([pWe],m), max(|pH],m)),

where p € (0, 1) is a fixed shrink ratio and m is a
minimum crop size that preserves essential context.
When to Click out The minimum crop size m
acts as a lower bound that prevents the view from

collapsing into an overly tight and noisy region.
Formally, the effective zoom level at iteration ¢
satisfies:

min(Wy, Hy) > m,

ensuring that a non-trivial spatial neighborhood
around p(*) is always preserved. This context floor
keeps the view within the model’s training reso-
lution regime and retains semantic cues (e.g., sur-
rounding text, icon grouping, layout) needed for
reliable grounding.

Viewport Boundary Handling If a crop exceeds
the image boundary, we apply: shift (move win-
dow inside), clip (trim overflow), or shrink (re-
duce window while keeping p® centered). We
use shift by default; clip is useful when the pre-
diction is already accurate and further motion is
unnecessary.

Termination We stop after 7" iterations or once the
crop reaches the minimum size. The final click is
the last mapped prediction pﬁT)
coordinates ppyx.

, converted to pixel

4 GUIZooM-BENCH: Benchmarking the
Behavioral Patterns of Zoom-in
Strategies

The potential of zoom is far from saturated, yet
existing GUI grounding benchmarks fail to reveal
its essential shortcomings or the model-specific
limitations that emerge under different zoom con-
ditions. Current evaluations do not clarify when
zoom improves localization, when it induces harm-
ful context loss or distraction, nor why certain mod-
els collapse under deeper zoom levels—Ileaving
little guidance for advancing zoom-aware meth-
ods. To address this gap, we introduce GUIZOOM-
BENCH, a benchmark designed to systematically
dissect zoom behavior, exposing both the failure
modes of zoom itself and the adaptability bound-
aries of different model families. These insights not
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only pinpoint the true sources of performance gains
but also provide concrete directions for developing
more effective and robust zoom-aware grounding
models.

4.1 Five Zoom Behaviors: Difficulty x
Reliability

Zoom does not benefit all samples in the same
way. Some targets are easily recognized without
zooming, others gradually emerge through progres-
sive narrowing, and some are even misled by lost
context or visual distractors. GUIZOOM-BENCH
captures these behavioral differences by partition-
ing samples into five subsets that reveal how zoom
shapes model perception—highlighting when it
aids, when it distracts, and where it reaches its
limits.

* easy-normal. The target is visually salient and
contextually clear; In this case, excessive zoom-
ing can hurt by unnecessarily discarding useful
context.

* easy-mislead. The model starts correct but
becomes wrong after zooming, as distractors
grow more salient once global cues vanish.
This reflects a loss of stability caused by over-
focusing.

* hard-normal. The target is small or visually
subtle, initially hard to locate but gradually
revealed through zooming. This showcases
the productive role of zoom in exposing fine-
grained details.

* hard-mislead. The scene contains distractors
visually similar to the target, making zoom-
ing prone to shift attention away. These cases
capture context-induced confusion under nar-
rowing.

* hard-est. Even repeated zooming fails to clar-

ify the target due to extreme subtlety or vague
instruction. This subset defines the upper limit
of zoom-enabled grounding.

Together, these five categories delineate a two-
dimensional space of difficulty x reliability, where



difficulty captures the inherent visual and contex-
tual complexity of a target, and reliability reflects
the model’s behavioral stability under zooming.

4.2 Collection Method and Criteria

We construct GUIZOOM-BENCH by reorganizing
samples from ScreenSpot-Pro, a large-scale GUI
grounding dataset with high-resolution interfaces
and dense, fine-grained targets—making it a natu-
ral testbed for analyzing zoom behavior.

To capture how zoom affects grounding dy-
namics, we run our state-of-the-art ZOOMCLICK
model (UI-Venus-72B) under a fixed four-step
zoom-in procedure and record correctness at each
iteration. Each ScreenSpot-Pro sample is evalu-
ated under four zoom-in rounds using the SOTA
grounding model, producing a correctness se-
quence {s1, s2, s3, S4}, where s;=1 indicates a cor-
rect click at iteration t.

From these correctness sequences, we extract
two behavioral factors that define the taxonomy
shown in Fig. 3a (Left). The iteration of first cor-
rectness quantifies the sample’s difficulty—how
many zoom steps are needed before the model finds
the target—while the stability of correctness re-
flects reliability—whether the model correctness
remains once zoomed in.

By crossing these two dimensions, we catego-
rize every sample into one of five behavioral types
(easy-normal, easy-mislead, hard-normal, hard-
mislead, hard-est). The number of samples per
category is shown in Fig. 3a (Right).

5 Experiments

5.1 Experimental Setup

Model Selection We evaluate ZOOMCLICK on two
strong GUI grounding models with automatic lo-
calization: Qwen3-VL(Yang et al., 2025a) (general-
purpose VLM) and Ul-Venus (GUI-specific mul-
timodal agent). Together, they span open-domain
reasoning and specialized UI interaction, allow-
ing us to test ZOOMCLICK’s generalization across
paradigms under a unified zoom inference sched-
ule.

Datasets and Benchmarks We evaluate on two
complementary benchmarks for realistic desktop-
scale GUIs.  ScreenSpot-Pro provides high-
resolution professional interfaces with densely
packed fine-grained elements, ideal for testing vi-
sual precision under zoom. UI-Vision(Nayak et al.,
2025) includes diverse real-world software anno-

tated with elements and interaction traces, empha-
sizing functional understanding and realistic inter-
action contexts. Together, they combine visual
complexity and interaction diversity, forming a nat-
ural testbed for assessing the robustness and effec-
tiveness of zoom-based grounding.

Metric We report grounding accuracy—the propor-
tion of correctly localized targets—under different
zoom behaviors and datasets, following the official
evaluation setup of each benchmark to ensure fair
comparison. Full implementation details can be
found in Appendix A.

5.2 Main Results
5.2.1 ScreenSpot-Pro

Z0OMCLICK yields consistent and significant im-
provements of grounding accuracy over base mod-
els. As shown in Table 2, ZOOMCLICK + Qwen3-
VL-32B achieves a 34.4% relative improvement
over the base model, Qwen3-VL-32B. A simi-
lar trend holds for GUI-specific models: ZOOM-
CLICK + UI-Venus-7B achieves 30.6% relative ac-
curacy gain, surpassing even the base UI-Venus-
72B model. Moreover, even large and strong back-
bones benefit from ZoOMCLICK, with UI-Venus-
72B gaining an 19.1% accuracy improvement, set-
ting a new record of 73.1% for ScreenSpot-Pro.

5.2.2 Ul-Vision

As shown in Table 4 , ZOOMCLICK delivers a
substantial improvement over prior work on Ul-
Vision. When applied to UI-Venus-72B, it raises
click accuracy from 25.5% to 42.5% (+66.7% rel-
ative), establishing a new state of the art. These
gains persist across both model scales (71B—72B)
and model types (Ul-specific vs. general-purpose
VLMs), demonstrating that our training-free re-
finement reliably enhances grounding across archi-
tectures rather than relying on model or dataset
specialization.

5.2.3 Performance between Zoom-based
Methods

As shown in Table 3, our training-free method
achieves an overall accuracy of 44.0% with Qwen-
2.5-VL-7B, substantially outperforming the previ-
ous training-free method RegionFocus (32.1%) and
the finetuned method GUI-Spotlight(38.7%), and
closely matching ReGUIDE, which relies on ad-
ditional training, demonstrating that carefully de-
signed zoom strategies alone can already recover a
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1 1 OSAtlas-7B 12.2 11.2 3.7 9.0
large portion of the performance gap without any OSalas T8 AR Y
d Aguvis-7B(Xu et al., 2025) 17.8 18.3 5.1 13.7
parameter updates. UL-TARS-7B 201 | 243 | 84 176
CogAgent-9B(Hong et al., 2024) 12.0 12.2 2.6 8.9
. : SeeClick-9.6B(Cheng et al., 2024) 9.4 4.7 2.1 54
Analysis The effectiveness of ZOOMCLICK stems Uoromdatamm e g0 | 27 | 1o | 22
. . . . P UI-TARS-72B 314 30.5 14.7 25.5
from its simplicity: a training-free procedure that o
urs
7 Ul-Venus-7B 34.0 30.7 10.8 25.1
leverages the strong priors already embedded U Venus- 78 PO T s 2
. . . A +9.1 +9.2 +8.3 +8.9
in modern VLMs and grounding-specific models. Owen3-VL-32B wr | aoo | 2an | 3es
. . +ZoomClick 45.1 45.1 283 39.2
These models are generally capable of identify- A 100 | +20 | 139 | 2%
. . 11 1 . 1 . f 1 k UI-Venus-72B 45.6 423 23.7 36.8
ing semantically plausible regions, but often lac +ZoomClick 502 | 466 | 317 | 425
A +4.6 +4.3 +8.0 +5.7

the mechanisms to translate coarse alignment into
precise localization. ZOOMCLICK exposes and am-
plifies this through a minimal multi-step zooming
routine, without introducing additional learning or
architectural changes. Despite its simplicity, this
lightweight refinement reliably converts existing
semantic priors into state-of-the-art grounding per-
formance on high-resolution desktop interfaces.

5.3 Ablations

Our ablation results reveal a clear and surpris-
ingly consistent pattern: implementing Z.OOM-
CLICK with the simplest variant of each component
achieves best performance. These findings under-
score a central insight of this work—successful
zoom-based grounding comes from simply allow-
ing the model’s inherent localization priors to oper-
ate without disruption.

Table 4: Comparison of Methods on UI-Vision.
5.3.1 When to Zoom in

The importance of Pre-zoom. As shown in Fig 3b,
it’s progressively harder for the model to recover
from earlier localization errors, demonstrating the
importance of a reliable start. The results from Ta-
ble 8a proves the effectiveness of Pre-zoom: across
all models, Pre-zoom improves grounding accu-
racy at all depths—for instance, Qwen3-VL-32B
rose from 67.2% —71.3% (+4.1%) at Depth 2—in-
dicating that early coarse localization provides a
stable initialization for subsequent zooming.

Distance-based Pre-zoom yields better perfor-
mance. We evaluate two basic approach for Pre-
zoom: VLM-based and Distance-based. As shown
in Table 8b, the Distance-based pre-zoom yields
consistently higher accuracy—surpassing VLM-
based approach on Qwen3-VL-32B by 9.4% and



on UI-Venus-72B by 5.1%.

Insights Findings above suggest a simple but ac-
tionable principle for future zoom-based ground-
ing: intervene only where necessary, and intervene
minimally. A small, well-placed adjustment to the
initial region already produces the most meaning-
ful gains, while extra semantic or heuristic rea-
soning adds little value and can introduce instabil-
ity. This highlights a clearer direction for future
work—before adding external complexity to the
method, make full use of the intrinsic potential of
zoom itself.

5.3.2 How to Zoom in

The effectiveness of Multi-step Zooming. As shown
in Table 6, performing two consecutive x% Zooms
consistently outperforms a single x % shrink across
all domains, notably, improving overall accuracy
from 62.1% to 63.9% (+1.8%). Crucially, this self-
correction arises from the model’s inherent spatial
priors rather than explicit contextual injection—a
trend validated by our controlled comparisons.

5.3.3 When to Click out

The effectiveness of minimum crop size. According
to Table 7, two types of models exhibit markedly
different sensitivities to min_crop_size: Qwen3-
VL-32B shows a progressive accuracy increase as
the minimum crop size grows, whereas UI-Venus-
7B reaches its peak at smaller crop sizes and de-
grades consistently as min_crop_size increases.
Analysis The contrasting trends between general-
purpose VLMs and Ul-specialized models stem
from their different adaptability to zoom. Gen-
eral VLMs benefit from larger crops because
their reasoning depends heavily on global con-
text, whereas Ul-specialized models—optimized
for small-window icon and widget recogni-
tion—perform best with tightly focused crops and
quickly lose discriminative power as more back-
ground enters the view. This also explains the
mislead phenomenon in Table 5, where models
that rely on localized icon cues are more easily
drawn toward visually salient but irrelevant re-
gions. These behaviors validate our benchmark
taxonomy by revealing each model family’s intrin-
sic strengths and weaknesses under zoom. They
further point to a promising direction for future
work: grounding models should incorporate multi-
resolution or multi-scale training to better handle
zoom-induced context changes and make the zoom
pipeline itself more robust.

5.4 GUIZooM-BENCH Results (Table 5)

(1) Validation of benchmark construction. Across
model families, the curves consistently reveal the
core challenges of zoom: most models surge in
early depths (e.g., Qwen3-VL-32B improves from
56.1% —92.0% on easy-normal) yet lose stabil-
ity once the window becomes too narrow. In
contrast, Ul-specialized models—though strong
on icon recognition—remain highly vulnerable
to distractors, as reflected by their steady drop
on hard-mislead (e.g., Ul-Venus-7B falls from
35.1%—29.7% across d1—d4). These confirm
that it captures both shared pitfalls of zoom-based
grounding and model-specific weaknesses.

(2) Differences in upper-bound potential across
models. The varying gain profiles across depths
also reveal clear differences in model capacity.
General-purpose VLMs profit more from iterative
narrowing (e.g., Qwen3-VL-32B gains +36.0%
on hard-normal from d1—d2), whereas Ul-centric
models plateau earlier with much smaller deltas,
reflecting strong local sensitivity but weaker global
reasoning. These disparities indicate substantial
headroom for model design depending on whether
robustness or precision is the priority.

(3) Implications for future training strategies. The
results suggest that next-generation grounding mod-
els should adopt zoom-aware training—e.g. multi-
resolution supervision or dynamic cropping—to
better handle scale changes. Improving robustness
across context scales is essential for raising the per-
formance ceiling of zoom-and-click pipelines and
reducing mislead-related failures.

6 Conclusion

In this work, we revisit zoom as a structured
mechanism that shapes how models perceive
high-resolution GUISs, rather than auxiliary post-
processing tools. We introduce ZOOMCLICK, a
simple yet practical zoom paradigm that unlocks
a model’s inherent spatial priors to progressively
reveal fine-grained structure , achieving improved
accuracy with reduced overhead. Complement-
ing this, GUIZOOM-BENCH provides a behavior-
based evaluation framework that characterizes how
different models respond to zoom—highlighting
where it helps, where it destabilizes predictions,
and how these patterns relate to difficulty and re-
liability. Together, ZOOMCLICK and GUIZOOM-
BENCH offer both a practical recipe for applying
zoom and a diagnostic lens for understanding the
dynamics behind zoom-enabled grounding.



7 Limitations

Our method is dictated by the model’s spatial and
semantic priors, limiting the performance ceiling
with the model’s built-in strengths and weaknesses.
GUIZoOM-BENCH captures only desktop-scale
conditions, that does not directly generalize to mo-
bile interfaces or multi-step agent interaction work-
flows.
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A Implementation Details

We adopt a fixed zoom depth of T'=3 iterations
with a shrink ratio of p=0.5, enforcing a minimum
crop size of m=768 pixels to preserve essential
context. The initial pre-zoom step employs a non-
overlapping 2 x 2 patch grid to establish a reliable
starting region. For results in main experiment, we
use the clip boundary mode to maintain spatial
alignment of localized regions. Unless specified,
we use the shift boundary mode in ablations to
ensure a fair comparison across models.

Center handling during zoom. When the zoom
window centered at the predicted click would cross
image boundaries, we control its behavior via a
center_mode flag in the cropping function. Con-
cretely, shift (default) keeps the target window
size fixed and translates the window back into the
valid image region whenever it overflows. clip
keeps the predicted center fixed and simply in-
tersects the window with the image bounds, so
the effective crop may be smaller but the center
is unchanged. shrink also fixes the center, but
adaptively reduces the window width/height to the
largest size that fits inside the image, which can
lead to very small fields of view for points near the
image borders.

Ablations on Pre-Zoom Strategy. For ablations
in 5.3.1, we implement a VLM-based variant: we
replace the heuristic distance selection with an ex-
plicit vision-language reasoning procedure. Specif-
ically, we first invoke the VLM to perform a global
grounding prediction on the original screenshot,
producing one candidate location. Next, the same
screenshot is evenly partitioned into a 2 x 2 grid,
and the VLM is independently queried on each of
the four patches to obtain four additional local pre-
dictions. This results in five candidate points in
total. All five candidates are then projected back
onto the original screenshot and visualized using
identical circular markers (red filled circles) with
uniform size, each annotated with a unique numer-
ical index. A final VLM query is issued over this
annotated image, prompting Qwen3-VL-32B to
output the index corresponding to the point it con-
siders most likely to represent the correct target
location for the first-round grounding. The selected
point is then used as the pre-zoom reference for
subsequent cropping. Our default distance-based
pre-zoom uses the same five candidates but sim-
ply chooses the patch-center nearest to the global


https://arxiv.org/abs/2505.09388
https://arxiv.org/abs/2507.05791
https://arxiv.org/abs/2412.16256
https://arxiv.org/abs/2412.16256
https://arxiv.org/abs/2412.16256
https://arxiv.org/abs/2408.01800
https://arxiv.org/abs/2408.01800
https://arxiv.org/abs/2408.01800
https://arxiv.org/abs/2509.15532
https://arxiv.org/abs/2509.15532
https://arxiv.org/abs/2509.15532
https://arxiv.org/abs/2509.15532
https://arxiv.org/abs/2509.15532
https://arxiv.org/abs/2402.17143
https://arxiv.org/abs/2402.17143
https://arxiv.org/abs/2402.17143
https://arxiv.org/abs/2509.21552
https://arxiv.org/abs/2509.21552
https://arxiv.org/abs/2509.21552
https://arxiv.org/abs/2511.00810
https://arxiv.org/abs/2511.00810
https://arxiv.org/abs/2511.00810
https://arxiv.org/abs/2307.13854
https://arxiv.org/abs/2307.13854
https://arxiv.org/abs/2307.13854
https://arxiv.org/abs/2505.15810
https://arxiv.org/abs/2505.15810
https://arxiv.org/abs/2505.15810
https://arxiv.org/abs/2505.15810
https://arxiv.org/abs/2505.15810

prediction.

Ablations on Context Injection. For ablations
on context information, we select UI-TARS-1.5-7B
as our base model. We design five default context-
retention settings, all sharing the same zoom and
cropping strategy, but differing only in how infor-
mation from the previous round is conveyed to the
current round:

1. Prompt Only (Positive). The relative posi-
tion of the previous click within the current
cropped region is explicitly described in the
prompt, accompanied by positive guidance en-
couraging the model to refine and correct its
previous prediction.

. Prompt Only (Neutral). The relative position
of the previous click is provided in the prompt
as plain information, without any evaluative
or guiding language, merely indicating that it
corresponds to the last-round result.

. Visual Marking. The previous click is anno-
tated directly on the current image using a red
cross marker, serving as a visual cue without
textual explanation.

. Full Context Injection. Both the previous
round’s input image and its corresponding
click point are supplied as auxiliary context
alongside the current image, enabling the
model to reason jointly over cross-round vi-
sual information.

. No Context. No information from the previous
round is provided; each round is performed
independently.

B

The Effectiveness of Context. Table 9 shows
that the highest overall accuracy is achieved when
no contextual information is injected across zoom
rounds (54.1%), while all context-aware variants
lead to performance degradation, most notably the
Full Context Injection setting (19.0%). Among
them, Visual Marking (Red Cross) exhibits the
least drop, indicating that purely visual cues intro-
duce less disturbance than prompt-based or multi-
modal context, whereas textual descriptions of pre-
vious predictions consistently bias the model away
from optimal visual reasoning. These results high-
light a core limitation of training-free zoom-based
grounding: externally introduced context shifts the

More Ablations
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model’s implicit spatial distribution and often an-
chors it to earlier errors, leading to error accumu-
lation during iterative refinement. Crucially, this
does not suggest that context is inherently harmful,
but rather that the model lacks the learned capacity
to interpret such information when injected only
at inference time. This motivates treating context
as a trainable guidance signal instead of an ad-
hoc heuristic, enabling future models to explicitly
learn how to leverage historical localization traces
as structured auxiliary information to improve ro-
bustness and iterative correction.

The Effectiveness of Boundary Handling Mode.
Across all three models in Table 10, shrink con-
sistently yields the lowest accuracy (e.g., 63.6%
vs. 72.1% for Qwen3-VL-32B), while shift and
clip remain close. This is consistent with their ge-
ometric behavior: both shift and clip preserve a
reasonably large field of view—either by translat-
ing the fixed-size crop back into the image (shift)
or by intersecting it with the image bounds (clip).
In contrast, shrink keeps the predicted center fixed
and adaptively reduces the crop to the largest win-
dow that fits within the image. For points near
the image borders (which are common in GUI lay-
outs, e.g., toolbars and sidebars), this produces very
small crops that discard most contextual informa-
tion. As a result, subsequent iterations are forced
to refine within an overly narrow and potentially
misaligned region, amplifying early localization
errors instead of correcting them. This systematic
loss of context explains why shrink is consistently
the worst-performing strategy.

The Selection of Distance Threshold. The dis-
tance reported here denotes the Euclidean pixel
displacement between two consecutive predicted
click locations produced in adjacent zoom rounds,
measured in the original image space. Consecutive
pairs are categorized as 1-1 (correct pairs) when
both predictions fall inside the ground-truth bound-
ing box, and as 0-1 / 1-0 (error pairs) when only
one of them is correct, indicating unstable refine-
ment. As shown in the table, correct pairs exhibit
tightly clustered distances near zero (median < 10
px), reflecting smooth local refinement, whereas
error pairs show substantially larger displacements
(median often > 50 px) with heavy tails, corre-
sponding to abrupt spatial jumps. The optimal
thresholds across individual stages lie within a nar-
row range (33.4-52.2 px), and the aggregated distri-
bution yields an optimal threshold of 50.7 px with



Model easy-normal easy-mislead hard-normal hard-mislead hard-est

dl d2 d3 d4 | dl d2 d3 d4 | dl d2 d3 d4 | dl d2 d3 d4 | dl d2 d3 d4
Close-sourced Models
GPT-5 22 95 148 137]31 24 24 24|55 55 65 69|00 81 27 5407 28 48 42
Claude-4.5-Sonnet | 30.7 - - - 159 - - 149 - - - 105 - - - 167 - - -
Open-Sourced Models
Qwen3-VL-8B 542 89.0 88.5 87.9]26.2 38.1 47.6 429|249 553 553 56.7|162 324 405 459| 8.1 199 188 18.2
Qwen3-VL-32B  [56.1 92.0 922 92.0(23.8 357 452 47.6|304 69.6 673 67.3|21.6 459 459 54.1|10.1 272 255 255
Qwen2.5-VL-7B | 41.1 612 635 633| 7.1 95 7.1 95 129 21.7 281 28.6| 0.0 10.8 162 135] 3.1 81 90 95
UI-TARS-7B 485 66.1 66.1 64.8|16.7 19.0 214 19.0|11.5 304 304 323| 54 10.8 243 189| 6.2 84 118 129
UI-TARS-1.5-7B | 62.8 740 77.0 77.3|19.0 26.2 28.6 28.6|21.8 35.0 373 392|189 243 21.6 189| 65 120 11.2 104
UI-Venus-7B 737 84.1 86.6 86.4|31.0 38.1 40.5 429 |28.1 47.0 54.8 57.6|189 351 35.1 29.7| 87 146 16.0 162

Table 5: Comparison of Models on GUIZOOM-BENCH.

Easy-Normal
‘The target is visually prominent and unambiguous.
Excessive zooming can harm performance by rem-
oving helpful global layout cues.

Easy-Mislead
Distractors exist but are visually or spatially distant from
the true target. Light or guided zoom provides stability but
s not strictly required.

Hard-Normal
The target is small or visually suble, though unambiguo-
us in meaning. Zoom depth directly improves detectability.

Hard-Mislead
‘The scene contains one or more distractors with similar
appearance. Aggressive zooming risks losing global cont-
ext, leading to narrowing errors.

Hard-Est
The target is extremely small or requires high-level
semantic grounding. Performance depends on corre-
ct iterative zooming and context retention.

Instruction: Copy code in L.xdc.
Bounding Box: [934,467,955,491]

Instruction: collapse pkgs folder
Bounding Box: [545,402,563,425]

Instruction: search report in vivado.
Bounding Box: [345,1023,377,1052]

ELR O icoud Drive
& aEwen [

G -Geacmraaemat
Instruction: Eject wechat installer.
Bounding Box: [1186,782,1203,800]

Instruction: adjust bottom crop for the selected track.
Bounding Box: [2294,540,2314,556]

Figure 4: Data examples of each category in GUIZOOM-BENCH.

Strategy Overall Dev Creative CAD Scientific Office OS
1/4 (one-step) 62.1 59.5 51.9 63.2 65.0 774 612
1/2 + 1/2 (two-step) 63.9 62.9 54.0 64.4 64.6 804 61.7

Table 6: Comparison of Zoom Strategies. Accuracy
(%) under two zoom configurations: Two-step x% Vs.
One-step x i. The two-step strategy performs two con-
secutive shrinks that each reduce the viewport to % of
its previous size, whereas the one-step strategy directly
shrinks the viewport to % of the original size in a single
operation. The two-step strategy consistently outper-
forms the one-step alternative across all domains.

Model 0 384 512 640 768 896 1024
Qwen3-VL-32B 652 69.6 704 71.0 721 722 723
UI-Venus-7B 655 657 655 656 639 629 633

Table 7: Ablations on min_crop_size for Two Mod-
els. Numbers are overall localization accuracy (%).

91.8% accuracy, motivating our adoption of 50 px
as a unified decision boundary. This threshold ef-
fectively separates stable, convergent refinement
behavior from erroneous drift, providing a simple
yet robust criterion for identifying trustworthy iter-
ative localization without additional supervision.

C More Visualization

While the main paper demonstrates the effective-
ness of ZoomClick in correcting previously mislo-
calized predictions through progressive zooming,
we further present several misled cases to illustrate

Model Prezoom Type D2 D3 D4
Model PrezoomType D2 D3 D4

No prezoom 672 68.9 69.1
Qwen3-VL-32B & - "L . : Lo  VEM-based 619 655 634
Distance-based 713 1) 720150 718w Quen3-VL32B ot 4 703 11 718

No prezoom 60.9 63.9 64.1
UL Venus-7B © e VLM-based 577 609 609
Distance-based 624 15 64.5 000 64.8 w07 Ul-Venus 7B nce-based 624 645 64.8
No prezoom 70.5 72.1 727 VIM-bised 668 69.0 686

-Venus-72 N
Ul-Venus: 728y, tance-based 719 1o 730010 729 o ULVenus 2By tance-based 719 731 72.9

(a) Effect of Pre-zoom across (b) Pre-zoom
Zoom Depths Comparison

Strategy

Table 8: Impact of Pre-zoom Strategies. Left: Im-
provement over no prezoom. Right: Comparison be-
tween VLM-based and Distance-based strategies.

Context Strategy Overall DEV CREATIVE CAD SCIENTIFIC OFFICE OS
None (No Context) 54.1 488 50.4 42.1 57.1 71.0 54.1
Prompt Only (Neutral) 49.8 478 44.6 375 53.5 72.6 469
Prompt Only (Positive) 483 47.8 44.9 314 51.2 71.3 46.9
Visual Marking (Red Cross) 51.0 492 452 38.7 53.5 73.0 51.0
Full Context Injection 19.0 18.1 20.2 18.0 20.5 22.6 133

Table 9: Effect of Context Retention Strategies. Each
row corresponds to one of the five designed context
mechanisms.

its current limitations. As visualized, two repre-
sentative failure patterns are observed. First, al-
though a minimum crop size is enforced and the rel-
evant contextual region remains preserved within
the view, the model may fail to exploit this con-
text when the cropped distribution deviates from
its familiar training distribution, leading to inef-
fective contextual reasoning and incorrect local-
ization. Second, our method does not explicitly
process or restructure the input instruction. For
instructions involving sequential or relative seman-
tics (e.g., first, oldest, or spatial comparison among

13



Model Shift Clip Shrink
Qwen3-VL-32B 72.1  69.6 63.6
UI-Venus-72B 73.0 72.8 70.4
UI-Venus-72B (thres=50) 729  73.1 71.2

Table 10: Effect of different Center-Handling Strate-
gies.

Pair

1-2
2-3
34

All (1-4)

Best Threshold (px)

334
47.8
522

50.7

Accuracy  Correct Mean (px)

88.2% 13.7
91.1% 89
97.0% 35

91.8% 8.2

Error Mean (px)

284.9
97.8
104.9

207.0

Table 11: Optimal distance threshold for correctness
classification between consecutive predictions. We
report the best pixel threshold that separates correct and
error pairs, along with the resulting accuracy.

adjacent elements*), the model struggles to cor-
rectly interpret the referential intent and is prone
to being misled by visually similar neighboring
targets. These cases reveal that beyond visual re-
finement, improved linguistic understanding and
distribution-aware adaptation remain key directions
for future enhancement.

Case 1: Context preserved but ineffective due
to distribution shift. Figure 5 and 6 represent
cases where the minimum crop size successfully
retains sufficient surrounding context, and the tar-
get region remains fully visible within the view.
However, the model still produces incorrect local-
ization. Visually, these cases exhibit atypical visual
layouts or uncommon density patterns compared
to the model’s training distribution, such as irreg-
ular spatial arrangements, cluttered local regions,
or uncommon object co-occurrence. Despite the
presence of informative context, the model fails
to leverage it for disambiguation, resulting in pre-
dictions that drift toward visually salient but se-
mantically irrelevant regions. This suggests that
context preservation alone is insufficient when the
cropped view deviates from the learned distribution
manifold.

Case 2: Ambiguous instruction with sequential
or comparative semantics. Figure 7 and 8 fo-
cus on instruction-driven failures involving sequen-
tial or relative semantics, such as “first”, “last”,
or references based on positional comparison. In
these cases, the visualization shows multiple visu-
ally similar elements clustered in close proximity,
where the true target differs mainly by ordering
or relational position rather than appearance. The
model’s prediction tends to gravitate toward the

most visually prominent or centrally located candi-
date, instead of the semantically correct one indi-
cated by the instruction. This reveals a limitation
in understanding instruction-dependent relational
cues, causing the system to be misled by nearby
distractors with strong visual similarity.

D Pseudocode of Our Method

Algorithm 1: ZoomClick: Patch—Global
Pre-zoom with Drift-Free Narrowing
Input: image I (W x H), instruction ¢
Output: final click ppx
Params: K=2x2, threshold 7 (px), shrink p€ (0, 1),
min-crop m, max steps 7', mode
€ {shift, clip, shrink};
V+«(0,0,1,1), Li+I, (Wh,H1)« (W, H);,
Pre-zoom (patch—global consensus);
/* Core-1: Selects a cleaner local context
when patch and global predictions
agree.
pair <G (11, q);
{I(k)}i(:u
for k = 1to K do
P —=G(I™, q);
p™*) < MapToOrig(p™*), patch k);
di, = ||paic — p™* |23

*/
generate non-overlapping patches

p*,

Pdir,

dpx <1

k* «<—arg ming, dp; p(1)<—{ s
otherwise

Iterative narrowing (min-crop context retention);
/* Core-2: Multi-step zoom iteratively
narrows the view to refine localization
and reach the precise target. */
fort =1to T do

pt +MapToOrig(p™, V);

if t=T then
L return ppx <—TOPixels(p$t) )
(W, H)+
(max( LthJ ) m)7 maX(LthJ ) m))’
(It41, Be) +
CropFromOrig(I, pt”), W, H, mode);
/* Core-3: Min-crop preserves
contextual cues; boundary mode
controls zoom behavior.
V <~ ComposeViewport(V, B );
(Witr, Hey) < Size(Ie41);
PG (L1, q);

*/

E Prompts
Tool-call Prompt for Qwen3-VL Grounding
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System: \\

You are a helpful assistant that can click on elements in UI
screenshots. \\

You are provided with a set of available tools inside XML tags:
\\

\texttt{<tools>\{...\}</tools>}. Each tool is specified by a
JSON function signature. \\

IMPORTANT: You \textbf{must} respond by calling one of these
tools to click on the requested element. \\




For each function call, you must return a JSON object wrapped
in \texttt{<tool\_call>...</tool\_call>} tags: \\

\texttt{<tool\_call>} \\

\texttt{\{"name": <function-name>, "arguments”: <args-json-
object>\}} \\

\texttt{</tool\_call>} \\

Example: To left-click at coordinates (500, 300), respond with:

\\
\texttt{<tool\_call>} \\
\texttt{\{"name": "computer\_use”, "arguments”: \{"action": "

left\_click”, "coordinate": [500, 300]1\}\}} \\
\texttt{</tool\_call>} \\[4pt]

User: \\

(1) A UI screenshot image. \\

(2) An instruction: \\

\texttt{"Please click on the element described as: \{
instruction\}.} \\

\texttt{Respond with a tool call containing the exact pixel
coordinates.”}

Prompt for Candidate Selection in Pre-zoom

You are given a UI screenshot and a user command: \{
instruction\}. \\

There are \{num\_candidates\} candidate UI elements: \{
candidates\}. \\

Based on the command and the description of candidates, choose
which candidate better matches the command. \\

Output only the most preferred coordinate in the format [x1,
x2, y1, y21.

Prompt for UI-Venus-7B Inference

Outline the position corresponding to the instruction: \{
instruction\}. \\

The output should be only [x1, y1, x2, y2].

Figure 6: "Overlap Constraint.”
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Figure 8: "View oldest logs."

F Qualitative Results

Figure 9: Qualitative results of ZOOMCLICK on
ScreenSpot-Pro. Left: depth-2 zoom resolves the error
from depth 1. Center: depth-3 zoom resolves the errors
from depths 1-2. Right: depth-4 zoom resolves the
errors from depths 1-3.

G Potential Risks

Our GUI-level interactions may expose sensitive
on-screen information and introduce privacy risks.
In addition, our approach relies on large models
whose computation contributes to non-negligible
energy consumption.
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