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Abstract

Reliable execution of graphical user interface
agents requires accurate grounding of each ac-
tion to the corresponding interface target. Exist-
ing methods commonly formulate GUI ground-
ing as a screenshot-to-click localization task.
However, the correct target is often determined
by action semantics, element attributes, local
structural context, and inter-element relations
that extend beyond visual or textual similarity.
We propose SAGE-GUI, a training-free and
plug-and-play module for structure-aware GUI
grounding. The proposed method constructs
an action-oriented UI representation, resolves
action targets over structured interface objects,
and employs conservative visual arbitration for
verification and recovery. In addition, we intro-
duce StructSpot, a multi-level diagnostic bench-
mark designed to evaluate grounding perfor-
mance under varying structural complexities,
ranging from text matching to relational tar-
get resolution. Experiments on StructSpot and
ScreenSpot demonstrate that SAGE-GUI con-
sistently improves the performance of existing
grounding backends without requiring model
retraining, thereby highlighting the importance
of structure-aware action-target resolution for
GUI grounding.

1 Introduction

Effective execution in graphical user interfaces
(GUIs) relies on accurately connecting each pre-
dicted action to its intended target element. Ad-
vances in large language and multimodal mod-
els have improved instruction understanding and
action planning, yet GUI agents still struggle
in realistic environments.  Benchmarks like
Mind2Web(Deng et al., 2023), Android in the
Wild(Rawles et al., 2023), WebArena(Zhou et al.,
2024), and OSWorld(Xie et al., 2024) show that
failures often occur when a seemingly appropriate
action is applied to the wrong interface element.
Consequently, action grounding forms a crucial
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Figure 1: Overview. SAGE-GUI transforms screenshot-
to-click grounding into structure-aware target resolution
by parsing instructions, narrowing the Ul scope, and
verifying the executable target.

link between high-level action generation and low-
level GUI execution. Even minor grounding errors
in clicks, text inputs, or selections can disrupt sub-
sequent execution.

A growing body of research has examined how
GUI agents perceive interfaces and identify action
targets. Agent systems like WebAgent(Gur et al.,
2024), OpenWebAgent(Iong et al., 2024), NNet-
Nav(Murty et al., 2024), and AgentOccam(Yang
et al., 2025a) use structured observations, includ-
ing HTML, Document Object Model (DOM), or
accessibility tree information, to expose interface
elements and viable actions to language mod-
els. Grounding models, including SeeClick(Cheng
et al., 2024), CogAgent(Hong et al., 2024), Ferret-
UI(You et al., 2024), and ShowUI(Lin et al., 2025),



associate action instructions with visual targets
in screenshots. Additionally, screen parsing tech-
niques like OmniParser(Lu et al., 2024) provide
element-level representations beyond raw pixel
data.

However, existing grounding methods mainly
treat target selection as screenshot-driven localiza-
tion. Given a screenshot and an action instruc-
tion, the model predicts a click point, bounding
box, or candidate element, while OCR results, lay-
out information, element boxes, or parser outputs
serve as auxiliary context or candidate sources(Xie
et al., 2026). Although effective when the tar-
get is visually or textually prominent, this ap-
proach becomes less reliable when the correct el-
ement must be identified through local scopes, hi-
erarchical relationships, repeated components, or
contextual connections. This limitation has been
highlighted by diagnostic grounding benchmarks
and Ul-decomposition studies(Jandial et al., 2026;
Wang et al., 2026). In these cases, the target is not
merely the region most closely resembling the in-
struction, but the executable interface object jointly
determined by action semantics, element attributes,
and structural context. Consequently, we argue
that GUI grounding should be framed not merely
as screenshot-driven localization, but as structure-
aware action-target resolution across interfaces.

Motivated by this perspective, we propose
SAGE-GUI, a training-free and plug-and-play mod-
ule for structure-aware GUI grounding. Inserted
between action generation and interface execution,
it resolves action intents over structured Ul objects
and uses visual evidence for conservative verifi-
cation. This design shifts GUI grounding from
direct screenshot-to-target prediction toward struc-
tured target resolution while remaining compatible
with existing grounding backends without retrain-
ing. We further introduce StructSpot, a multi-level
diagnostic benchmark evaluating grounding under
different structural complexities, from direct ele-
ment matching to relation-dependent target reso-
lution. It complements recent studies on referring
expressions, hierarchical grounding, UI decompo-
sition, and robustness under perturbations(Zhou
et al., 2025; Xie et al., 2026; Liu et al., 2025). Ex-
periments on StructSpot and ScreenSpot(Cheng
et al., 2024; Wu et al., 2025b; Li et al., 2025) show
that the proposed module improves existing ground-
ing backends without retraining, suggesting that
structure-aware target resolution usefully comple-
ments screenshot-based GUI localization.

The main contributions of this paper are summa-
rized as follows:

* We propose SAGE-GUI, a training-free and
plug-and-play module that enhances GUI
grounding through action-oriented UI repre-
sentation, structure-aware target resolution,
and evidence-driven visual arbitration.

* We construct StructSpot, a multi-level diag-
nostic benchmark with structured Ul anno-
tations and action instructions stratified by
structural complexity, enabling fine-grained
evaluation of structure-aware GUI grounding.

* We provide a comprehensive empirical analy-
sis of SAGE-GUI, validating its plug-and-play
effectiveness across in-domain and standard
GUI grounding benchmarks.

2 Related Works
2.1 GUI Agent

Recent research on GUI agents has increasingly
moved away from relying on structured interfaces,
such as DOMs and accessibility trees. Instead, it is
focusing on visual agents that operate directly from
screenshots. Methods like UI-TARS(Qin et al.,
2025), Aguvis(Xu et al., 2024), and Aria-UI(Yang
et al., 2025b) enhance interface operation and tar-
get localization across web, desktop, and mobile
environments by leveraging large-scale GUI data,
unified action spaces, and vision-language-action
modeling. Additionally, SE-GUI(Yuan et al., 2026)
and InfiGUI-G1(Liu et al., 2026) enhance ground-
ing and execution in complex interfaces with rein-
forcement learning, self-evolution, and preference
optimization. These studies demonstrate that large-
scale GUI supervision and task-specific optimiza-
tion can significantly improve the performance of
visual GUI agents. Instead of training a stronger
end-to-end visual agent, our approach improves the
intermediate grounding stage that maps generated
actions to executable interface objects.

2.2 Training-Free Grounding

Training-free GUI grounding has been studied as
a way to improve target localization without ad-
ditional supervised training or parameter updates.
TAG(Xu et al., 2025) leverages attention patterns
of pretrained multimodal models for tuning-free
grounding. DiMo-GUI(Wu et al., 2025a) com-
bines modality decoupling with dynamic local fo-
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Figure 2: Pipeline of SAGE-GUI. SAGE-GUI enhances GUI agent grounding through three structure-aware
steps: (1) Action-level UI Representation: It groups fragmented parser outputs into referable Ul objects with SoM
identifiers. (2) Structure-aware Target Resolution: It parses the action instruction into structured constraints and
resolves the target using semantic, scope, and relational evidence. (3) Conservative Visual Arbitration: It uses local
verification to confirm or correct the structural candidate before mapping it to an executable UI element.

cusing to refine predictions at inference time. Re-
gionFocus(Luo et al., 2025) applies visual test-
time scaling to reduce background interference
through dynamic zoom-in. GUI-Actor(Wu et al.,
2026) addresses spatial-semantic misalignment
through coordinate-free grounding. Furthermore,
V2P(Chen et al., 2025), ZoomClick(Jiang et al.,
2025), and GUI-RC(Du et al., 2026) enhance lo-
calization by implementing attention calibration,
zooming priors, and ensuring region consistency
across sampled predictions. Overall, these meth-
ods primarily improve visual localization through
strategies such as attention adjustment, cropping,
zooming, coordinate reformulation, background
suppression, spatial voting, or visual search. In con-
trast, our approach first reformulates the grounding
decision space by resolving action targets across
structured Ul objects.

3 Method

3.1 Problem Formulation and Overview

We study one-step action grounding in GUI agent
execution. Given an interface observation O and a
one-step action intent a, the goal is to identify the
executable target element e* on which the action
should operate. We represent the observation as
O = (I, R), where I denotes the screenshot and

R = {r;}}¥, denotes a structured UI description.
Each raw element r; contains its bounding box,
text, role, interactability, container relation, and
local position.

In our implementation, R is obtained from a Set-
of-Mark (SoM) style UI parser(Yang et al., 2023).
The parser detects interactable regions and textual
elements from the screenshot and renders a marked
image with numbered bounding boxes. It also pro-
duces a mapping p from mark identifiers to raw
elements, enabling each visual mark to be traced
back to its corresponding structured Ul element.
This representation aligns visual regions with struc-
tured UI elements without requiring additional hu-
man annotations. More generally, R can also be
obtained from the DOM, accessibility tree, screen
parser, or other interface observation APIs.

We focus on the grounding stage after an ex-
isting GUI agent has generated a one-step action
intent, rather than on high-level planning or tra-
jectory decision-making. Existing screenshot-to-
click methods typically formulate grounding as
g(I,a) — y, where y is a click point, bounding
box, or target element. Such methods primarily
rely on vision-language similarity and can be con-
fused by repeated texts, visually similar controls,
and complex local structures.

In contrast, SAGE-GUI formulates GUI ground-



Algorithm 1 SAGE-GUI Inference

1: Input: Screenshot I, parsed Ul R, action in-
tent a, visual grounding backend gyis
: Output:Executable target element e*
: Render SoM image I°°™ and mark-element
mapping p from (1, R)
4. Construct action-level Ul graph G =
(U,C,R,n) from R
5: Parse action intent a into structured action
query p = (t,«, p, s,0,1)
6: Generate compatible candidates C' = {u €
U | compatible(u, o, p) }
7: Compute Ssiruct (v | G, p) using activated con-
straints KC(p)
8: Select top candidates 1, y2 by Sstruct
9: if visual arbitration is triggered then

W N

10 Determine local visual region €2 from struc-
tural candidates and scope

11: Obtain  visual evidence =z =
Gvis (Isom7 a; Q)

12: Map visual evidence to candidate v, =
M(z,C, p)

13: Apply conservative arbitration to obtain y*

14: else

15: y* <~y

16: end if

17: return e* = 7(y*)

ing as structure-aware action target resolution:
f(I,R,a) =€ (1

As summarized in Algorithm1, the method pro-
ceeds in three stages. First, it converts parsed Ul
elements into an action-level Ul graph, organizing
fragmented parser outputs into referable interface
objects with local scopes and structural relations.
Second, it parses the action intent into a structured
action query and resolves the target under semantic,
role, scope, and relational constraints. Third, when
the structural result is uncertain, it invokes a visual
grounding backend on a SoM-marked local region
and conservatively arbitrates between the structural
candidate and visual evidence. The selected action-
level target is mapped back to an executable raw
element for interaction.

3.2 Action-Level UI Representation

A Ul parser typically returns a set of low-level el-
ements R = {r;} | with fine-grained visual and
structural attributes. However, these parser-level
elements do not always correspond to executable

interaction targets. For instance, a clickable but-
ton may be split into text, icon, and background
regions, while a list item or table row may con-
tain multiple structural nodes. Directly grounding
actions over such fragmented elements can lead
to duplicated candidates, target shifts, and scope
errors.

To bridge this granularity gap, we abstract low-
level elements into action-level UI objects U =
{u; }]A/i1 Each object u; represents an interface
unit that can be referred to by an action and mapped
back to executable raw elements:

uj = (Bj, Ty, 75,85, Pj, Mj, mj) (2)

Here, B is the aggregated bounding box, 77 is the
aggregated text or semantic description, 7; is the
object role or type, S; denotes its scope or local
region, and P; denotes its position within the local
region. M; C R is the set of low-level member
elements contained in the object, and 7; records the
executable mapping from the action-level object to
its member raw elements. This mapping is used to
select the actual executable element after an action-
level target is determined.

Action-level objects are constructed by merg-
ing raw elements according to containment, spa-
tial proximity, label-control association, clickable-
region ownership, and repeated structures. For ex-
ample, a label and its adjacent input box can form
an input object, an icon and nearby text can form a
button, and sub-elements within a list item can be
grouped into the same local object. This abstrac-
tion shifts the grounding space from fragmented
parser outputs to Ul units that better align with real
user actions.

Based on these objects, we builds a UI structure
graph:

G = (UC,R,) 3)

where C denotes containers or local regions, R
denotes structural relations among action-level ob-
jects, and m = {m; }Jj\il denotes mappings to raw
elements. The relations in R include containment,
group membership, local ordering, spatial neighbor-
hood, row/column alignment, and repeated-group
relations. This graph provides the structural context
needed for grounding, allowing target resolution to
check whether a candidate lies in the correct region,
follows the expected local order, and satisfies the
relational constraints implied by the action.



3.3 Structure-Aware Target Resolution

Given a one-step action intent a, we first convert it
into a structured action query:

p=(ta,p,s,01) “

Here, ¢ represents the target semantics; o, p, and
s specify the action type, expected target role, and
target scope; o denotes a reference object or anchor;
and [ encodes local selection constraints such as
order, spatial relation, or state. Simple actions may
activate only semantic and role constraints, while
structurally complex actions additionally involve
scope, anchor, or local relation constraints. The
query can be produced by fixed rules or a frozen
language model, which is used to generate exe-
cutable constraints rather than directly select the
final target.

Given the UI structure graph G and query p,
target resolution is performed over action-level ob-
jects U. We first construct a candidate set:

C = {uj € U | compatible(u;, o, p)} (5)

where compatible(-) checks whether the object
type and interactability match the action type and
expected role. For example, type actions prefer ed-
itable objects, while click actions prefer clickable
objects such as buttons, links, and options.

Each candidate u € C'is then scored by its struc-
tural consistency with the query:

Zkg;c(p) Aksk(u, G, p)
D ker(p) M

Sstruct(u ‘ G,p) = (6)

Here, IC(p) denotes the constraints activated by
query p, si and A; denote the corresponding score
and fixed weight. The constraints cover seman-
tic matching, role compatibility, scope consistency,
local order, anchor relation, state, and interactabil-
ity. Only activated constraints are evaluated, and
all rules and weights are fixed across experiments
without task-specific training.

The resolution path depends on the structure of
query p. Direct target actions mainly rely on se-
mantic and role cues; repeated components empha-
size local scope and within-group order; group-
level operations first identify the relevant row,
card, or list item; and anchor-related actions first
locate the reference object. Target selection is
then constrained by containment, neighborhood,
alignment, or relative-position relations, preventing

structurally dependent actions from being reduced
to global visual similarity matching.
The action-level target is selected as:

y = argmax Ssgruct(u | G, p) (7
ueC

The selected object y is finally mapped back to a
raw executable element for interaction and element-
level evaluation eggyet = 7(y). When y contains
multiple raw elements, the executable element is
selected according to action type, interactability,
member boxes, and local position.

3.4 Conservative Visual Arbitration

Structure-aware target resolution provides an ex-
plicit mechanism for modeling scope, local order,
and relational constraints. In practical GUI environ-
ments, however, the structured observation itself
may be noisy due to parser errors, bounding-box
shifts, incomplete candidate extraction, or ambigu-
ous mappings from action-level objects to raw ele-
ments. We therefore introduce visual evidence as a
complementary signal for verification and recovery
under uncertainty.

Visual arbitration is triggered only under run-
time uncertainty. Let y; and yo denote the candi-
dates with the highest and second-highest struc-
tural scores. Arbitration is invoked when the top-2
margin is small, the candidate set is large, the raw-
element mapping is ambiguous, or the top struc-
tural candidate lacks sufficient textual or role evi-
dence. All thresholds are fixed during experiments
and do not rely on target annotations or evaluation
results.

Instead of performing unconstrained full-screen
search, the method derives a local visual region 2
from the structural context, such as the target scope,
candidate cluster, anchor neighborhood, or pop-up
region. The visual backend is applied within €2 to
verify structural candidates, recover plausible al-
ternatives, or refine the mapping from action-level
objects to raw executable elements.

Given the SoM image 7°°™", action intent a, can-
didate set C, and local region {2, the visual backend
produces evidence z = gyis(I%°™, a, ), where z
can be a mark identifier, click point, target box, or
candidate region. This evidence is mapped back to
an action-level candidate by M (z,C,u) — u,.
Mark identifiers are resolved through p, while
points or boxes are matched using spatial over-
lap, center distance, interactability, and member-
element relations. The evidence is used only when



it can be reliably aligned with a structural candidate
or its member raw elements.

The final decision follows a conservative rule.
The top structural candidate y; is retained when
it is supported by visual evidence. An alternative
candidate v, € C' is accepted only if it is both
visually supported and structurally valid; otherwise,
the visual prediction is rejected and the system falls
back to y;. If arbitration is not triggered, the final
action-level target is directly set to y* = y;, and
the executable element is obtained as e* = 7(y™*).

The arbitration process uses only runtime-
observable signals, such as structural score mar-
gins, visual confidence, text matching, scope con-
sistency, and mapping reliability. It does not use in-
struction levels, target annotations, or evaluation re-
sults. Since the module operates only at the ground-
ing stage without updating the upstream agent, Ul
parser, or visual backend, it can be used as an
inference-time plugin for different GUI agents and
grounding backends.

4 Experiments

4.1 Experimental Setup
4.1.1 Benchmarks

We evaluate GUI grounding capability on
StructSpot and ScreenSpot.  StructSpot is a
structure-aware diagnostic benchmark constructed
in this paper, containing 784 real-world web inter-
faces and 13,875 deduplicated action instructions.
Each sample consists of an interface screenshot, a
structured Ul description, a natural language action
instruction, and an annotated target raw element.
Unlike coordinate-based evaluation, StructSpot an-
chors each target to an underlying interface ele-
ment, directly measuring whether the model selects
the correct executable object. StructSpot is orga-
nized into four levels, LO-L3, which correspond to
direct text matching, semantic generalization, local
structural localization, and relational action-target
localization. Unless otherwise specified, all main
experiments are conducted on the full benchmark.

We further evaluate on ScreenSpot, a standard
GUI grounding benchmark covering web, desktop,
and mobile scenarios, to examine whether the pro-
posed module generalizes as a training-free plug-in
beyond our diagnostic benchmark.

4.1.2 Implementation Details

We compare the proposed module with a frozen
grounding baseline built on the same visual ground-

ing backend. The baseline predicts the target re-
gion or element directly from the screenshot and
action instruction, without action-level UI abstrac-
tion, structure-aware target resolution, or conser-
vative visual-evidence arbitration. The proposed
module is applied only at inference time and does
not update the parameters of the underlying model,
UI parser, or visual backend. Both settings use
the same screenshots, parser outputs, and visual
grounding backend to isolate the effect of structure-
aware grounding. All experiments are conducted
with deterministic inference on eight NVIDIA
GeForce RTX 4090 GPUs, using Python 3.12, Py-
Torch 2.9.1, and CUDA 12.8.

To ensure consistent evaluation across different
output formats, we convert each prediction into a
point. If a method outputs a mark ID or bounding
box, we use the center of the corresponding region
as the predicted point, and count it as correct if it
falls within the ground-truth bounding box.

4.1.3 Metrics

On StructSpot, the primary metric is element-level
exact accuracy (EA):

1 . *
EA = NZI(ei:ei) (8)

where ¢€; denotes the predicted raw element, e
denotes the annotated target element.

We report EAQLO, EAQL1, EAQL2, and
EAQLS3, and further report Macro EA and Micro
EA:

3
1
Macro EA = 1 ZZ; EAQLY 9)

3
Micro EA = M
Ze:o Ny

where Ny and C; denote the number of samples
and correctly grounded samples at level L/, re-
spectively. Macro EA measures balanced perfor-
mance across different levels of structural complex-
ity, while Micro EA measures average accuracy
under the overall sample distribution.

(10)

4.2 Evaluation on Grounding Ability
4.2.1 Results on StructSpot

We first evaluate the proposed module on
StructSpot with different grounding backends. As
shown in Tab.1, across all evaluated backends, the



Backend Base Model Method Macro EA Micro EA EA@L0 EA@L1 EA@L2 EA@L3
. Base 27.66 3560 6531 3438 543 5.51
SeeClick ., SeeClick-9.6B +SAGE-GUI  50.26 6045 9438  66.16 2414  16.36
A +22.60 42485  +29.07 +31.78 +1871 +10.85
Base 40.73 4921 7554 5676 2143 9.19
ShowUl ., ShowUI-2B +SAGE-GUI  51.04 6134 9238 7351 2486 1342
A +1031 41213 +16.84 +16.75 +343  +423
Base 44.46 52.75 7823 6151 2357  14.52
CogAgent 0 Agent-9B SAGE-GUI  54.92 6443 9485 7200 3114  21.69
(Hong et al., 2024) §Ag +
A +10.46 +11.68 +16.62 +10.49 +7.57 +7.17
Base 52.50 62.15 90.54  75.14 2743 1691
}éﬁﬁg‘ﬂgﬁ‘m UGround-V1-7B  +SAGE-GUI  55.23 64.92 9446 7557  30.86  20.04
A +2.73 +277 4392 +043 4343 4313
. Base 51.85 60.28 86.38 6930 2929  22.43
(‘Bun;‘;ﬂ%gi)er Qwen3.5-35B-A3B +SAGE-GUI  56.52 65.64 94.15 7427 3357  24.08
A +4.67 +5.36 +7.77 +4.97 +4.28 +1.65

Table 1: Grounding results on StructSpot. All values are reported as percentages. A denotes the absolute change of
+SAGE-GUI over the corresponding Base backend. The best result in each column is bolded.

enhanced setting improves both Macro EA and Mi-
cro EA, indicating that the improvement is not spe-
cific to a particular visual grounding model. Since
the underlying backends are kept frozen, these
gains suggest that reorganizing the grounding pro-
cess around structured Ul objects can improve ele-
ment selection beyond direct screenshot-to-target
prediction.

The improvements are larger on weaker back-
ends and smaller but consistent on stronger ones.
For Macro EA, the enhanced setting brings gains
of 22.60, 10.31, 10.46, 2.73, and 4.67 points on
SeeClick, ShowUI, CogAgent, UGround, and Om-
niParser, respectively. This pattern shows that
action-level Ul objects and structural constraints
are especially useful when the base model lacks
reliable element-level resolution, but they also com-
plement stronger grounding models.

The level-wise results show that the main re-
maining bottleneck lies in structurally complex
grounding. Improvements are more pronounced
on LO and L1, where targets are often connected
to visible text or semantic descriptions. L2 and
L3 remain harder because target selection depends
more on local scopes, repeated components, an-
chors, and relational context. Thus, structured Ul
information helps narrow the grounding space, but
relation-dependent target resolution remains chal-
lenging and requires stronger cross-element reason-
ing. Qualitative examples in Fig.3 further illustrate
these trends by comparing the original grounding

backend with the enhanced setting.

4.2.2 Results on ScreenSpot

We further evaluate the proposed module on
ScreenSpot to assess external generalization. Un-
like StructSpot, ScreenSpot covers diverse web,
desktop, and mobile GUI scenarios without
structural-complexity levels, providing a comple-
mentary benchmark to our diagnostic setting.

As shown in Fig.4, each tested backend achieves
higher accuracy after being enhanced with the pro-
posed module. The gain is most pronounced on
SeeClick, while stronger backends such as CogA-
gent, ShowUI, and OmniParser also show consis-
tent improvements. These results indicate that the
proposed module is not specific to StructSpot an-
notations or level definitions, and can transfer to a
standard GUI grounding benchmark as a training-
free enhancement that complements screenshot-
based localization with structured target resolution.

4.3 Ablation Study

We conduct ablation experiments on StructSpot to
assess the contribution of each component. All
variants use OmniParser for SoM-style parsing and
Qwen3.5-35B-A3B as the frozen base language
model. As shown in Tab.2, Base is the basic ground-
ing pipeline; Unit adds action-oriented Ul represen-
tation; Intent further adds structured action queries
and structure-aware target resolution; Visual adds
visual-evidence verification and recovery; and Full
denotes the complete method.
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Full achieves the best performance, improving
Macro EA from 46.61 to 59.68 and Micro EA from
41.87 to 53.33. The ablation results show that the
components contribute in different ways. +Unit
mainly improves L0 and L1, indicating that action-
level UI objects help align simple instructions with
executable elements, but representation alone does
not resolve harder structural cases. +Intent im-
proves Macro EA to 54.16 and raises L2 from 39.66
to 46.53, showing the value of explicit scope and
relational constraints. +Visual further improves
L0 and L2, suggesting that visual evidence helps
handle parser noise and uncertain mappings. These
consistent gains show that the three components are
complementary and jointly improve element-level
grounding accuracy.

Method Macro Micro LO L1 L2 L3
Base 46.61 41.87 75.80 57.42 42.33 1091
+Unit 5120 4491 82.56 73.22 39.66 9.42
+Intent 54.16 47.72 83.81 75.62 46.53 10.69
+Visual 56.83 51.18 90.48 68.16 55.57 13.11
Full 59.68 53.33 91.01 77.26 56.37 14.09

Table 2: Ablation results on StructSpot. All values
are reported as percentages. Macro and Micro denote
Macro EA and Micro EA, respectively. LO-L3 denote
EA at different structural complexity levels. +Unit, +In-
tent, and +Visual indicate adding the corresponding
module to Base individually.

5 Conclusion

We present SAGE-GUI, a training-free and plug-
and-play framework designed for structure-aware
GUI grounding. It incorporates action-level Ul
representation, structure-aware target resolution,
and conservative visual arbitration, which address
the mismatch between fragmented parser outputs,
screenshot-level localization, and executable inter-
face targets. We further introduce StructSpot, a
multi-level diagnostic benchmark for evaluating
GUI grounding under different structural complexi-
ties. By resolving action intents over structured Ul
objects and using visual evidence for verification
and recovery, it improves grounding performance,
suggesting a structure-aware perspective for GUI
grounding in which executable action targets are
resolved within structured interface contexts rather
than merely localized as visually salient regions.



Limitations

This work focuses on one-step action grounding,
assuming that a GUI agent has already generated an
action intent. It does not explicitly account for long-
term execution feedback, where an incorrect action
taken earlier could influence later observations, ac-
tion intents, and recovery decisions. Expanding
structure-aware grounding to include multi-step
agent workflows, along with state tracking and
execution-level feedback, represents a significant
area for future research.

Another limitation is the reliance on parsed Ul
observations. Although the approach is not re-
stricted to a specific parser, its effectiveness may
be impacted by parser inaccuracies, incomplete ele-
ment extraction, or incorrect element relationships.
In our experiments, we used a SoM-style parser
for observations. Future research could explore
using DOM, accessibility-tree, or platform-specific
interfaces to enhance robustness and applicability
across different GUI environments.
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A Benchmark Construction

A.1 StructSpot Construction Details

StructSpot evaluates whether GUI grounding sys-
tems can identify action targets with awareness



of interface structure. Rather than judging only
whether a predicted click coordinate lies inside the
target region, StructSpot links each action target to
the executable interface element beneath it. This
design allows the evaluation to directly measure
whether a model selects the correct interactive ob-
ject.

Each sample includes a screenshot, a structured
UI description, a natural-language action instruc-
tion, and an annotated target raw element. Each
instruction specifies a single executable step, so the
benchmark focuses on grounding rather than high-
level task planning. We remove duplicate action
instructions and manually inspect ambiguous cases
in which more than one target may be plausible.
For samples involving repeated cards, tables, lists,
forms, or pop-ups, the annotation also records the
local scope, reference object, or structural relation
needed to identify the target.

Productivity

Productivity Design

13,875
instructions
Design

L2

DevDocs

DevDocs

L1 Platforms

(a) (b)

Figure 5: Overview of StructSpot. (a) Distribution of
samples across task categories and structural complex-
ity levels (LO-L3). (b) Grounding performance under
different structural complexity levels, showing that ac-
curacy decreases as structural reasoning becomes more
demanding.

A.2 Structural Complexity Levels

StructSpot groups action instructions into four lev-
els, LO-L3, based on the structural information
needed to locate the correct target. LO mainly
captures direct text matching, L1 covers seman-
tic generalization, L2 requires localization within
a nearby structure, and L3 involves parsing rela-
tions between actions and targets. This stratifica-
tion makes it possible to compare grounding sys-
tems under different structural demands.As shown
in Fig. 5, StructSpot contains a balanced distribu-
tion of task categories and difficulty levels, while
model performance consistently degrades as struc-
tural complexity increases from LO to L3.
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B SAGE-GUI Implementation Details

Our implementation of SAGE-GUI uses a SoM-
style UI parser to produce structured UI observa-
tions. The parser combines interactive-region de-
tection with OCR text extraction, yielding a struc-
tured element set R, a screenshot with numbered
marks I°°™, and a mapping g from mark ids to
raw elements. The method is not tied to this par-
ticular parser. When element bounding boxes, text,
roles, interactability, and local structural informa-
tion are available, I can also be obtained from the
DOM, an accessibility tree, or other screen parsing
interfaces.

The implementation first groups the low-level
parser outputs into action-level UI objects. These
low-level outputs may include text nodes, icon re-
gions, clickable backgrounds, input boxes, links,
and layout containers. Because such elements do
not always match the objects that users intend to act
on, the method aggregates related elements into in-
terface objects that better support action reference.
The aggregation uses containment relations, spa-
tial proximity, label-control associations, clickable-
region ownership, and repeated structures in lists,
tables, and cards.

Each action-level object keeps its member raw
elements and the mapping 7 to the underlying el-
ements. This design allows structure-aware target
parsing to be performed over action-level objects,
after which the final prediction is mapped back
to an executable or evaluable raw element. This
procedure requires no additional training and does
not alter the underlying raw element set. It only
changes the granularity at which grounding is per-
formed, making the candidate space closer to the
interactive objects that users refer to in practice.

C Structured Action Query and Scoring

The action intent is parsed into a structured action
query:

p = (t,a, p,s,0,l). 1n

Here, t denotes the target semantics, « the action
type, p the expected target role, s the local scope, o
the reference object or anchor, and [ local selection
constraints such as order, direction, state, or spatial
relation.

The structured query determines which con-
straints are used during target parsing. For a candi-
date action-level object u, the structural matching



score is defined as

 Dkek(p) Msk(u, G, p)
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keK(p
(12)
Here, IC(p) is the set of constraints activated
by the current query, s is the matching score for
the k-th constraint type, and )\, is a fixed weight.
The constraints cover semantic matching, role com-
patibility, scope consistency, local order, anchor
relations, state conditions, and interaction availabil-
ity. Constraints that are not activated by the current
query are excluded from scoring, which prevents
irrelevant penalties for simple actions. All rules
and weights are fixed throughout the experiments,
and no task annotations are used for training.

D Visual Evidence Arbitration

In this design, the visual model serves as an addi-
tional source of evidence after structural parsing,
rather than as an independent final decision maker.
Visual evidence arbitration is triggered only when
structural parsing is uncertain. Typical cases in-
clude a small margin between the two highest struc-
tural scores, a large candidate set, an ambiguous
mapping from action-level objects to raw elements,
or a top-ranked structural candidate with weak text
and role evidence.

When arbitration is triggered, the system does
not perform full-screen visual search by default.
Instead, it defines a local visual region €2 from the
structural parsing result. This region may corre-
spond to the target scope, a cluster of candidates,
an area near an anchor, or a local interaction region
such as a pop-up. The visual grounding backend
then operates within the SoM-marked local region
and returns a mark id, click point, target box, or
candidate region.

The visual output is mapped back to an action-
level object or raw element in the current UI repre-
sentation. If the visual evidence supports a struc-
tural candidate, the reliability of that candidate is
increased. If it supports a structurally valid but
lower-ranked candidate, candidate recovery is al-
lowed. If the visual output cannot be mapped stably
to a candidate element, or if it conflicts with the
scope and relation constraints, the visual result is
rejected and the system falls back to the structural
parsing result.
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This arbitration mechanism uses only signals
observable at runtime, including structural score
margins, visual confidence, text matching, scope
consistency, and mapping reliability. It does not
use instruction levels, target labels, ground-truth
bounding boxes, or evaluation results, so it does
not introduce label leakage.

E Ablation Settings

The main experiments consider five ablation set-
tings: Base, +Unit, +Intent, +Visual, and Full.
These settings correspond to different conceptual
modules of SAGE-GUI and help analyze how each
component contributes to overall performance.

Base is the basic grounding pipeline without the
enhancement mechanisms introduced by SAGE-
GUI. +Unit adds action-level Ul object represen-
tations to reduce fragmentation in parser outputs.
+Intent adds structured action queries and struc-
tural constraint parsing, improving the modeling
of action semantics, target roles, and local scopes.
+Visual adds visual evidence arbitration for candi-
date verification, error recovery, and correction of
raw-element mappings. Full denotes the complete
SAGE-GUI system, which combines action-level
Ul representations, structure-aware target parsing,
and visual evidence arbitration.

These ablations are intended mainly to clarify
the problems addressed by different mechanisms,
rather than to serve as fully independent single-
factor experiments. Because the modules interact
at runtime, some settings share the same parser,
candidate generation procedure, or mapping logic.

F Training-Free Setting and Label
Leakage

The proposed module is training-free and targets
structure-aware grounding. The system does not
train a new GUI agent, fine-tune a vision-language
model, or learn a new policy network. External lan-
guage and visual models are used only as replace-
able backends for structured action-query parsing
and visual evidence extraction. The core compu-
tation comes from action-level UI representations,
structure-aware target parsing, and visual evidence
arbitration, rather than from additional policy train-
ing.

The runtime prediction does not use target ele-
ment labels, ground-truth bounding boxes, evalu-
ation results, or instruction-level information. In-
struction levels are used only for benchmark con-



struction, grouped statistics, and experimental anal-
ysis; they do not participate in model inference.
The conservative fallback mechanism in the Full
setting also relies only on runtime-observable ev-
idence, including structural score margins, basic
grounding predictions, visual evidence, text match-
ing, and mapping reliability. As a result, the final
system decision does not receive extra information
from evaluation labels or difficulty annotations.

G Qualitative Case Analysis

We provide additional qualitative analyses to bet-
ter understand both the strengths and remaining
limitations of SAGE-GUI. The appendix includes
representative failure patterns as well as successful
correction cases that could not be fully presented
in the main paper due to space constraints.

The first group corresponds to cases where the
original grounding backend fails while SAGE-GUI
successfully resolves the target. These examples
usually involve scope drift, confusion among re-
peated components, or fragmented candidate re-
gions. By organizing the screen into action-level
UI objects and applying local structural constraints,
SAGE-GUI narrows the grounding space to the cor-
rect structural scope and corrects errors made by
direct screenshot-level grounding.

The second group highlights cases where visual
evidence arbitration becomes important. When
structural candidates have low confidence, parser
outputs contain noise, or mappings between action-
level objects and raw Ul elements become unstable,
local visual verification helps recover weakened
candidates and refine the final grounding decision.

The third group presents remaining failure cases.
These failures are often caused by abstract rela-
tional descriptions, underspecified intents, deeply
nested structures, or incomplete Ul parsing re-
sults. Such cases reveal the current limitations
of structure-aware grounding and suggest that
stronger cross-element relational reasoning is still
required.

Fig. 3 presents representative successful cor-
rection examples across different difficulty levels.
Compared with the original grounding backends,
SAGE-GUI consistently shifts predictions from vi-
sually similar but structurally irrelevant regions to
the correct target Ul objects. The improvements
are particularly visible in interfaces containing re-
peated elements, hierarchical layouts, or ambigu-
ous local regions, where screenshot-level visual
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matching alone is insufficient for reliable target se-
lection. These examples further demonstrate that
introducing structured Ul representations helps con-
strain the grounding process and improves robust-
ness in complex GUI environments.
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