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Abstract001

Despite the rapid progress of large vision-002
language models (LVLMs), fine-grained, state-003
conditioned GUI interaction remains challeng-004
ing. Current evaluations offer limited cov-005
erage, imprecise target-state definitions, and006
an overreliance on final-task success, obscur-007
ing where and why agents fail. To address008
this gap, we introduce FineState-Bench, a009
benchmark that evaluates whether an agent010
can correctly ground an instruction to the in-011
tended UI control and reach the exact target012
state. FineState-Bench comprises 2,209 in-013
stances across desktop, web, and mobile plat-014
forms, spanning four interaction families and015
23 UI component types, with each instance016
explicitly specifying an exact target state for017
fine-grained state setting. We further pro-018
pose FineState-Metrics, a four-stage diagnos-019
tic pipeline with stage-wise success rates: Lo-020
calization Success Rate (SR@Loc), Interac-021
tion Success Rate (SR@Int), Exact State Suc-022
cess Rate at Locate (ES-SR@Loc), and Exact023
State Success Rate at Interact (ES-SR@Int),024
and a plug-and-play Visual Diagnostic Assis-025
tant (VDA) that generates a Description and026
a bounding-box Localization Hint to diagnose027
visual grounding reason via controlled w/ vs.028
w/o comparisons. On FineState-Bench, exact029
goal-state success remains low: ES-SR@Int030
peaks at 32.8% on Web and 22.8% on av-031
erage across platforms. With VDA localiza-032
tion hints, Gemini-2.5-Flash gains +14.9 ES-033
SR@Int points, suggesting substantial head-034
room from improved visual grounding, yet035
overall accuracy is still insufficient for reli-036
able fine-grained state-conditioned interaction037
 Github.038

1 Introduction039

Recent advances in LVLMs have enabled a new040

class of GUI agents that can execute natural-041

language instructions on real-world software in-042

terfaces (Nguyen, 2024; Wen et al., 2024). By043

integrating visual understanding with language- 044

conditioned decision making, such agents have 045

shown promising capability in operating complex 046

applications across desktop, web, and mobile en- 047

vironments. Representative systems such as Co- 048

gAgent (Hong et al., 2024) and AppAgent fur- 049

ther demonstrate the potential of this paradigm 050

for practical human computer interaction. To sup- 051

port systematic progress, prior benchmarks includ- 052

ing AITW (Gur et al., 2024) and ScreenSpot (You 053

et al., 2024; Qin et al., 2025) have provided stan- 054

dardized testbeds for evaluation. 055

Despite rapid progress in LVLM-based GUI 056

agents (Zhang et al., 2025b), achieving fine- 057

grained state-conditioned interaction remains chal- 058

lenging in practice. In many real applications, 059

a single instruction requires setting a UI control 060

to an exact target state using only the agent’s 061

first predicted interaction point, such as adjust- 062

ing a slider to a precise value, selecting an exact 063

date/time, or choosing a specific color. However, 064

agents that perform strongly under coarse success 065

criteria or standard grounding benchmarks such 066

as ScreenSpot/SeeClick (Cheng et al., 2024), An- 067

droid in the Wild (Rawles et al., 2023), and Visual- 068

WebArena (Koh et al., 2024) can still fail to reliably 069

reach precise target states. 070

A key limitation lies in current evaluation prac- 071

tices. First, at the benchmark and task-definition 072

level, existing evaluations for GUI and web/mo- 073

bile agents predominantly focus on end-to-end task 074

completion or click-level grounding. This design 075

under-represents state-conditioned interaction sce- 076

narios, and the target specifications are often insuf- 077

ficiently precise to enable unambiguous verifica- 078

tion of intermediate or final target states (Rawles 079

et al., 2023; Deng et al., 2023; Zhou et al., 2023; 080

Koh et al., 2024; Lu et al., 2024). Second, at the 081

evaluation-protocol and metric level, many stud- 082

ies primarily report aggregate outcomes such as fi- 083

nal task success or overall accuracy. Such coarse 084
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Figure 1: FineState-Bench overview and VDA. (a) Static data creation pipeline (filtering, supplementation, anno-
tation, instruction/state drafting, verification). (b) VDA-assisted evaluation that appends target-region localization
hints for controlled comparisons. (c) Fine-grained interaction taxonomy with four families and 23 UI component
types. (d) Example instances with precise target boxes and normalized interaction points.

metrics collapse the entire perception–grounding–085

interaction pipeline into a single score, obscuring086

where failures occur and preventing fine-grained087

diagnostic analysis and failure attribution (Koh088

et al., 2024; Xue et al., 2025; Liang and Zhang,089

2025; Liang and Zhou, 2025). As a consequence,090

prior work may arrive at inconsistent conclusions091

regarding failure sources.092

To address these limitations, we introduce093

FineState-Bench, a cross-platform benchmark of094

2,209 instances for single-step, fine-grained state-095

conditioned GUI exact state setting with exact096

goal-state verification. Agents are evaluated un-097

der a single-step, point-based protocol, as illus-098

trated in Figure 1 and Figure 4. Unlike proxy-099

based evaluations, each instance provides exact100

goal-state labels and dual-region annotations (a101

control-extent locate box and an interactable-core102

box) under current/target configurations, enabling103

unambiguous verification of exact goal-state at-104

tainment. Built on these annotations, we pro-105

pose FineState-Metrics, a stage-wise diagnostic106

pipeline (SR@Loc, SR@Int, ES-SR@Loc, ES-107

SR@Int) that decomposes performance from com-108

ponent grounding to interactable-core grounding 109

and point precision, and finally exact goal-state at- 110

tainment. To further quantify the grounding er- 111

rors, we introduce a plug-and-play Visual Diagnos- 112

tic Assistant (VDA) that optionally appends a De- 113

scription and/or a Localization Hint; experiments 114

show that while current agents exhibit a low suc- 115

cess floor, VDA yields substantial gains, indicating 116

insufficient accuracy for broad fine-grained state- 117

conditioned interactions. 118

Our main contributions are: (1) We define and 119

study fine-grained, state-conditioned GUI state set- 120

ting with explicit goal-state labels and exact verifi- 121

cation in desktop/web/mobile platforms. (2) We 122

build and release FineState-Bench featuring dual- 123

region annotations under current/target configura- 124

tions for component localization and interactable- 125

core precision, enabling fine-grained, reproducible 126

evaluation. (3) We introduce FineState-Metrics 127

and VDA to decompose failures and perform con- 128

trolled input-augmentation analysis, and we bench- 129

mark 8 representative agents to quantify howmuch 130

performance is limited by interactable-core local- 131

ization and point precision. 132
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2 Related Work133

GUI Agents. GUI agents have advanced rapidly134

with large vision-language and multimodal models135

(Zhang et al., 2024a; Nguyen et al., 2024). Early136

studies often relied on general-purpose models for137

GUI operation (Yang et al., 2023; AI, 2024; Zheng138

et al., 2024a), while later work increasingly builds139

GUI-specialized agents and UI grounding models140

(Hong et al., 2024; Wang et al., 2024b; Lin et al.,141

2024; Wu et al., 2024; Li et al., 2025; Gou et al.,142

2025; Chen et al., 2024a; Qin et al., 2023). These143

systems span mobile and desktop platforms (Wang144

et al., 2024a; Nong et al., 2024; Jiang et al., 2025;145

Liu et al., 2025; Fu et al., 2024; Zhang et al.,146

2025a; Yang et al., 2025), yet reliably achieving147

state-conditioned exact state setting remains chal-148

lenging. In practice, small execution errors can ac-149

cumulate into user-visible failures, especially for150

precise controls such as sliders, pickers, and pro-151

fessional UI widgets, motivating evaluations that152

stress fine-grained state manipulation rather than153

only task completion.154

GUI Agent Evaluation. Existing evaluations in-155

clude interactive end-to-end benchmarks (Zhou156

et al., 2023; Koh et al., 2024; Rawles et al., 2024;157

Xie et al., 2024; Zhang et al., 2024d; Chen et al.,158

2025; Zhang et al., 2024b) and offline grounding159

benchmarks on screenshots or professional soft-160

ware (Deng et al., 2023; Zhao et al., 2024; Qian161

et al., 2024; Dardouri et al., 2024). While these162

benchmarks improve realism or grounding assess-163

ment, they often under-cover state-conditioned in-164

teraction scenarios and lack precise target-state165

specifications for unambiguous verification. More-166

over, many protocols emphasize aggregate success167

rates, limiting deeper analysis (Zheng et al., 2024b;168

Zhang et al., 2024c). Recent benchmarks probe ro-169

bustness or distribution shifts, but they typically170

do not isolate failures from mis-perception, mis-171

localization, or incorrect state outcomes when ex-172

act goal-state attainment is required.173

Diagnosis and Failure Attribution. Recent174

work highlights that coarse metrics can obscure175

bottlenecks and yield divergent conclusions about176

failure sources (Shlomov et al., 2024). Related ef-177

forts improve grounding or data coverage (Chen178

et al., 2024b) or analyze reliability issues (Liu et al.,179

2024b), but controlled diagnosis for disentangling180

visual grounding from non-visual interaction and181

state-control factors remains limited.182

3 FineState-Bench 183

3.1 Problem Definition 184

FineState-Bench targets fine-grained, state- 185

conditioned GUI state setting with exact goal 186

states. Given a screenshot x and two instructions 187

(I0, I1), an agent predicts two points (p0, p1): 188

p0 indicates the target control’s location in the 189

current UI, and p1 indicates the operation location 190

required to reach the intended fine-grained goal 191

state. Specifically, p0 corresponds to the current 192

instruction I0 for locating the target control, 193

whereas p1 corresponds to the target instruction 194

I1 for specifying the operation location toward 195

the intended goal state. Each instance is defined 196

as τ = (x, I0, I1, c∗, sgoal, B
0
loc, B

0
int, B

1
loc, B

1
int), 197

where c∗ is the target control and sgoal is the desired 198

goal state. All boxes are axis-aligned rectangles 199

in normalized screen coordinates, each parame- 200

terized by (xmin, ymin, xmax, ymax) ∈ [0, 1]4; for 201

trajectory-based actions, we define pt (t ∈ {0, 1}) 202

as the final release (action-commit) point, since 203

it determines the resulting state in typical GUI 204

systems. 205

B0
loc denotes the locate box covering the current 206

visible extent of c∗, while B0
int denotes the box of 207

the operation-relevant element/region in the cur- 208

rent configuration for reaching sgoal. To account 209

for controls whose position or size may change dur- 210

ing the intended operation, we additionally anno- 211

tate target-configuration boxes: B1
loc denotes the lo- 212

cate box of c∗ in the target configuration, and B1
int 213

denotes the corresponding box of the operation- 214

relevant element/region in the target configuration 215

for reaching sgoal. We write p ∈ B when a pre- 216

dicted point p falls inside box B; we compare 217

p0 against (B0
loc, B

1
loc) and p1 against (B0

int, B
1
int). 218

This enables evaluation under both the current (·0) 219

and target (·1) configurations, capturing potential 220

layout changes during the intended operation. 221

Each control c has a precise, quantifiable state 222

s(c), such as a slider value, toggle status, selected 223

option. This two-point design decouples locating 224

the target control in the current UI (p0) from speci- 225

fying the goal-directed operation location (p1), re- 226

ducing interference from multi-step interactions 227

and enabling fine-grained diagnosis of localization 228

versus operation. 229

3.2 Dataset Construction and Annotation 230

Benchmark Composition. FineState-Bench 231

contains 2,209 high-quality static GUI state- 232
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Figure 2: Visualization of instruction keywords and
task type composition in FineState-Bench.

setting instances collected from three platforms:233

Desktop (810), Web (701), and Mobile (698),234

with data sourcing and quality control detailed235

in Appendix A. Each instance includes: (i) a236

screenshot x, (ii) two instructions (I0, I1) for237

current localization and target operation specifi-238

cation, (iii) an exact goal-state label sgoal with239

fine-grained state annotations for the target control,240

and (iv) four geometric annotations for the target241

control in the current and target configurations242

(B0
loc, B

0
int, B

1
loc, B

1
int).243

Interaction Taxonomy. To ensure systematic244

coverage, we group instances into four interaction245

families: (1) Numerical and Range Adjustment;246

(2) State Toggling and Option Selection; (3) Spe-247

cific Data-Type Selection; and (4) Content Organi-248

zation and View Manipulation.249

Instruction Statistics. Figure 2(a) summarizes250

instruction keywords, highlighting common inter-251

action verbs such as select, click, drag, and adjust,252

alongside state-related entities including volume,253

brightness, time, and color. Figure 2(b) reports the254

task-type distribution across the benchmark.255

3.3 FineState-Metrics256

While overall task success provides a coarse mea-257

sure of agent capability, it offers limited insight258

into where fine-grained state control fails along259

the perception-to-interaction pipeline. FineState-260

Bench is designed not only to score overall success,261

but also to attribute failures to specific capability262

factors in fine-grained state control. As defined263

in §3.1, we evaluate each instance using the two264

predicted points (p0, p1) and the resulting (record-265

ed/annotated) target state s1(c∗).266

We introduce four diagnostic Success Rates267

aligned with the four pipeline stages of Percep-268

tion, Localization, Interaction, and State Cor- 269

rectness. Perception Success Rate measures in- 270

struction understanding and goal identification by 271

checking whether the agent correctly identifies the 272

target control and intended goal state from the in- 273

puts (I0, I1), independent of any point prediction. 274

Localization Success Rate (SR@Loc) measures 275

coarse component grounding (control by check- 276

ing whether the predicted control-location point p0 277

falls inside the locate box of the target control in 278

the current configuration, i.e., p0 ∈ B0
loc, while 279

Interaction Success Rate (SR@Int) measures fine- 280

grained interactable-core grounding and point pre- 281

cision by checking whether the predicted operation 282

point p1 falls inside the operation-relevant (state- 283

changing) region in the current configuration, i.e., 284

p1 ∈ B0
int. Exact State Success Rate (ES-SR) 285

measures exact goal-state attainment by checking 286

whether the resulting (recorded/annotated) state 287

of the target control reaches the exact goal state, 288

s1(c
∗) = sgoal. Accordingly, Exact State Suc- 289

cess Rate at Locate (ES-SR@Loc) and Exact State 290

Success Rate at Interact (ES-SR@Int) measure 291

exact goal-state success conditioned on p0 ∈ 292

B1
loc and p1 ∈ B1

int, respectively, i.e., under the 293

target-configuration locate/interact boxes (see Ap- 294

pendix E for interpretation and failure-attribution 295

rules): 296

SR@Loc =
1

N

N∑
i=1

I
[
p
(i)
0 ∈ B

(i)
loc

0
]
,

SR@Int =
1

N

N∑
i=1

I
[
p
(i)
1 ∈ B

(i)
int

0
]
,

ES-SR@Loc =
1

N

N∑
i=1

I
[
p
(i)
0 ∈ B

(i)
loc

1 ∧ s
(i)
1

(
c∗(i)

)
= s

(i)
goal

]
,

ES-SR@Int =
1

N

N∑
i=1

I
[
p
(i)
1 ∈ B

(i)
int

1 ∧ s
(i)
1

(
c∗(i)

)
= s

(i)
goal

]
.

(1) 297

Here N is the number of instances, (i) indexes an 298

instance, I(·) is the indicator function, and ∧ de- 299

notes conjunction. 300

For example, in Fig.4 (D5), SR@Loc is counted 301

as success if p0 lands within the TreeView’s cur- 302

rent visible extent (B0
loc), whereas SR@Int requires 303

p1 to hit the current operation-relevant region (B0
int) 304

that can trigger the intended state change. If the 305

agent hits B1
int but the resulting state still differs 306

from sgoal, ES-SR@Int remains unsuccessful, in- 307

dicating a state-setting error beyond location/oper- 308

ation prediction. 309

3.4 Visual Diagnostic Assistant 310

Diagnostic Use of VDA. To conduct an in-depth 311

study of the factors influencing errors in fine- 312
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Benchmark Platform State-Control Evaluation Properties Number
Desktop Mobile Website Target State Labels Bloc/Bint Stage-wise Diag

ScreenSpot (Cheng et al., 2024) Yes Yes Yes No No No 1272
ScreenSpot-v2 (Wu et al., 2024) Yes Yes Yes No No No 1272

ScreenSpot-Pro (Zhao et al., 2024) Yes – – No No No 1581
WebClick (Andreux et al., 2025) – – Yes No No No 1639

VisualWebBench (Liu et al., 2024a) – – Yes No No No 1536
UI-Vision (Nayak et al., 2025) Yes – – No No No 1464
OSWorld-G (Xie et al., 2025) Yes – – No No Yes 564

FineState-Bench Yes Yes Yes Yes Yes Yes 2209

Table 1: Comparison of FineState-Bench with representative static GUI benchmarks in terms of evaluation metrics
and diagnostic capabilities. We summarize whether each benchmark supports Target State Labels verification, dual-
region geometric supervision (Bloc/Bint), and stage-wise diagnostic metrics that disentangle localization accuracy,
point-level precision, and exact state attainment.
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Figure 3: Baseline and VDA-augmented pipelines for
the target instruction I1. VDA (GPT-4o) first produces
a structured Description of the target UI element and
then a Localization Hint B̂1, which is appended to the
agent input when predicting p1. The performance gap in
ES-SR@Int quantifies the visual grounding bottleneck
for goal-directed operation.

grained operations, we introduce the Visual Diag-313

nostic Assistant (VDA) as a diagnostic tool for con-314

trolled comparisons. We use w/ and w/o to de-315

note with and without VDA. VDA evaluates the316

same agent with and without an explicit Localiza-317

tion Hint under the target instruction I1, isolating318

whether failures arise from inaccurate grounding319

of the goal-directed operation region or from visual320

perception factors. As shown in Figure 3, VDA321

produces a structured Description and a Localiza-322

tion Hint (a target-region bounding box) for I1; ei-323

ther the Description, the Localization Hint, or both324

are appended to the agent input.325

Concretely, given (x, I1), VDA predicts B̂1 ∈326

[0, 1]4 as the Localization Hint: B̂1 = L(x, I1),327

where L is instantiated with GPT-4o. Using ES- 328

SR@Int under I1, we quantify the visual ground- 329

ing bottleneck via the w/ vs. w/o VDA gap: 330

∆vis = ES-SR@Int(w/ VDA)− ES-SR@Int(w/o VDA). (2) 331

∆vis estimates the performance recoverable from 332

improved visual grounding under this Localization 333

Hint interface. 334

VDA Design. VDA follows a two-step describe- 335

then-localize procedure under I1 to produce a high- 336

fidelity Localization Hint. First, given (x, I1), 337

VDA generates a Description of the target UI el- 338

ement, including its functional role or state, dis- 339

criminative visual cues, and spatial relations to an- 340

chors. This Description is used for disambiguation 341

and is optionally provided to the agent. Then, con- 342

ditioned on the screenshot, the instruction I1, and 343

the generatedDescription, VDApredicts B̂1 in nor- 344

malized coordinates as the Localization Hint. 345

Plug-and-Play Integration of VDA. For each 346

instance, when predicting p1 under I1, the evalu- 347

ated agent receives its standard inputs optionally 348

augmented with the VDA-predicted Localization 349

Hint B̂1. Importantly, the intervention can be the 350

Description, the Localization Hint, or both. This 351

design enables controlled ablations that isolate the 352

effect of the Localization Hint from textual disam- 353

biguation. 354

4 Benchmark Characteristics and 355

Analysis 356

Table 1 shows that representative offline/static GUI 357

benchmarks mainly test whether an agent can iden- 358

tify and click the intended element, or respond to 359

higher-level prompts, without requiring verifiable 360

post-interaction state changes. As a result, models 361
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Figure 4: Representative instances from FineState-Bench, covering all 23 UI component types. For each control,
we annotate four normalized bounding boxes.

may score well even if the interaction is not pre-362

cise enough to reach an exact target state. More-363

over, they often lack a clear distinction between a364

control’s visible extent and the operation-relevant365

region that changes its state, making failures hard366

to interpret whether the model mis-grounded the367

control, clicked an ineffective region, or failed to368

set the correct state.369

FineState-Bench addresses this gap by evaluat-370

ing whether an agent can set a target control to an371

exact goal state with a single-step, single-point in-372

teraction. Each instance provides a goal state and373

dual bounding-box supervision, as shown in Fig-374

ure 4: the locate box covers the control’s extent,375

while the interact box marks the state-changing376

core region. This design enables clear attribution377

in a single interaction: missing the locate box indi-378

cates grounding failure; hitting locate but missing 379

interact suggests insufficient point precision; and 380

hitting interact but not reaching the goal state indi- 381

cates a state-setting error beyond localization. 382

5 Experiments and Analysis 383

5.1 Baselines 384

We benchmark 8 representative GUI agents on 385

FineState-Static. For a balanced comparison, we 386

include 3 closed-source LVLMs (GPT-4o (Ope- 387

nAI, 2024), Claude-3.5-Sonnet (Anthropic, 2024), 388

Gemini-2.5-Flash (Google, 2024)) as strong 389

general-purpose multimodal baselines, and 5 390

open-source GUI agents (OS-Atlas-7B (Wu 391

et al., 2024), CogAgent-9B (Hong et al., 2024), 392

UGround-7B (Gou et al., 2025), Jedi-7B- 393
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Model Name Mobile Web Desktop AVG
Closed-source Models

GPT-4o 31.0/6.2/9.1/6.2 22.8/4.5/7.0/4.5 20.6/2.2/4.4/2.2 24.8/4.3/6.8/4.3
Claude-3.5-Sonnet 31.7/11.5/13.7/11.5 15.2/1.9/4.6/1.9 22.0/3.4/5.4/3.4 23.0/5.6/7.9/5.6
Gemini-2.5-Flash 49.4/17.6/21.1/17.6 47.0/11.8/16.8/11.8 12.7/0.7/3.8/0.7 36.4/10.0/13.9/10.0

Open-source Models

OS-Atlas-7B (Wu et al., 2024) 47.5/12.8/18.7/12.8 33.2/7.5/9.2/7.5 45.3/9.8/15.2/9.8 42.0/10.0/14.4/10.0
CogAgent-9B (Hong et al., 2024) 17.7/1.8/2.5/1.8 24.1/6.4/13.7/6.4 29.4/2.3/3.5/1.2 23.7/3.5/6.6/3.1
UGround-7B (Gou et al., 2025) 50.7/19.6/22.4/19.6 62.0/32.8/62.0/32.8 46.3/16.0/25.4/16.0 53.0/22.8/36.6/22.8
Jedi-7B-1080p (Fu et al., 2024) 13.3/1.6/3.1/1.5 12.7/8.3/12.7/8.3 12.2/0.8/1.5/0.8 12.7/3.6/5.8/3.5
ShowUI-2B (Lin et al., 2024) 20.3/5.2/6.7/5.2 26.7/5.3/26.7/5.3 30.3/3.2/9.1/3.2 25.8/4.6/14.2/4.6

Table 2: Baseline evaluation on FineState-Static. Under the single-point protocol, we report four diagnostic metrics:
SR@Loc (p0∈B0

loc) / SR@Int (p1∈B0
int) / ES-SR@Loc (p0∈B1

loc) / ES-SR@Int (p1∈B1
int) (%).

1080p (Fu et al., 2024), ShowUI-2B (Lin et al.,394

2024)) that emphasize GUI grounding and action395

prediction.396

We evaluate all agents under the single-point397

protocol, using ES-SR@Int as the primary metric398

for exact goal-state attainment, and leveraging the399

stage-wise success rates (SR@Loc, SR@Int, ES-400

SR@Loc) for diagnosis and bottleneck attribution.401

5.2 Main Result402

Table 2 shows consistently low success for ex-403

act state setting, with ES-SR@Int as the pri-404

mary metric (see Appendix E for metric interpre-405

tation and rule-based failure attribution). Even the406

strongest model, UGround-7B, reaches only 32.8%407

ES-SR@Int on Web and 22.8% on average. Per-408

formance can also collapse on specific platforms409

despite reasonable localization (e.g., Gemini-2.5-410

Flash: 17.6% on Mobile vs. 0.7% on Desktop),411

indicating that robust fine-grained state setting re-412

mains difficult even on static screenshots.413

FineState-Metrics attributes most errors to the414

transition from coarse component grounding to415

interactable-core grounding. Across models,416

SR@Loc is substantially higher than SR@Int, sug-417

gesting that agents often localize the correct con-418

trol (p0! ∈!B0
loc) but miss the state-changing core419

when executing (p1! /∈!B0
int). Moreover, SR@Int is420

typically close to ES-SR@Int, implying that once421

the predicted point hits the interactable core, the ex-422

act goal state is usually achieved. This stage-wise423

degradation is visualized in Fig. 5, highlighting424

interactable-core grounding as the dominant bottle-425

neck for broad fine-grained, state-conditioned in-426

teraction.427

SR@Loc SR@Int ES-SR@Loc ES-SR@Int
FineState Metrics
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Figure 5: Performance degradation on FineState-Static.

5.3 Component-Level Diagnosis of 428

Interactable-Core Grounding 429

As shown in Figure 6, we break down SR@Loc 430

and SR@Int by UI component to diagnose which 431

interaction types contribute most to the drop from 432

coarse localization to interactable-core grounding. 433

We find that precision-sensitive, continuous con- 434

trols exhibit the largest gaps: on sliders, mod- 435

els often achieve reasonable SR@Loc but much 436

lower SR@Int, and on seek bars SR@Int can 437

even collapse despite strong localization. In con- 438

trast, discrete controls are more tractable, with 439

steppers showing a much smaller gap between 440

SR@Loc and SR@Int. Overall, these component- 441

wise results suggest that the dominant bottleneck 442

in broad fine-grained interactions is the transition 443

from coarse component localization (p0! ∈!B0
loc) 444

to interactable-core grounding (p1! ∈!B0
int); see Ta- 445

ble 6 for full numbers. 446

5.4 Diagnosis of Performance Bottlenecks 447

To attribute failures, we run a controlled com- 448

parison with VDA, which injects full VDA hints 449

consisting of a Description and a Localization 450
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Figure 6: Component-level localization vs. interactable-core grounding on FineState-Static.

Hint, while keeping the evaluated agent unchanged451

(same parameters/decoding and the same point-452

based interaction interface). To attribute failures,453

we run a controlled comparison with VDA, which454

injects full VDA hint, consisting of the Description455

and the Localization Hint, while keeping the evalu-456

ated agent unchanged (same parameters/decoding457

and the same point-based interaction interface).458

As shown in Table 3, VDA-generated localiza-459

tion hints substantially improve ES-SR@Int, with460

the largest gain observed on Gemini-2.5-Flash461

(+14.9% on average). These recoverable gains in-462

dicate that a major portion of failures stems primar-463

ily from inaccurate grounding/localization of the464

goal-directed operation region, with visual percep-465

tion factors playing a secondary role, while overall466

accuracy still remains insufficient for broad fine-467

grained interactions.468

Model Mobile Web Desktop
Gemini-2.5-Flash 17.6 11.8 0.7

ShowUI-2B 5.2 5.3 3.2
OS-Atlas-7B 12.8 7.5 9.8

Gemini-2.5-Flash(VDA-Gemini-2.5-Flash) 29.8 27.2 15.4
ShowUI-2B(VDA-Gemini-2.5-Flash) 5.8 12.3 7.5
OS-Atlas-7B(VDA-Gemini-2.5-Flash) 18.9 18.2 19.1

Gemini-2.5-Flash(VDA-GPT4o) 29.8 26.6 20.9
ShowUI-2B(VDA-GPT4o) 7.3 7.2 9.5
OS-Atlas-7B(VDA-GPT4o) 15.9 14.2 13.1

Table 3: Overall impact of VDA on ES-SR@Int (%).
We report baseline and VDA-augmented performance
under identical agent settings; improvements reflect er-
ror recoverable by better visual grounding.

5.5 Ablation Study of VDA469

We conduct an ablation study on Gemini-2.5-Flash470

in Table 4 to each VDA component / input cue /471

hint type under the single-point protocol. Using472

w/ Description but w/o localization hint yields no473

measurable improvement over w/o VDA, with ES-474

SR@Int remaining nearly unchanged across plat-475

forms. By contrast, using w/ Localization Hint pro- 476

duces a pronounced increase in ES-SR@Int across 477

all platforms, indicating that localization quality is 478

a major driver of the overall gain. The the full vari- 479

ant (w/ Description and w/ Localization Hint) (w/ 480

Description and w/ Localization Hint) performs 481

best, consistent with the description providing con- 482

textual disambiguation that improves the reliability 483

of subsequent localization. 484

VDA Configuration Mobile Web Desktop
w/o VDA 17.6 11.8 0.7
w/ Description, w/o Localization Hint 17.9 11.9 0.8
w/o Description, w/ Localization Hint 26.1 24.7 13.1
w/ Description, w/ Localization Hint 29.8 27.2 15.4

Table 4: Ablation study of VDA-Flash on Gemini-2.5-
Flash. We measure ES-SR@Int (%) under the single-
point protocol.

We provide qualitative failure cases and w/ VDA 485

comparisons in Appendix D of the Supplementary 486

materials to illustrate typical error modes, such 487

as missing the interactable core due to imprecise 488

point placement. 489

6 Conclusion 490

We present FineState-Bench, an open-source 491

benchmark and diagnostic framework for fine- 492

grained, state-conditioned GUI state setting with 493

exact goal-state verification across desktop, web, 494

and mobile platforms. Our study highlights a 495

key gap in current GUI agent evaluation: existing 496

benchmarks rarely support exact goal-state verifi- 497

cation and controlled, stage-wise diagnosis, mak- 498

ing it difficult to attribute failures in fine-grained 499

state-conditioned interactions. We hope FineState- 500

Bench, together with FineState-Metrics and VDA- 501

based analysis, will enable precise evaluation and 502

accelerate progress toward reliable, state-aware 503

GUI agents, enabling attribution analysis. 504
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Limitation505

Our study has several limitations. First, FineState-506

Bench is designed to isolate fine-grained, state-507

conditioned state setting under static screenshots508

and a single-point interaction setting. This con-509

trolled setup prioritizes precise state verification510

and diagnostic clarity, rather than modeling long-511

horizon reasoning or multi-step corrective behav-512

iors, which are complementary directions explored513

by existing interactive benchmarks. Second, VDA514

is designed as a diagnostic tool rather than a de-515

ployable component, and its localization hints rely516

on high-quality visual cues in the screenshot; ex-517

tending this analysis to fully end-to-end or real-518

time interactive settings remains an open chal-519

lenge. Third, while the benchmark covers a broad520

range of platforms and UI components, it does521

not exhaustively represent all application domains522

or accessibility-driven interface variations, which523

may exhibit different grounding and state-control524

characteristics.525
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A Data Collection and Quality Control767

Benchmark Composition. FineState-Bench768

(FineState-Static) contains 2,209 instances across769

Desktop (810), Web (701), and Mobile (698).770

Each instance includes a screenshot, an instruction771

that specifies an exact target state, fine-grained772

state labels, and geometric annotations (dual773

bounding boxes). All coordinates are normalized774

to [0, 1].775

Construction Pipeline. We curate the bench-776

mark through LVLM-based pre-filtering and man-777

ual verification, following a five-step pipeline: (1)778

Filtering from dataset: use an LVLM to pre-filter779

candidates with non-trivial state changes from780

OS-Atlas; (2) Manual screenshot supplementation:781

add missing but representative interaction patterns782

to ensure coverage of all component types; (3) Hu-783

man annotation: annotate dual bounding boxes and784

state labels; (4) LLM-assisted drafting: draft can- 785

didate instruction–state pairs, then refine them to 786

enforce exact target states; (5) Manual verification: 787

validate instruction state consistency and bounding 788

box quality, and remove ambiguous or noisy cases. 789

Interaction Taxonomy: 23 Component Types. 790

We group all tasks into four interaction families, 791

covering 23 UI component subtypes (IDs follow 792

the main paper taxonomy). 793

A. Numerical and Range Adjustment (5). A1 794

Slider: drag along a track to reach a numeric value; 795

A2 Knob: rotate to adjust a scalar value; A3 Step- 796

per: click +/- to change a discrete value; A4 Seek 797

Bar: scrub progress/time to a precise position; 798

A5 Chart Point: select a specific point/value on a 799

chart. 800

B. Toggle and Option Selection (6). B1 801

Switch: binary on/off toggle; B2 Check Box: 802

checked/unchecked (often multi-select); B3 Ra- 803

dio Group: choose exactly one option; B4 Tabs: 804

switch active tab; B5 Segmented: choose a seg- 805

ment in a segmented control; B6 Accordion: ex- 806

pand/collapse a section. 807

C. Specific Data-type Selection (5). C1 Rating: 808

pick an ordinal rating (e.g., stars); C2 Color Picker: 809

select an exact color (RGB/hex); C3 Date Picker: 810

choose a specific date; C4 Time Picker: choose a 811

specific time; C5 List Box: select an item from a 812

list/dropdown. 813

D. Content Organization and View Manipulation 814

(7). D1 Drag Reorder: drag items to change order- 815

ing; D2 Zoom Pan: zoom/pan a canvas/map to a 816

target view; D3 Resizable Pane: drag a pane edge 817

to resize; D4 Carousel: switch the active card/page 818

by swiping/scrolling; D5 Tree View: expand/col- 819

lapse/select hierarchical nodes; D6 Splitter: drag 820

a divider to adjust layout ratio; D7 Table Column: 821

operate on columns (e.g., reorder/resize/sort). 822

Component Type Distribution. Figure 9 re- 823

ports the number of tasks for each of the 23 com- 824

ponent subtypes. The distribution is long-tailed: 825

A1 Slider is the most frequent (291), followed by 826

C5 List Box/Dropdown (138) and B1 Switch (129). 827

Precise selection/adjustment interactions such as 828

A5 Chart Point (115) and C3 Date Picker (115) 829

are also well represented, along with B2 Check- 830

box (112) and B3 Radio Button (108). Meanwhile, 831

rarer interactions such as D4 Carousel (40), B5 832

Segmented (47), and D6 Splitter (53) are intention- 833

ally included to ensure coverage across the full tax- 834

onomy. 835
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Figure 7: Task distribution over the 23 UI component
subtypes in FineState-Bench.

B System Prompts836

Placeholders and Conventions. In all prompts837

below, placeholders in curly braces instruction are838

runtime-filled fields. IMAGE] denotes the screen-839

shot input. All coordinates are normalized to [0, 1].840

B.1 Base System Prompts841

B.1.1 General GUI Agent Prompt842

You are a GUI automation agent.

Input: one screenshot [IMAGE] and one
instruction.
Task: return the first interaction point
on the target UI control.

Rules:
- Exact target-state matching
(no approximation).
- No iterative trial-and-error
or multi-step refinement.

Output only one point:
[x, y] (normalized to [0, 1])

843

B.1.2 Enhanced Prompt with Component 844

Information 845

You are a GUI agent for fine-grained
state setting.

Instruction: {instruction}

Target component: {component_name}
Component type: {component_type}
Current state: {current_state}
Target state: {target_state}

Output only:
[x, y]

846

B.2 Model-Specific Prompts 847

B.2.1 Shared user template (default) 848

[IMAGE]
Instruction: {instruction}
Target: change {component_name}
from {current_state} to {target_state}

Return only: [x, y]
849

B.2.2 Closed-Source Models 850

GPT-4o. 851

SYSTEM_PROMPT = """
You are GPT-4o for GUI automation.
Given [IMAGE] and an instruction,
return the first interaction point
[x, y] in [0, 1].
Output only: [x, y]
"""

852

Claude-3.5-Sonnet. 853

SYSTEM_PROMPT = """
You are Claude for precise GUI interaction.
Given [IMAGE] and an instruction,
return the first interaction point
[x, y] in [0, 1].
Output only: [x, y]
"""

854

Gemini-2.5-Flash. 855

SYSTEM_PROMPT = """
You are Gemini for GUI automation.
Given [IMAGE] and an instruction,
return the first interaction point
[x, y] in [0, 1].
Constraint: exact target-state matching.
Output only: [x, y]
"""

856

B.2.3 Open-Source Models 857

OS-Atlas-7B. 858
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SYSTEM_PROMPT = """
You are OS-Atlas, a GUI-specialized
vision-language model.
Given [IMAGE] and an instruction,
return the first interaction point
[x, y] in [0, 1]
to satisfy the exact state requirement.
Output only: [x, y]
"""

859

ShowUI-2B.860

SYSTEM_PROMPT = """
You are ShowUI for GUI interaction.
Focus: accurate UI grounding under
a single-point protocol.
Output only: [x, y]
"""

861

B.3 VDA-Enhanced Prompts and Additional862

Analyses863

VDA in FineState-Bench. VDA follows the two-864

step describe-then-localize procedure under the tar-865

get instruction I1: The Describe step generates866

a structured Description of the target UI element867

for internal disambiguation; The Localize step pre-868

dicts a tight Localization Hint B̂1 ∈ [0, 1]4 in nor-869

malized coordinates, and only B̂1 is appended to870

the agent input when predicting p1.871

B.3.1 Describe Step: Description Generation872

VDA_DESCRIPTION_PROMPT = """
Analyze [IMAGE] and describe the target
UI control.

Instruction: {instruction}

Include:
1) Functional role + visible state
(if present)
2) Discriminative visual cues
3) Spatial relations to nearby anchors

Return a short description.
"""

873

B.3.2 Localize Step: Localization Hint874

Prediction (BBox Output)875

VDA_LOCALIZATION_PROMPT = """
Predict a tight bounding box for the
interactable core.

Instruction: {instruction}
Description: {description}
Target state: {target_state}

Output only:
[x1, y1, x2, y2] (normalized to [0, 1])
"""

876

B.3.3 Three Cross-Platform Examples877

Example 1 (Desktop, A1 Slider).878

Instruction: Adjust the volume slider
to 77.7%.
Current -> Target: 45.2% -> 77.7%

Stage-1 (description):
Horizontal slider labeled "Volume";
knob on the track.

Stage-2 (bbox_int):
[0.727, 0.550, 0.749, 0.583]

Final click point (bbox center):
[0.738, 0.567]

879

Example 2 (Web, C3 Date Picker). 880

Instruction: Select December 25, 2024
from the date picker.
Current -> Target: 2024-11-30
-> 2024-12-25

Stage-1 (description):
Calendar widget; target is the day cell "25"
in Dec 2024.

Stage-2 (bbox_int):
[0.456, 0.345, 0.478, 0.378]

Final click point (bbox center):
[0.467, 0.361]

881

Example 3 (Mobile, B1 Switch). 882

Instruction: Turn on notifications.
Current -> Target: OFF -> ON

Stage-1 (description):
A switch control on the right of the
"Notifications" row.

Stage-2 (bbox_int):
[0.156, 0.478, 0.189, 0.512]

Final click point (bbox center):
[0.172, 0.495]

883

C Supplementary Results for Fig. 6: 884

Locate vs. IntLoc 885

Table 6 provides the component-level numbers un- 886

derlying the aggregate trends in Fig. 6. For each UI 887

component category, we report Locate (p1 ∈ Bloc) 888

and Interact ( p1 ∈ Bint and s1(c
∗) = sgoal ) suc- 889

cess rates under the single-point protocol, enabling 890

direct comparison of per-component difficulty and 891

cross-model variation. 892

Overall, Interact remains consistently lower 893

than Locate across component types, with the 894

largest gaps concentrated in precision-sensitive or 895

continuous-value interactions (e.g., sliders/knob- 896

s/seek bars and view manipulation such as zoom/- 897

pan or splitters). Discrete selection primitives 898

(e.g., steppers, switches, radio groups, and tabs) 899
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are comparatively more tractable and yield non-900

trivial Interact performance for several models.901

Notably, the near-zero Interact results on the C-902

type data selection family (rating/color/date/time/-903

dropdown) highlight a persistent weakness in exact904

data-type selection under exact-state verification.905

Locate: Show the position on the line chart for September.

"Locate box": [0.27,0.19,0.91,0.93]

Interact: Drag it to the vertical axis value of approximately 55.

"Interact box": [0.68,0.36,0.71,0.40]

1. Component Description: A point on a line graph showing the value 48 in September, 

marked with an orange dot and yellow indicator

2. Interaction Coordinates: [0.792, 0.183]

3. Reasoning: The x-coordinate of 0.792 represents September's position on the timeline, 

while the y-coordinate of 0.183 represents the height of the 48-unit point relative to the 

graph's scale."

1. Component Description: A line graph showing monthly water and electricity expenses, 

with interactive data points along the line. 

2. Interaction Coordinates: [0.750, 0.167]

3. Reasoning: I've calculated the position at approximately 0.750 horizontally (around 

September position) and 0.167 vertically (55 units from bottom on a 60-unit scale). "

Figure 8: Representative failure cases and diagnostic
analysis on FineState-Static.

D Failure Cases906

Failures in FineState-Bench primarily occur dur-907

ing the transition from coarse localization to908

interactable-core grounding, where agents success-909

fully identify the target component butmiss the pre-910

cise state-changing region. As illustrated in Fig. 9911

and Fig. 8, even a minor coordinate offset on dense912

professional interfaces can prevent the agent from913

reaching the exact target state.914

SR@Loc SR@Int Diagnosis

0 0/1 Control grounding failure: the
agent fails to identify the target
control in the current UI.

1 0 Interactable-core miss (precision
failure): the agent finds the right
control but places p1 outside the
state-changing core.

1 1 Check exact state: if
ES-SR@Int= 0, it is a
state-setting error beyond core
localization; if ES-SR@Int= 1, the
exact goal state is achieved.

Table 5: Rule-of-thumb diagnosis using FineState-
Metrics.

Locate: Locate the currently selected item in the left vertical column.
1. Component Description: The "SUMMARY" item in the left vertical column, 
which appears to be the currently selected item.
2. Interaction Coordinates: [0.230, 0.220].
3. Reasoning: The instruction asks to locate the currently selected item in 
the left vertical column. "SUMMARY" is highlighted with a blue background, 
indicating it is the selected item. The coordinates point to the approximate 
center of this highlighted element.

“Locate box": [0.19,0.28,0.32,0.95]

Interact: Click the 'BNB' item in the left vertical column.
1. Component Description: The 'BNB' stock ticker item in the left-hand column.
2. Interaction Coordinates: [0.207, 0.583].
3. Reasoning: This coordinate targets the center of the 'BNB' text and its 
associated data within the vertical list of suggested stocks.

“Interact box": [0.20,0.53,0.32,0.57]

Figure 9: Representative failure cases and diagnostic
analysis on FineState-Static.

E Metric Interpretation and Failure 915

Attribution Rules 916

What each metric measures. SR@Loc mea- 917

sures component-level grounding: whether the 918

agent identifies the target control in the current 919

UI by placing p0 inside the control’s visible ex- 920

tent B0
loc. SR@Int measures interactable-core 921

grounding and point precision: whether the goal- 922

directed operation point p1 hits the state-changing 923

core region B0
int, which is particularly critical for 924

precision-sensitive continuous controls (e.g., slid- 925

ers, seek bars, and pickers). ES-SR@Loc and ES- 926

SR@Int additionally require exact goal-state attain- 927

ment (s1(c∗) = sgoal). Importantly, ES-SR@Loc 928

conditions on the target-configuration locate box 929

(B1
loc) to check control identity consistency un- 930

der potential layout changes, whereas ES-SR@Int 931

conditions on the target-configuration interact box 932

(B1
int) to check goal-directed core grounding for ex- 933

act state setting. 934
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Component Claude-3.5-Sonnet ShowUI-2B UGround-V1-7B OS-Atlas-Base-7B
SR@Loc SR@Int SR@Loc SR@Int SR@Loc SR@Int SR@Loc SR@Int

A. Numerical and Range Adjustment
A1 Slider 23.2 3.2 3.2 0.0 82.1 0.0 49.5 2.1
A2 Knob 31.0 0.0 55.2 0.0 65.5 0.0 69.0 6.9
A3 Stepper 16.7 0.0 20.0 6.7 96.7 80.0 76.7 33.3
A4 SeekBar 0.0 0.0 0.0 0.0 25.0 0.0 62.5 0.0
A5 ChartPoint 84.2 0.0 68.4 0.0 73.7 0.0 78.9 2.6
B. Toggle and Option Selection
B1 Switch 10.3 12.8 17.9 12.8 64.1 71.8 71.8 48.7
B2 Checkbox 25.0 0.0 36.1 0.0 72.2 30.6 66.7 13.9
B3 RadioGroup 67.6 23.5 35.3 14.7 67.6 61.8 70.6 52.9
B4 Tabs 30.0 10.0 46.7 36.7 66.7 80.0 76.7 60.0
B5 Segmented 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
B6 Accordion 17.4 0.0 8.7 0.0 95.7 4.3 69.6 4.3
C. Specific Data-type Selection
C1 Rating 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
C2 ColorPicker 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
C3 DatePicker 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
C4 TimePicker 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
C5 Dropdown 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
D. Content Organization and View Manipulation
D1 DragReorder 46.7 16.7 33.3 0.0 73.3 6.7 80.0 0.0
D2 ZoomPan 25.0 14.3 17.9 21.4 35.7 35.7 64.3 17.9
D3 ResizablePane 36.0 0.0 28.0 0.0 28.0 0.0 8.0 0.0
D4 Carousel 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
D5 TreeView 11.8 6.2 29.4 6.2 88.2 6.2 52.9 12.5
D6 Splitter 46.7 6.7 13.3 20.0 40.0 6.7 20.0 0.0
D7 TableColumn 26.7 33.3 40.0 0.0 13.3 0.0 46.7 0.0

(a) Closed-source / vision GUI baselines.

Component Gemini-2.5-Flash GPT-4o CogAgent-9B MobileVLM-V2-7B
SR@Loc SR@Int SR@Loc SR@Int SR@Loc SR@Int SR@Loc SR@Int

A. Numerical and Range Adjustment
A1 Slider 54.7 11.6 34.7 4.2 5.3 0.0 0.0 0.0
A2 Knob 65.5 0.0 34.5 0.0 44.8 0.0 44.8 0.0
A3 Stepper 80.0 70.0 16.7 0.0 10.0 0.0 16.7 0.0
A4 SeekBar 68.8 0.0 18.8 0.0 0.0 0.0 0.0 0.0
A5 ChartPoint 81.6 2.6 78.9 0.0 57.9 0.0 76.3 0.0
B. Toggle and Option Selection
B1 Switch 66.7 53.8 17.9 10.3 10.3 0.0 12.8 0.0
B2 Checkbox 69.4 22.2 41.7 8.3 2.8 0.0 11.1 0.0
B3 RadioGroup 91.2 67.6 64.7 11.8 50.0 2.9 32.4 5.9
B4 Tabs 93.3 56.7 93.3 40.0 0.0 0.0 0.0 0.0
B5 Segmented 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
B6 Accordion 52.2 4.3 30.4 8.7 13.0 0.0 4.3 0.0
C. Specific Data-type Selection
C1 Rating 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
C2 ColorPicker 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
C3 DatePicker 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
C4 TimePicker 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
C5 Dropdown 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
D. Content Organization and View Manipulation
D1 DragReorder 70.0 3.3 46.7 10.0 40.0 3.3 43.3 0.0
D2 ZoomPan 42.9 32.1 28.6 17.9 17.9 14.3 10.7 25.0
D3 ResizablePane 32.0 0.0 32.0 0.0 52.0 0.0 44.0 0.0
D4 Carousel 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
D5 TreeView 41.2 6.2 35.3 12.5 0.0 0.0 0.0 0.0
D6 Splitter 46.7 0.0 33.3 6.7 46.7 0.0 26.7 20.0
D7 TableColumn 40.0 0.0 0.0 0.0 66.7 6.7 53.3 0.0

(b) Additional baselines.

Table 6: Component-wise SR@Loc vs. SR@Int success rates (%).
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