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Abstract001

Reliable execution of graphical user interface002
agents requires accurate grounding of each ac-003
tion to the corresponding interface target. Exist-004
ing methods commonly formulate GUI ground-005
ing as a screenshot-to-click localization task.006
However, the correct target is often determined007
by action semantics, element attributes, local008
structural context, and inter-element relations009
that extend beyond visual or textual similarity.010
We propose SAGE-GUI, a training-free and011
plug-and-play module for structure-aware GUI012
grounding. The proposed method constructs013
an action-oriented UI representation, resolves014
action targets over structured interface objects,015
and employs conservative visual arbitration for016
verification and recovery. In addition, we intro-017
duce StructSpot, a multi-level diagnostic bench-018
mark designed to evaluate grounding perfor-019
mance under varying structural complexities,020
ranging from text matching to relational tar-021
get resolution. Experiments on StructSpot and022
ScreenSpot demonstrate that SAGE-GUI con-023
sistently improves the performance of existing024
grounding backends without requiring model025
retraining, thereby highlighting the importance026
of structure-aware action-target resolution for027
GUI grounding.028

1 Introduction029

Effective execution in graphical user interfaces030

(GUIs) relies on accurately connecting each pre-031

dicted action to its intended target element. Ad-032

vances in large language and multimodal mod-033

els have improved instruction understanding and034

action planning, yet GUI agents still struggle035

in realistic environments. Benchmarks like036

Mind2Web(Deng et al., 2023), Android in the037

Wild(Rawles et al., 2023), WebArena(Zhou et al.,038

2024), and OSWorld(Xie et al., 2024) show that039

failures often occur when a seemingly appropriate040

action is applied to the wrong interface element.041

Consequently, action grounding forms a crucial042

Figure 1: Overview. SAGE-GUI transforms screenshot-
to-click grounding into structure-aware target resolution
by parsing instructions, narrowing the UI scope, and
verifying the executable target.

link between high-level action generation and low- 043

level GUI execution. Even minor grounding errors 044

in clicks, text inputs, or selections can disrupt sub- 045

sequent execution. 046

A growing body of research has examined how 047

GUI agents perceive interfaces and identify action 048

targets. Agent systems like WebAgent(Gur et al., 049

2024), OpenWebAgent(Iong et al., 2024), NNet- 050

Nav(Murty et al., 2024), and AgentOccam(Yang 051

et al., 2025a) use structured observations, includ- 052

ing HTML, Document Object Model (DOM), or 053

accessibility tree information, to expose interface 054

elements and viable actions to language mod- 055

els. Grounding models, including SeeClick(Cheng 056

et al., 2024), CogAgent(Hong et al., 2024), Ferret- 057

UI(You et al., 2024), and ShowUI(Lin et al., 2025), 058
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associate action instructions with visual targets059

in screenshots. Additionally, screen parsing tech-060

niques like OmniParser(Lu et al., 2024) provide061

element-level representations beyond raw pixel062

data.063

However, existing grounding methods mainly064

treat target selection as screenshot-driven localiza-065

tion. Given a screenshot and an action instruc-066

tion, the model predicts a click point, bounding067

box, or candidate element, while OCR results, lay-068

out information, element boxes, or parser outputs069

serve as auxiliary context or candidate sources(Xie070

et al., 2026). Although effective when the tar-071

get is visually or textually prominent, this ap-072

proach becomes less reliable when the correct el-073

ement must be identified through local scopes, hi-074

erarchical relationships, repeated components, or075

contextual connections. This limitation has been076

highlighted by diagnostic grounding benchmarks077

and UI-decomposition studies(Jandial et al., 2026;078

Wang et al., 2026). In these cases, the target is not079

merely the region most closely resembling the in-080

struction, but the executable interface object jointly081

determined by action semantics, element attributes,082

and structural context. Consequently, we argue083

that GUI grounding should be framed not merely084

as screenshot-driven localization, but as structure-085

aware action-target resolution across interfaces.086

Motivated by this perspective, we propose087

SAGE-GUI, a training-free and plug-and-play mod-088

ule for structure-aware GUI grounding. Inserted089

between action generation and interface execution,090

it resolves action intents over structured UI objects091

and uses visual evidence for conservative verifi-092

cation. This design shifts GUI grounding from093

direct screenshot-to-target prediction toward struc-094

tured target resolution while remaining compatible095

with existing grounding backends without retrain-096

ing. We further introduce StructSpot, a multi-level097

diagnostic benchmark evaluating grounding under098

different structural complexities, from direct ele-099

ment matching to relation-dependent target reso-100

lution. It complements recent studies on referring101

expressions, hierarchical grounding, UI decompo-102

sition, and robustness under perturbations(Zhou103

et al., 2025; Xie et al., 2026; Liu et al., 2025). Ex-104

periments on StructSpot and ScreenSpot(Cheng105

et al., 2024; Wu et al., 2025b; Li et al., 2025) show106

that the proposed module improves existing ground-107

ing backends without retraining, suggesting that108

structure-aware target resolution usefully comple-109

ments screenshot-based GUI localization.110

The main contributions of this paper are summa- 111

rized as follows: 112

• We propose SAGE-GUI, a training-free and 113

plug-and-play module that enhances GUI 114

grounding through action-oriented UI repre- 115

sentation, structure-aware target resolution, 116

and evidence-driven visual arbitration. 117

• We construct StructSpot, a multi-level diag- 118

nostic benchmark with structured UI anno- 119

tations and action instructions stratified by 120

structural complexity, enabling fine-grained 121

evaluation of structure-aware GUI grounding. 122

• We provide a comprehensive empirical analy- 123

sis of SAGE-GUI, validating its plug-and-play 124

effectiveness across in-domain and standard 125

GUI grounding benchmarks. 126

2 Related Works 127

2.1 GUI Agent 128

Recent research on GUI agents has increasingly 129

moved away from relying on structured interfaces, 130

such as DOMs and accessibility trees. Instead, it is 131

focusing on visual agents that operate directly from 132

screenshots. Methods like UI-TARS(Qin et al., 133

2025), Aguvis(Xu et al., 2024), and Aria-UI(Yang 134

et al., 2025b) enhance interface operation and tar- 135

get localization across web, desktop, and mobile 136

environments by leveraging large-scale GUI data, 137

unified action spaces, and vision-language-action 138

modeling. Additionally, SE-GUI(Yuan et al., 2026) 139

and InfiGUI-G1(Liu et al., 2026) enhance ground- 140

ing and execution in complex interfaces with rein- 141

forcement learning, self-evolution, and preference 142

optimization. These studies demonstrate that large- 143

scale GUI supervision and task-specific optimiza- 144

tion can significantly improve the performance of 145

visual GUI agents. Instead of training a stronger 146

end-to-end visual agent, our approach improves the 147

intermediate grounding stage that maps generated 148

actions to executable interface objects. 149

2.2 Training-Free Grounding 150

Training-free GUI grounding has been studied as 151

a way to improve target localization without ad- 152

ditional supervised training or parameter updates. 153

TAG(Xu et al., 2025) leverages attention patterns 154

of pretrained multimodal models for tuning-free 155

grounding. DiMo-GUI(Wu et al., 2025a) com- 156

bines modality decoupling with dynamic local fo- 157
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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 UI 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-158

gionFocus(Luo et al., 2025) applies visual test-159

time scaling to reduce background interference160

through dynamic zoom-in. GUI-Actor(Wu et al.,161

2026) addresses spatial-semantic misalignment162

through coordinate-free grounding. Furthermore,163

V2P(Chen et al., 2025), ZoomClick(Jiang et al.,164

2025), and GUI-RC(Du et al., 2026) enhance lo-165

calization by implementing attention calibration,166

zooming priors, and ensuring region consistency167

across sampled predictions. Overall, these meth-168

ods primarily improve visual localization through169

strategies such as attention adjustment, cropping,170

zooming, coordinate reformulation, background171

suppression, spatial voting, or visual search. In con-172

trast, our approach first reformulates the grounding173

decision space by resolving action targets across174

structured UI objects.175

3 Method176

3.1 Problem Formulation and Overview177

We study one-step action grounding in GUI agent178

execution. Given an interface observation O and a179

one-step action intent a, the goal is to identify the180

executable target element e∗ on which the action181

should operate. We represent the observation as182

O = (I,R), where I denotes the screenshot and183

R = {ri}Ni=1 denotes a structured UI description. 184

Each raw element ri contains its bounding box, 185

text, role, interactability, container relation, and 186

local position. 187

In our implementation, R is obtained from a Set- 188

of-Mark (SoM) style UI parser(Yang et al., 2023). 189

The parser detects interactable regions and textual 190

elements from the screenshot and renders a marked 191

image with numbered bounding boxes. It also pro- 192

duces a mapping µ from mark identifiers to raw 193

elements, enabling each visual mark to be traced 194

back to its corresponding structured UI element. 195

This representation aligns visual regions with struc- 196

tured UI elements without requiring additional hu- 197

man annotations. More generally, R can also be 198

obtained from the DOM, accessibility tree, screen 199

parser, or other interface observation APIs. 200

We focus on the grounding stage after an ex- 201

isting GUI agent has generated a one-step action 202

intent, rather than on high-level planning or tra- 203

jectory decision-making. Existing screenshot-to- 204

click methods typically formulate grounding as 205

g(I, a) → y, where y is a click point, bounding 206

box, or target element. Such methods primarily 207

rely on vision-language similarity and can be con- 208

fused by repeated texts, visually similar controls, 209

and complex local structures. 210

In contrast, SAGE-GUI formulates GUI ground- 211
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Algorithm 1 SAGE-GUI Inference
1: Input: Screenshot I , parsed UI R, action in-

tent a, visual grounding backend gvis
2: Output:Executable target element e∗

3: Render SoM image Isom and mark-element
mapping µ from (I,R)

4: Construct action-level UI graph G =
(U, C,R, π) from R

5: Parse action intent a into structured action
query p = ⟨t, α, ρ, s, o, l⟩

6: Generate compatible candidates C = {u ∈
U | compatible(u, α, ρ)}

7: Compute Sstruct(u | G, p) using activated con-
straints K(p)

8: Select top candidates y1, y2 by Sstruct

9: if visual arbitration is triggered then
10: Determine local visual region Ω from struc-

tural candidates and scope
11: Obtain visual evidence z =

gvis(I
som, a; Ω)

12: Map visual evidence to candidate uz =
M(z, C, µ)

13: Apply conservative arbitration to obtain y∗

14: else
15: y∗ ← y1
16: end if
17: return e∗ = π(y∗)

ing as structure-aware action target resolution:212

f(I,R, a)→ e∗ (1)213

As summarized in Algorithm1, the method pro-214

ceeds in three stages. First, it converts parsed UI215

elements into an action-level UI graph, organizing216

fragmented parser outputs into referable interface217

objects with local scopes and structural relations.218

Second, it parses the action intent into a structured219

action query and resolves the target under semantic,220

role, scope, and relational constraints. Third, when221

the structural result is uncertain, it invokes a visual222

grounding backend on a SoM-marked local region223

and conservatively arbitrates between the structural224

candidate and visual evidence. The selected action-225

level target is mapped back to an executable raw226

element for interaction.227

3.2 Action-Level UI Representation228

A UI parser typically returns a set of low-level el-229

ements R = {ri}Ni=1 with fine-grained visual and230

structural attributes. However, these parser-level231

elements do not always correspond to executable232

interaction targets. For instance, a clickable but- 233

ton may be split into text, icon, and background 234

regions, while a list item or table row may con- 235

tain multiple structural nodes. Directly grounding 236

actions over such fragmented elements can lead 237

to duplicated candidates, target shifts, and scope 238

errors. 239

To bridge this granularity gap, we abstract low- 240

level elements into action-level UI objects U = 241

{uj}Mj=1. Each object uj represents an interface 242

unit that can be referred to by an action and mapped 243

back to executable raw elements: 244

uj = ⟨Bj , Tj , τj , Sj , Pj ,Mj , πj⟩ (2) 245

Here, Bj is the aggregated bounding box, Tj is the 246

aggregated text or semantic description, τj is the 247

object role or type, Sj denotes its scope or local 248

region, and Pj denotes its position within the local 249

region. Mj ⊆ R is the set of low-level member 250

elements contained in the object, and πj records the 251

executable mapping from the action-level object to 252

its member raw elements. This mapping is used to 253

select the actual executable element after an action- 254

level target is determined. 255

Action-level objects are constructed by merg- 256

ing raw elements according to containment, spa- 257

tial proximity, label-control association, clickable- 258

region ownership, and repeated structures. For ex- 259

ample, a label and its adjacent input box can form 260

an input object, an icon and nearby text can form a 261

button, and sub-elements within a list item can be 262

grouped into the same local object. This abstrac- 263

tion shifts the grounding space from fragmented 264

parser outputs to UI units that better align with real 265

user actions. 266

Based on these objects, we builds a UI structure 267

graph: 268

G = (U, C,R, π) (3) 269

where C denotes containers or local regions, R 270

denotes structural relations among action-level ob- 271

jects, and π = {πj}Mj=1 denotes mappings to raw 272

elements. The relations inR include containment, 273

group membership, local ordering, spatial neighbor- 274

hood, row/column alignment, and repeated-group 275

relations. This graph provides the structural context 276

needed for grounding, allowing target resolution to 277

check whether a candidate lies in the correct region, 278

follows the expected local order, and satisfies the 279

relational constraints implied by the action. 280
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3.3 Structure-Aware Target Resolution281

Given a one-step action intent a, we first convert it282

into a structured action query:283

p = ⟨t, α, ρ, s, o, l⟩ (4)284

Here, t represents the target semantics; α, ρ, and285

s specify the action type, expected target role, and286

target scope; o denotes a reference object or anchor;287

and l encodes local selection constraints such as288

order, spatial relation, or state. Simple actions may289

activate only semantic and role constraints, while290

structurally complex actions additionally involve291

scope, anchor, or local relation constraints. The292

query can be produced by fixed rules or a frozen293

language model, which is used to generate exe-294

cutable constraints rather than directly select the295

final target.296

Given the UI structure graph G and query p,297

target resolution is performed over action-level ob-298

jects U . We first construct a candidate set:299

C = {uj ∈ U | compatible(uj , α, ρ)} (5)300

where compatible(·) checks whether the object301

type and interactability match the action type and302

expected role. For example, type actions prefer ed-303

itable objects, while click actions prefer clickable304

objects such as buttons, links, and options.305

Each candidate u ∈ C is then scored by its struc-306

tural consistency with the query:307

Sstruct(u | G, p) =

∑
k∈K(p) λksk(u,G, p)∑

k∈K(p) λk
(6)308

Here, K(p) denotes the constraints activated by309

query p, sk and λk denote the corresponding score310

and fixed weight. The constraints cover seman-311

tic matching, role compatibility, scope consistency,312

local order, anchor relation, state, and interactabil-313

ity. Only activated constraints are evaluated, and314

all rules and weights are fixed across experiments315

without task-specific training.316

The resolution path depends on the structure of317

query p. Direct target actions mainly rely on se-318

mantic and role cues; repeated components empha-319

size local scope and within-group order; group-320

level operations first identify the relevant row,321

card, or list item; and anchor-related actions first322

locate the reference object. Target selection is323

then constrained by containment, neighborhood,324

alignment, or relative-position relations, preventing325

structurally dependent actions from being reduced 326

to global visual similarity matching. 327

The action-level target is selected as: 328

y = argmax
u∈C

Sstruct(u | G, p) (7) 329

The selected object y is finally mapped back to a 330

raw executable element for interaction and element- 331

level evaluation estruct = π(y). When y contains 332

multiple raw elements, the executable element is 333

selected according to action type, interactability, 334

member boxes, and local position. 335

3.4 Conservative Visual Arbitration 336

Structure-aware target resolution provides an ex- 337

plicit mechanism for modeling scope, local order, 338

and relational constraints. In practical GUI environ- 339

ments, however, the structured observation itself 340

may be noisy due to parser errors, bounding-box 341

shifts, incomplete candidate extraction, or ambigu- 342

ous mappings from action-level objects to raw ele- 343

ments. We therefore introduce visual evidence as a 344

complementary signal for verification and recovery 345

under uncertainty. 346

Visual arbitration is triggered only under run- 347

time uncertainty. Let y1 and y2 denote the candi- 348

dates with the highest and second-highest struc- 349

tural scores. Arbitration is invoked when the top-2 350

margin is small, the candidate set is large, the raw- 351

element mapping is ambiguous, or the top struc- 352

tural candidate lacks sufficient textual or role evi- 353

dence. All thresholds are fixed during experiments 354

and do not rely on target annotations or evaluation 355

results. 356

Instead of performing unconstrained full-screen 357

search, the method derives a local visual region Ω 358

from the structural context, such as the target scope, 359

candidate cluster, anchor neighborhood, or pop-up 360

region. The visual backend is applied within Ω to 361

verify structural candidates, recover plausible al- 362

ternatives, or refine the mapping from action-level 363

objects to raw executable elements. 364

Given the SoM image Isom, action intent a, can- 365

didate set C, and local region Ω, the visual backend 366

produces evidence z = gvis(I
som, a,Ω), where z 367

can be a mark identifier, click point, target box, or 368

candidate region. This evidence is mapped back to 369

an action-level candidate by M(z, C, µ) → uz . 370

Mark identifiers are resolved through µ, while 371

points or boxes are matched using spatial over- 372

lap, center distance, interactability, and member- 373

element relations. The evidence is used only when 374
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it can be reliably aligned with a structural candidate375

or its member raw elements.376

The final decision follows a conservative rule.377

The top structural candidate y1 is retained when378

it is supported by visual evidence. An alternative379

candidate uz ∈ C is accepted only if it is both380

visually supported and structurally valid; otherwise,381

the visual prediction is rejected and the system falls382

back to y1. If arbitration is not triggered, the final383

action-level target is directly set to y∗ = y1, and384

the executable element is obtained as e∗ = π(y∗).385

The arbitration process uses only runtime-386

observable signals, such as structural score mar-387

gins, visual confidence, text matching, scope con-388

sistency, and mapping reliability. It does not use in-389

struction levels, target annotations, or evaluation re-390

sults. Since the module operates only at the ground-391

ing stage without updating the upstream agent, UI392

parser, or visual backend, it can be used as an393

inference-time plugin for different GUI agents and394

grounding backends.395

4 Experiments396

4.1 Experimental Setup397

4.1.1 Benchmarks398

We evaluate GUI grounding capability on399

StructSpot and ScreenSpot. StructSpot is a400

structure-aware diagnostic benchmark constructed401

in this paper, containing 784 real-world web inter-402

faces and 13,875 deduplicated action instructions.403

Each sample consists of an interface screenshot, a404

structured UI description, a natural language action405

instruction, and an annotated target raw element.406

Unlike coordinate-based evaluation, StructSpot an-407

chors each target to an underlying interface ele-408

ment, directly measuring whether the model selects409

the correct executable object. StructSpot is orga-410

nized into four levels, L0-L3, which correspond to411

direct text matching, semantic generalization, local412

structural localization, and relational action-target413

localization. Unless otherwise specified, all main414

experiments are conducted on the full benchmark.415

We further evaluate on ScreenSpot, a standard416

GUI grounding benchmark covering web, desktop,417

and mobile scenarios, to examine whether the pro-418

posed module generalizes as a training-free plug-in419

beyond our diagnostic benchmark.420

4.1.2 Implementation Details421

We compare the proposed module with a frozen422

grounding baseline built on the same visual ground-423

ing backend. The baseline predicts the target re- 424

gion or element directly from the screenshot and 425

action instruction, without action-level UI abstrac- 426

tion, structure-aware target resolution, or conser- 427

vative visual-evidence arbitration. The proposed 428

module is applied only at inference time and does 429

not update the parameters of the underlying model, 430

UI parser, or visual backend. Both settings use 431

the same screenshots, parser outputs, and visual 432

grounding backend to isolate the effect of structure- 433

aware grounding. All experiments are conducted 434

with deterministic inference on eight NVIDIA 435

GeForce RTX 4090 GPUs, using Python 3.12, Py- 436

Torch 2.9.1, and CUDA 12.8. 437

To ensure consistent evaluation across different 438

output formats, we convert each prediction into a 439

point. If a method outputs a mark ID or bounding 440

box, we use the center of the corresponding region 441

as the predicted point, and count it as correct if it 442

falls within the ground-truth bounding box. 443

4.1.3 Metrics 444

On StructSpot, the primary metric is element-level 445

exact accuracy (EA): 446

EA =
1

N

N∑
i=1

I(êi = e∗i ) (8) 447

where êi denotes the predicted raw element, e∗i 448

denotes the annotated target element. 449

We report EA@L0, EA@L1, EA@L2, and 450

EA@L3, and further report Macro EA and Micro 451

EA: 452

Macro EA =
1

4

3∑
ℓ=0

EA@Lℓ (9) 453

454

Micro EA =

∑3
ℓ=0Cℓ∑3
ℓ=0Nℓ

(10) 455

where Nℓ and Cℓ denote the number of samples 456

and correctly grounded samples at level Lℓ, re- 457

spectively. Macro EA measures balanced perfor- 458

mance across different levels of structural complex- 459

ity, while Micro EA measures average accuracy 460

under the overall sample distribution. 461

4.2 Evaluation on Grounding Ability 462

4.2.1 Results on StructSpot 463

We first evaluate the proposed module on 464

StructSpot with different grounding backends. As 465

shown in Tab.1, across all evaluated backends, the 466
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Backend Base Model Method Macro EA Micro EA EA@L0 EA@L1 EA@L2 EA@L3

SeeClick
(Cheng et al., 2024) SeeClick-9.6B

Base 27.66 35.60 65.31 34.38 5.43 5.51
+SAGE-GUI 50.26 60.45 94.38 66.16 24.14 16.36
∆ +22.60 +24.85 +29.07 +31.78 +18.71 +10.85

ShowUI
(Lin et al., 2025) ShowUI-2B

Base 40.73 49.21 75.54 56.76 21.43 9.19
+SAGE-GUI 51.04 61.34 92.38 73.51 24.86 13.42
∆ +10.31 +12.13 +16.84 +16.75 +3.43 +4.23

CogAgent
(Hong et al., 2024) CogAgent-9B

Base 44.46 52.75 78.23 61.51 23.57 14.52
+SAGE-GUI 54.92 64.43 94.85 72.00 31.14 21.69
∆ +10.46 +11.68 +16.62 +10.49 +7.57 +7.17

UGround
(Gou et al., 2025) UGround-V1-7B

Base 52.50 62.15 90.54 75.14 27.43 16.91
+SAGE-GUI 55.23 64.92 94.46 75.57 30.86 20.04
∆ +2.73 +2.77 +3.92 +0.43 +3.43 +3.13

OmniParser
(Lu et al., 2024) Qwen3.5-35B-A3B

Base 51.85 60.28 86.38 69.30 29.29 22.43
+SAGE-GUI 56.52 65.64 94.15 74.27 33.57 24.08
∆ +4.67 +5.36 +7.77 +4.97 +4.28 +1.65

Table 1: Grounding results on StructSpot. All values are reported as percentages. ∆ 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-467

cro EA, indicating that the improvement is not spe-468

cific to a particular visual grounding model. Since469

the underlying backends are kept frozen, these470

gains suggest that reorganizing the grounding pro-471

cess around structured UI objects can improve ele-472

ment selection beyond direct screenshot-to-target473

prediction.474

The improvements are larger on weaker back-475

ends and smaller but consistent on stronger ones.476

For Macro EA, the enhanced setting brings gains477

of 22.60, 10.31, 10.46, 2.73, and 4.67 points on478

SeeClick, ShowUI, CogAgent, UGround, and Om-479

niParser, respectively. This pattern shows that480

action-level UI objects and structural constraints481

are especially useful when the base model lacks482

reliable element-level resolution, but they also com-483

plement stronger grounding models.484

The level-wise results show that the main re-485

maining bottleneck lies in structurally complex486

grounding. Improvements are more pronounced487

on L0 and L1, where targets are often connected488

to visible text or semantic descriptions. L2 and489

L3 remain harder because target selection depends490

more on local scopes, repeated components, an-491

chors, and relational context. Thus, structured UI492

information helps narrow the grounding space, but493

relation-dependent target resolution remains chal-494

lenging and requires stronger cross-element reason-495

ing. Qualitative examples in Fig.3 further illustrate496

these trends by comparing the original grounding497

backend with the enhanced setting. 498

4.2.2 Results on ScreenSpot 499

We further evaluate the proposed module on 500

ScreenSpot to assess external generalization. Un- 501

like StructSpot, ScreenSpot covers diverse web, 502

desktop, and mobile GUI scenarios without 503

structural-complexity levels, providing a comple- 504

mentary benchmark to our diagnostic setting. 505

As shown in Fig.4, each tested backend achieves 506

higher accuracy after being enhanced with the pro- 507

posed module. The gain is most pronounced on 508

SeeClick, while stronger backends such as CogA- 509

gent, ShowUI, and OmniParser also show consis- 510

tent improvements. These results indicate that the 511

proposed module is not specific to StructSpot an- 512

notations or level definitions, and can transfer to a 513

standard GUI grounding benchmark as a training- 514

free enhancement that complements screenshot- 515

based localization with structured target resolution. 516

4.3 Ablation Study 517

We conduct ablation experiments on StructSpot to 518

assess the contribution of each component. All 519

variants use OmniParser for SoM-style parsing and 520

Qwen3.5-35B-A3B as the frozen base language 521

model. As shown in Tab.2, Base is the basic ground- 522

ing pipeline; Unit adds action-oriented UI represen- 523

tation; Intent further adds structured action queries 524

and structure-aware target resolution; Visual adds 525

visual-evidence verification and recovery; and Full 526

denotes the complete method. 527
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Figure 3: Qualitative comparisons on StructSpot. The original grounding backends often fail by selecting visually
similar but structurally incorrect regions, while adding SAGE-GUI enables accurate target grounding across different
task difficulty levels (L0-L3).

Figure 4: Accuracy comparison on ScreenSpot. Blue
bars indicate results without SAGE-GUI, while orange
bars indicate results with SAGE-GUI.

Full achieves the best performance, improving528

Macro EA from 46.61 to 59.68 and Micro EA from529

41.87 to 53.33. The ablation results show that the530

components contribute in different ways. +Unit531

mainly improves L0 and L1, indicating that action-532

level UI objects help align simple instructions with533

executable elements, but representation alone does534

not resolve harder structural cases. +Intent im-535

proves Macro EA to 54.16 and raises L2 from 39.66536

to 46.53, showing the value of explicit scope and537

relational constraints. +Visual further improves538

L0 and L2, suggesting that visual evidence helps539

handle parser noise and uncertain mappings. These540

consistent gains show that the three components are541

complementary and jointly improve element-level542

grounding accuracy.543

Method Macro Micro L0 L1 L2 L3
Base 46.61 41.87 75.80 57.42 42.33 10.91
+Unit 51.20 44.91 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. L0-L3 denote
EA at different structural complexity levels. +Unit, +In-
tent, and +Visual indicate adding the corresponding
module to Base individually.

5 Conclusion 544

We present SAGE-GUI, a training-free and plug- 545

and-play framework designed for structure-aware 546

GUI grounding. It incorporates action-level UI 547

representation, structure-aware target resolution, 548

and conservative visual arbitration, which address 549

the mismatch between fragmented parser outputs, 550

screenshot-level localization, and executable inter- 551

face targets. We further introduce StructSpot, a 552

multi-level diagnostic benchmark for evaluating 553

GUI grounding under different structural complexi- 554

ties. By resolving action intents over structured UI 555

objects and using visual evidence for verification 556

and recovery, it improves grounding performance, 557

suggesting a structure-aware perspective for GUI 558

grounding in which executable action targets are 559

resolved within structured interface contexts rather 560

than merely localized as visually salient regions. 561
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Limitations562

This work focuses on one-step action grounding,563

assuming that a GUI agent has already generated an564

action intent. It does not explicitly account for long-565

term execution feedback, where an incorrect action566

taken earlier could influence later observations, ac-567

tion intents, and recovery decisions. Expanding568

structure-aware grounding to include multi-step569

agent workflows, along with state tracking and570

execution-level feedback, represents a significant571

area for future research.572

Another limitation is the reliance on parsed UI573

observations. Although the approach is not re-574

stricted to a specific parser, its effectiveness may575

be impacted by parser inaccuracies, incomplete ele-576

ment extraction, or incorrect element relationships.577

In our experiments, we used a SoM-style parser578

for observations. Future research could explore579

using DOM, accessibility-tree, or platform-specific580

interfaces to enhance robustness and applicability581

across different GUI environments.582
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A Benchmark Construction 778

A.1 StructSpot Construction Details 779

StructSpot evaluates whether GUI grounding sys- 780

tems can identify action targets with awareness 781

10



of interface structure. Rather than judging only782

whether a predicted click coordinate lies inside the783

target region, StructSpot links each action target to784

the executable interface element beneath it. This785

design allows the evaluation to directly measure786

whether a model selects the correct interactive ob-787

ject.788

Each sample includes a screenshot, a structured789

UI description, a natural-language action instruc-790

tion, and an annotated target raw element. Each791

instruction specifies a single executable step, so the792

benchmark focuses on grounding rather than high-793

level task planning. We remove duplicate action794

instructions and manually inspect ambiguous cases795

in which more than one target may be plausible.796

For samples involving repeated cards, tables, lists,797

forms, or pop-ups, the annotation also records the798

local scope, reference object, or structural relation799

needed to identify the target.800

Figure 5: Overview of StructSpot. (a) Distribution of
samples across task categories and structural complex-
ity levels (L0–L3). (b) Grounding performance under
different structural complexity levels, showing that ac-
curacy decreases as structural reasoning becomes more
demanding.

A.2 Structural Complexity Levels801

StructSpot groups action instructions into four lev-802

els, L0-L3, based on the structural information803

needed to locate the correct target. L0 mainly804

captures direct text matching, L1 covers seman-805

tic generalization, L2 requires localization within806

a nearby structure, and L3 involves parsing rela-807

tions between actions and targets. This stratifica-808

tion makes it possible to compare grounding sys-809

tems under different structural demands.As shown810

in Fig. 5, StructSpot contains a balanced distribu-811

tion of task categories and difficulty levels, while812

model performance consistently degrades as struc-813

tural complexity increases from L0 to L3.814

B SAGE-GUI Implementation Details 815

Our implementation of SAGE-GUI uses a SoM- 816

style UI parser to produce structured UI observa- 817

tions. The parser combines interactive-region de- 818

tection with OCR text extraction, yielding a struc- 819

tured element set R, a screenshot with numbered 820

marks Isom, and a mapping µ from mark ids to 821

raw elements. The method is not tied to this par- 822

ticular parser. When element bounding boxes, text, 823

roles, interactability, and local structural informa- 824

tion are available, R can also be obtained from the 825

DOM, an accessibility tree, or other screen parsing 826

interfaces. 827

The implementation first groups the low-level 828

parser outputs into action-level UI objects. These 829

low-level outputs may include text nodes, icon re- 830

gions, clickable backgrounds, input boxes, links, 831

and layout containers. Because such elements do 832

not always match the objects that users intend to act 833

on, the method aggregates related elements into in- 834

terface objects that better support action reference. 835

The aggregation uses containment relations, spa- 836

tial proximity, label-control associations, clickable- 837

region ownership, and repeated structures in lists, 838

tables, and cards. 839

Each action-level object keeps its member raw 840

elements and the mapping π to the underlying el- 841

ements. This design allows structure-aware target 842

parsing to be performed over action-level objects, 843

after which the final prediction is mapped back 844

to an executable or evaluable raw element. This 845

procedure requires no additional training and does 846

not alter the underlying raw element set. It only 847

changes the granularity at which grounding is per- 848

formed, making the candidate space closer to the 849

interactive objects that users refer to in practice. 850

C Structured Action Query and Scoring 851

The action intent is parsed into a structured action 852

query: 853

p = ⟨t, α, ρ, s, o, l⟩. (11) 854

Here, t denotes the target semantics, α the action 855

type, ρ the expected target role, s the local scope, o 856

the reference object or anchor, and l local selection 857

constraints such as order, direction, state, or spatial 858

relation. 859

The structured query determines which con- 860

straints are used during target parsing. For a candi- 861

date action-level object u, the structural matching 862
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score is defined as863

Sstruct(u | G, p) =

∑
k∈K(p) λksk(u,G, p)

Z(p)
,

Z(p) =
∑

k∈K(p)

λk.

(12)864

Here, K(p) is the set of constraints activated865

by the current query, sk is the matching score for866

the k-th constraint type, and λk is a fixed weight.867

The constraints cover semantic matching, role com-868

patibility, scope consistency, local order, anchor869

relations, state conditions, and interaction availabil-870

ity. Constraints that are not activated by the current871

query are excluded from scoring, which prevents872

irrelevant penalties for simple actions. All rules873

and weights are fixed throughout the experiments,874

and no task annotations are used for training.875

D Visual Evidence Arbitration876

In this design, the visual model serves as an addi-877

tional source of evidence after structural parsing,878

rather than as an independent final decision maker.879

Visual evidence arbitration is triggered only when880

structural parsing is uncertain. Typical cases in-881

clude a small margin between the two highest struc-882

tural scores, a large candidate set, an ambiguous883

mapping from action-level objects to raw elements,884

or a top-ranked structural candidate with weak text885

and role evidence.886

When arbitration is triggered, the system does887

not perform full-screen visual search by default.888

Instead, it defines a local visual region Ω from the889

structural parsing result. This region may corre-890

spond to the target scope, a cluster of candidates,891

an area near an anchor, or a local interaction region892

such as a pop-up. The visual grounding backend893

then operates within the SoM-marked local region894

and returns a mark id, click point, target box, or895

candidate region.896

The visual output is mapped back to an action-897

level object or raw element in the current UI repre-898

sentation. If the visual evidence supports a struc-899

tural candidate, the reliability of that candidate is900

increased. If it supports a structurally valid but901

lower-ranked candidate, candidate recovery is al-902

lowed. If the visual output cannot be mapped stably903

to a candidate element, or if it conflicts with the904

scope and relation constraints, the visual result is905

rejected and the system falls back to the structural906

parsing result.907

This arbitration mechanism uses only signals 908

observable at runtime, including structural score 909

margins, visual confidence, text matching, scope 910

consistency, and mapping reliability. It does not 911

use instruction levels, target labels, ground-truth 912

bounding boxes, or evaluation results, so it does 913

not introduce label leakage. 914

E Ablation Settings 915

The main experiments consider five ablation set- 916

tings: Base, +Unit, +Intent, +Visual, and Full. 917

These settings correspond to different conceptual 918

modules of SAGE-GUI and help analyze how each 919

component contributes to overall performance. 920

Base is the basic grounding pipeline without the 921

enhancement mechanisms introduced by SAGE- 922

GUI. +Unit adds action-level UI object represen- 923

tations to reduce fragmentation in parser outputs. 924

+Intent adds structured action queries and struc- 925

tural constraint parsing, improving the modeling 926

of action semantics, target roles, and local scopes. 927

+Visual adds visual evidence arbitration for candi- 928

date verification, error recovery, and correction of 929

raw-element mappings. Full denotes the complete 930

SAGE-GUI system, which combines action-level 931

UI representations, structure-aware target parsing, 932

and visual evidence arbitration. 933

These ablations are intended mainly to clarify 934

the problems addressed by different mechanisms, 935

rather than to serve as fully independent single- 936

factor experiments. Because the modules interact 937

at runtime, some settings share the same parser, 938

candidate generation procedure, or mapping logic. 939

F Training-Free Setting and Label 940

Leakage 941

The proposed module is training-free and targets 942

structure-aware grounding. The system does not 943

train a new GUI agent, fine-tune a vision-language 944

model, or learn a new policy network. External lan- 945

guage and visual models are used only as replace- 946

able backends for structured action-query parsing 947

and visual evidence extraction. The core compu- 948

tation comes from action-level UI representations, 949

structure-aware target parsing, and visual evidence 950

arbitration, rather than from additional policy train- 951

ing. 952

The runtime prediction does not use target ele- 953

ment labels, ground-truth bounding boxes, evalu- 954

ation results, or instruction-level information. In- 955

struction levels are used only for benchmark con- 956
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struction, grouped statistics, and experimental anal-957

ysis; they do not participate in model inference.958

The conservative fallback mechanism in the Full959

setting also relies only on runtime-observable ev-960

idence, including structural score margins, basic961

grounding predictions, visual evidence, text match-962

ing, and mapping reliability. As a result, the final963

system decision does not receive extra information964

from evaluation labels or difficulty annotations.965

G Qualitative Case Analysis966

We provide additional qualitative analyses to bet-967

ter understand both the strengths and remaining968

limitations of SAGE-GUI. The appendix includes969

representative failure patterns as well as successful970

correction cases that could not be fully presented971

in the main paper due to space constraints.972

The first group corresponds to cases where the973

original grounding backend fails while SAGE-GUI974

successfully resolves the target. These examples975

usually involve scope drift, confusion among re-976

peated components, or fragmented candidate re-977

gions. By organizing the screen into action-level978

UI objects and applying local structural constraints,979

SAGE-GUI narrows the grounding space to the cor-980

rect structural scope and corrects errors made by981

direct screenshot-level grounding.982

The second group highlights cases where visual983

evidence arbitration becomes important. When984

structural candidates have low confidence, parser985

outputs contain noise, or mappings between action-986

level objects and raw UI elements become unstable,987

local visual verification helps recover weakened988

candidates and refine the final grounding decision.989

The third group presents remaining failure cases.990

These failures are often caused by abstract rela-991

tional descriptions, underspecified intents, deeply992

nested structures, or incomplete UI parsing re-993

sults. Such cases reveal the current limitations994

of structure-aware grounding and suggest that995

stronger cross-element relational reasoning is still996

required.997

Fig. 3 presents representative successful cor-998

rection examples across different difficulty levels.999

Compared with the original grounding backends,1000

SAGE-GUI consistently shifts predictions from vi-1001

sually similar but structurally irrelevant regions to1002

the correct target UI objects. The improvements1003

are particularly visible in interfaces containing re-1004

peated elements, hierarchical layouts, or ambigu-1005

ous local regions, where screenshot-level visual1006

matching alone is insufficient for reliable target se- 1007

lection. These examples further demonstrate that 1008

introducing structured UI representations helps con- 1009

strain the grounding process and improves robust- 1010

ness in complex GUI environments. 1011
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