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Abstract001

Large multimodal model (LMM) based inter-002
face agents often fail to generalize under in-003
terface perturbations or cross operating system004
(OS) shifts due to reliance on environment spe-005
cific mappings and brittle grounding mecha-006
nisms. We present Universal-VLA, a training007
free framework for UI grounding that adapts008
past interaction experiences at inference time.009
Universal-VLA mitigates a practical limitation010
of dual branch architectures by performing vi-011
sion language alignment within a shared Con-012
trastive Language Image Pretraining (CLIP) la-013
tent space, while separately leveraging Opti-014
cal Character Recognition (OCR) based text015
similarity and combining modalities via a sim-016
ple max fusion strategy. We further introduce017
Elastic Visual Memory, a lightweight retrieval018
module that provides experience based pri-019
ors without additional training. On the real020
world ScreenSpot-v2 benchmark, Universal-021
VLA generalizes across Android, iOS, and022
Web platforms. Universal-VLA achieves near-023
ceiling robustness on the diagnostic Evo-UI++024
benchmark (98.4% on icon-only tasks) and025
a comparable 32.0% end-to-end task success026
on the real-world ScreenSpot-v2 benchmark,027
outperforming existing training-free baselines028
while maintaining an 83ms per-step latency.029
Overall, Universal-VLA offers an efficient and030
privacy preserving alternative to computation031
heavy UI agents.032

1 Introduction033

1.1 The Challenge of Universality in GUI034

Agents035

Graphical user interfaces (GUIs) represent a di-036

verse ecosystem spanning mobile, desktop, and037

embedded environments (Voxel51, 2024). Humans038

navigate these interfaces by relying on semantic039

abstractions. For example, a magnifying glass icon040

commonly denotes a search function regardless of041

the underlying operating system, visual theme, or042

UI toolkit (Deka et al., 2017). In contrast, many 043

modern interface agents exhibit substantial brittle- 044

ness under such variation. Accessibility tree based 045

approaches depend on platform specific metadata 046

such as DOM or XML structures, which are often 047

incomplete or inconsistent across platforms (Gou 048

et al., 2025; Wang et al., 2024). Similarly, coordi- 049

nate regression based grounding models degrade 050

when element geometry shifts due to scaling or 051

interface reconfiguration (Yang et al., 2025b,a). 052

Empirical studies on cross environment gen- 053

eralization consistently report sharp performance 054

degradation for agents specialized tuned to specific 055

interface ecosystems (Xie et al., 2024; Rawles et al., 056

2024). A critical yet often underexplored technical 057

challenge underlying these failures is the modality 058

embedding mismatc present in many dual branch 059

grounding architectures. In such systems, visual 060

representations produced by large vision language 061

models such as Contrastive Language Image Pre- 062

training (CLIP) (Radford et al., 2021) are directly 063

compared against textual embeddings generated by 064

independent sentence encoders such as Sentence 065

BERT (SBERT) (Reimers and Gurevych, 2019). 066

Because these embeddings reside in distinct and 067

unaligned representation manifolds, their similarity 068

scores lack geometric consistency, resulting in un- 069

stable grounding decisions in cluttered or visually 070

complex interfaces (Nayak et al., 2025). This ob- 071

servation motivates the need for a unified scoring 072

architecture that explicitly respects the structure of 073

the underlying embedding spaces. 074

1.2 Our Approach: Universal-VLA 075

Universal-VLA explicitly decouples procedural 076

reasoning, corresponding to the “what” of an in- 077

teraction, from grounding, corresponding to the 078

“where.” High-level reasoning is handled by an ex- 079

ternal large language model, while grounding is for- 080

mulated as a retrieval augmented similarity ranking 081

over candidate interface regions. To address modal- 082
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ity embedding mismatch, Universal-VLA employs083

a unified scoring framework in which the vision084

branch (Sv) operates entirely within the pre-aligned085

CLIP joint latent space. We define the mapping086

gvision→text as the identity function within this man-087

ifold, ensuring that visual region features and nat-088

ural language instructions are compared using in-089

ternally consistent representations. Importantly, it090

never directly compares CLIP and SBERT embed-091

dings, fusion operates only over scalar similarity092

scores computed within their respective embedding093

spaces.094

Universal-VLA additionally addresses the prob-095

lem of semantic aliasing, where multiple visually096

identical elements, such as repeated “Delete” icons,097

appear within a single interface. We introduce spa-098

tial contextual disambiguation using Deterministic099

Spatial-Context Aggregator based embeddings. By100

representing the user interface as a graph over can-101

didate regions, the context embedding cj captures102

the spatial relationships between a region and its103

neighboring elements. When visual and textual104

similarity scores are ambiguous or tied, this contex-105

tual signal enables the agent to distinguish elements106

based on their relative position within the interface107

structure.108

1.3 Contributions109

Our contributions are as follows:110

• Training-Free Grounding: We introduce a111

unified UI grounding framework that com-112

bines lightweight region proposals with max113

fusion scoring to mitigate modality embed-114

ding mismatch without additional training.115

• Cross-Platform Evaluation: We demon-116

strate robust generalization across Android,117

iOS, and Web environments on the real world118

ScreenSpot-v2 benchmark.119

• Evo-UI++ Benchmark: We release a di-120

agnostic benchmark of 1,000 screens with121

calibrated perturbations to evaluate semantic122

grounding robustness.123

• Efficiency: We achieve a real time per step la-124

tency of 83 ms, enabling practical interactive125

and on device deployment.126

2 Related Work 127

2.1 Environment-Specific versus Universal UI 128

Agents 129

Early UI automation systems rely on structured 130

representations such as DOM trees for web inter- 131

faces or accessibility trees for mobile platforms 132

(Deka et al., 2017; Nayak et al., 2025). While ef- 133

fective within their intended environments, these 134

approaches depend on platform specific metadata 135

and often fail to generalize across operating sys- 136

tems or interfaces with incomplete or noisy anno- 137

tations (Gou et al., 2025; Wang et al., 2024). Vi- 138

sion based grounding and vision language model 139

(VLM) agents reduce reliance on such metadata by 140

operating directly on pixels, but they remain sensi- 141

tive to layout perturbations and typically incur sub- 142

stantial inference costs (Yang et al., 2025b; Yuan 143

et al., 2025). Unlike these approaches, Universal- 144

VLA targets universality by avoiding environment- 145

specific representations altogether and grounding 146

directly in visual and semantic similarity at infer- 147

ence time. 148

2.2 Cross-Platform Grounding and Training 149

Costs 150

Recent state of the art UI agents often achieve 151

strong performance through large scale supervised 152

fine tuning or the use of extensive interaction tra- 153

jectories (Wang et al., 2024; Hsieh et al., 2025). 154

Although effective, these approaches require sig- 155

nificant data collection and retraining when inter- 156

faces change. Training free methods aim to reduce 157

this overhead, but many existing pipelines remain 158

brittle under modality skew or interface variation 159

(Singh et al., 2025). In contrast, Universal-VLA 160

eliminates offline optimization entirely and instead 161

adapts at inference time by reusing prior interaction 162

experiences. 163

2.3 Retrieval-Augmented Robustness for UI 164

Grounding 165

Retrieval augmented generation has been shown 166

to improve robustness and factuality in language 167

based tasks by incorporating external knowledge at 168

inference time (Yao et al., 2023). Comparable ideas 169

for retrieval over visual interaction experiences in 170

UI grounding have received relatively limited atten- 171

tion. Universal-VLA bridges this gap by treating 172

prior UI interactions as retrievable visual experi- 173

ences, enabling transfer under appearance shifts 174

and cross platform variation without task specific 175
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retraining (Johnson et al., 2019; Cormack et al.,176

2009).177

3 Methodology178

3.1 Problem Formulation179

Let I ∈ RH×W×3 be a screen image, u a natural-180

language instruction, andR = {r1, . . . , rN} a set181

of candidate regions (bounding boxes) proposed182

from I . LetM = {e1, . . . , eK} denote the Elastic183

Visual Memory (EVM). We select184

r∗ = argmax
ri∈R

S(ri, u;M), (1)185

execute the corresponding action (e.g., tap at the186

centroid or retrieved action type), and optionally187

store successful interactions back intoM. Ground-188

ing is treated as a ranking problem over candidate189

regions, independent of the downstream action ex-190

ecution policy.191

3.2 Elastic Visual Memory (EVM)192

Each experience is stored as a tuple193

ej = (vj , tj , aj , cj), (2)194

where:195

• vj : visual embedding of a region obtained196

from the CLIP image encoder (Radford et al.,197

2021).198

• tj : textual embedding of the region label de-199

rived from OCR or accessibility text using200

SBERT (Reimers and Gurevych, 2019).201

• aj : associated action type (e.g., tap, long-202

press).203

• cj : spatial context embedding computed via204

neighborhood aggregation (Hamilton et al.,205

2017).206

EVM stores region-level interaction summaries207

rather than full trajectories, ensuring that memory208

growth remains linear and bounded.209

3.3 Unified Multimodal Scoring Architecture210

Scoring is performed via independent modality-211

specific similarity computations followed by deter-212

ministic fusion. Embeddings from different models213

are never compared directly.214

3.3.1 Vision Branch (Sv) 215

Each candidate region ri is cropped from I and 216

encoded using the CLIP image encoder to produce 217

vi ∈ Rd. The instruction u is encoded using the 218

CLIP text encoder to produce ut ∈ Rd. The vision 219

score is computed as 220

Sv(ri, u) = cos(vi, ut). (3) 221

Because CLIP is jointly trained, we directly com- 222

pute cosine similarity in its shared latent space. 223

3.3.2 Text Branch and Score Calibration 224

For each region ri, OCR-extracted text and the 225

instruction are embedded independently using a 226

Siamese SBERT network, producing embeddings 227

ti and us. The text score is computed as 228

St(ri, u) = cos(ti,us). (4) 229

CLIP-based and SBERT-based similarities are com- 230

puted independently and never compared in embed- 231

ding space. 232

Score Normalization. Cosine similarities from 233

the vision and text branches may exhibit different 234

statistical ranges. We therefore apply Z-score nor- 235

malization to each branch: 236

Norm(S) =
(S − µ)

σ
. (5) 237

The parameters µ and σ are estimated on a disjoint 238

100-screen validation subset of the Rico dataset. 239

Unless stated otherwise, all fusion operations refer 240

to normalized similarity scores. 241

Fusion. The fused similarity score is defined as 242

Sfusion(ri, u) = max{Norm(Sv),Norm(St)},
(6) 243

which acts as a deterministic modality selector un- 244

der modality skew. 245

3.4 Spatial Contextual Disambiguation 246

To disambiguate regions with identical fused 247

scores, we incorporate spatial context. 248

3.4.1 Graph Construction 249

The UI is modeled as a k-nearest neighbor graph 250

(k = 5) based on bounding-box geometry. Spatial 251

relations are derived from relative bounding-box 252

positions, with edges connecting nearest neighbors. 253
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3.4.2 Context Embedding254

Each region ri is represented by a feature vector255

fi = [xi, yi, wi, hi, Sfusion(ri, u)]. (7)256

A fixed-weight mean aggregator computes257

cj =
1

|N (j)|
∑

k∈N (j)

fk, (8)258

yielding a deterministic spatial context embedding.259

3.4.3 Instruction-Side Spatial Cue260

Spatial phrases in the instruction are extracted via a261

rule-based parser and mapped to screen quadrants,262

producing cinstr.263

3.4.4 Final Scoring264

Spatial similarity is computed as the negative Eu-265

clidean distance between cj and cinstr, min-max266

normalized to [0, 1]. The final score is267

Sfinal(rj) = Sfusion(rj , u)

+ α · Sim(cj , cinstr) + λ · boost(rj),
(9)

268

with α = 0.15.269

3.5 Indexing and Retrieval270

EVM entries are indexed using FAISS (Johnson271

et al., 2019). For a query region, the top-K neigh-272

bors are retrieved and combined using reciprocal273

rank fusion (RRF):274

boost(ri) =
K∑
k=1

1

rkk + γ
· cos(vjk ,vi). (10)275

3.6 Inference Pipeline276

3.6.1 Stage 1: Region Proposal277

Candidate regions are extracted using adaptive278

thresholding (Otsu, 1979), contour detection, size279

filtering, and non-maximum suppression (Neubeck280

and Van Gool, 2006).281

3.6.2 Stage 2: Scoring282

For each candidate region, Sv, St, Sfusion, and the283

EVM boost are computed, yielding Sfinal.284

Practical Constraints. We deduplicate near-285

identical experiences, store only high-confidence286

successes, and apply PII masking to OCR strings287

prior to storage.288

4 Experimental Setup 289

4.1 Evo-UI++ Benchmark 290

Evo-UI++ comprises 1,000 screens with controlled 291

perturbations designed to test semantic ground- 292

ing invariance, including dark-mode inversion, ge- 293

ometric jitter (small affine transforms), and dis- 294

tractor overlays. Tasks are divided into icon-only 295

and text-only subsets to probe modality depen- 296

dence. We report top-1 grounding accuracy using 297

an intersection-over-union (IoU) threshold greater 298

than 0.5. Evo-UI++ serves as a diagnostic bench- 299

mark intended to isolate grounding robustness un- 300

der systematic perturbations rather than as a com- 301

petitive leaderboard. 302

4.2 ScreenSpot-V2 Benchmark 303

ScreenSpot-V2 is a real-world UI grounding bench- 304

mark spanning Android, iOS, and Web environ- 305

ments, characterized by substantial visual and se- 306

mantic ambiguity. It reflects realistic interface 307

noise and underspecified instructions, where abso- 308

lute success rates are typically low for lightweight 309

agents. We evaluate single-step grounding to iso- 310

late grounding quality from long-horizon planning 311

effects. 312

4.3 Metrics 313

We report three evaluation metrics: Top-1 ground- 314

ing accuracy measures the percentage of predic- 315

tions with an intersection-over-union (IoU) greater 316

than 0.5, single-step success rate evaluates whether 317

the predicted grounding action is correct for a given 318

instruction, and per-action latency reports the end- 319

to-end grounding time in milliseconds, including 320

region proposal, scoring, and retrieval. 321

4.4 Baselines 322

We compare against three classes of baselines. A 323

text-only proxy uses S = St and relies solely on 324

OCR-based semantic similarity, while a vision- 325

only proxy uses S = Sv and performs purely 326

visual grounding. In addition, we evaluate mul- 327

tiple Universal-VLA variants to study the impact 328

of fusion strategy, experience memory, and region 329

proposal mechanisms. Both training-free and su- 330

pervised baselines are included to characterize the 331

accuracy–efficiency trade-off rather than to opti- 332

mize peak accuracy. 333

4



4.5 Implementation Details334

We use CLIP-based visual embeddings and SBERT-335

based text embeddings (Radford et al., 2021;336

Reimers and Gurevych, 2019), FAISS for similar-337

ity search (Johnson et al., 2019), and EasyOCR-338

style OCR (JaidedAI, 2020). Latency is measured339

per grounding action, including proposal, scor-340

ing, and retrieval. Experiments are conducted on341

an NVIDIA A100 GPU. Images are processed at342

224 × 224 resolution. The retrieval memory con-343

tains 1,000 experiences with K = 5 neighbors. Hy-344

perparameters are fixed across experiments, with345

α = 0.15 and λ = 0.1.346

5 Results and Analysis347

5.1 Robustness Under UI Perturbations348

We first evaluate robustness on the Evo-UI++ diag-349

nostic benchmark, which isolates semantic ground-350

ing behavior under controlled interface perturba-351

tions. Table 1 summarizes the quantitative re-352

sults. Text-only proxies fail on icon-only tasks353

due to missing OCR cues, while vision-only prox-354

ies perform well on clean icon screens but de-355

grade substantially under perturbations. In con-356

trast, Universal-VLA remains near-ceiling across357

task types due to dynamic modality selection and358

experience-based memory augmentation. These359

trends are visualized in Figure 1, which shows360

that Universal-VLA degrades gracefully under ap-361

pearance and layout shifts compared to a standard362

training-free baseline.363

5.2 Real-World Performance on364

ScreenSpot-V2365

We next evaluate Universal-VLA on ScreenSpot-366

V2, a real-world GUI grounding benchmark span-367

ning Android, iOS, and Web environments. As368

shown in Table 2, Universal-VLA improves over369

single-modality proxies while maintaining sub-370

stantially lower inference latency than compara-371

ble training-free baselines. Absolute end-to-end372

success rates remain modest, reflecting realistic373

UI ambiguity and error propagation across multi-374

step navigation. To isolate grounding quality from375

planning effects, we additionally report single-step376

grounding success rates across platforms in Ta-377

ble 3. Universal-VLA demonstrates consistent per-378

formance across Android, iOS, and Web, indicating379

stable cross-platform generalization. Performance380

on Web interfaces is highest due to the higher recall381

of web-based region proposals and clearer semantic 382

structure in desktop layouts. 383

5.3 Ablation Study: The Role of Max-Fusion 384

and Memory 385

To analyze the contribution of individual compo- 386

nents, we conduct ablation studies over modality 387

fusion, memory usage, and proposal mechanisms. 388

Table 4 compares vision-only, text-only, and max- 389

fusion variants across platforms. As illustrated in 390

Figure 3, max-fusion consistently matches or ex- 391

ceeds the strongest unimodal branch, confirming 392

its role as a deterministic modality selector under 393

modality skew. Vision-only and Text-only scores 394

reflect standalone branch performance, whereas 395

Max-Fusion is evaluated as a per-instance selector 396

that succeeds if either modality produces a correct 397

grounding. 398

A more comprehensive ablation on Evo-UI++ is 399

shown in Table 5. Mean-fusion improves perfor- 400

mance when both modalities are reliable but can di- 401

lute strong unimodal signals. Max-fusion is robust 402

under modality skew, while Elastic Visual Memory 403

(EVM) provides the largest gains under perturba- 404

tions by supplying transferable priors. Replacing 405

contour-based proposals with SAM marginally im- 406

proves accuracy but increases latency substantially, 407

highlighting the trade-off between recall and real- 408

time constraints. 409

5.4 Efficiency and Latency Breakdown 410

Universal-VLA is designed for interactive use. A 411

representative latency decomposition consists of 412

region proposals (∼5 ms), visual embedding and 413

scoring (∼45 ms), OCR and text scoring (∼25 ms), 414

and FAISS retrieval (∼8 ms), resulting in an end- 415

to-end latency below 100 ms. Figure 2 shows the 416

cumulative latency distribution, indicating that the 417

majority of grounding steps complete within the 418

real-time threshold. 419

5.5 Why Universal-VLA Is Robust 420

Universal-VLA’s robustness arises from three inter- 421

acting design choices. First, grounding is formu- 422

lated as retrieval-augmented similarity rather than 423

coordinate regression, making the decision rule in- 424

variant to layout changes. Second, max-fusion acts 425

as a lightweight gating mechanism that dynami- 426

cally prioritizes vision or text depending on which 427

modality is most informative in a given UI context. 428

Third, Elastic Visual Memory increases separabil- 429

ity under perturbations by providing inference-time 430
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Figure 1: Grounding accuracy under UI perturbations on Evo-UI++. Universal-VLA maintains high accuracy across
appearance and layout shifts compared to a standard training-free baseline.

Category Text-only Vision-only Universal-VLA

Icon-only tasks 2.0 100.0 98.4 ± 1.2
Text-only tasks 98.0 98.0 98.0
Perturbed screens 45.2 92.3 97.8

Table 1: Evo-UI++ top-1 grounding accuracy (%) with IoU > 0.5.

priors aggregated via reciprocal rank fusion.431

5.6 Memory Integrity and Cold-Start432

Behavior433

To rule out data leakage, we perform a mem-434

ory cold-start ablation. A cold-start configuration435

achieves a ScreenSpot-V2 success rate of 0.320,436

while memory-seeded variants differ by less than437

1%, demonstrating that performance does not rely438

on memorized screen instances. Instead, EVM439

captures generalized semantic priors for common440

UI patterns, enabling privacy-preserving and on-441

device deployment.442

5.7 Failure Modes and Limitations443

Despite strong robustness, several failure cases re-444

main. Dense repeated affordances can confuse445

similarity-based grounding without richer contex-446

tual constraints. Very small or low-contrast targets447

may be missed by contour proposals, and OCR448

brittleness under stylized fonts or non-Latin scripts449

reduces text grounding reliability. Proposal recall450

therefore remains an upper bound on achievable451

accuracy, motivating future work on selective high- 452

recall segmentation. 453

5.8 Generalization–Efficiency Trade-off 454

While large supervised agents achieve higher ab- 455

solute accuracy on ScreenSpot-V2, they rely on 456

7B+ parameter models with latencies exceeding 457

one second per step. Universal-VLA instead priori- 458

tizes real-time responsiveness and privacy, achiev- 459

ing an 83 ms per-step latency on an A100 GPU. We 460

position Universal-VLA not as a replacement for 461

peak-accuracy agents, but as a lightweight, training- 462

free grounding module suitable for edge devices 463

and constrained deployment settings. 464

5.9 Broader Impact and Safeguards 465

Universal UI grounding can improve accessibility 466

and productivity but also introduces risks of au- 467

tomation misuse. Safeguards such as rate-limiting, 468

authentication-gated actions, intent verification, 469

and memory sanitization are essential. Elastic 470

Visual Memory should avoid storing raw OCR 471

text containing personally identifiable information 472
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Figure 2: Cumulative distribution of per-action inference latency on an A100 GPU.

Model Task Success (%) Latency (ms) Relative Compute

Universal-VLA (ours) 32.0 83 1.0×
Training-free baseline (TRISHUL-style) 31.2 167 ∼2.0×
Vision-only proxy 24.0 65 ∼0.7×
Text-only proxy 24.0 82 ∼0.9×

Table 2: End-to-end task success on ScreenSpot-V2. Results reflect combined grounding and planning effects;
grounding-only performance is reported separately. Latency denotes per-action grounding time, and relative compute
is normalized to Universal-VLA.

Platform Android iOS Web

Success Rate (SR) 0.5660 0.5102 0.6197

Table 3: Single-Step Grounding Success Rate (SR) on
ScreenSpot-v2 across platforms. This evaluates the spe-
cific precision of the Universal-VLA grounding module
in retrieving the correct target region r∗ given a gold-
standard instruction

through masking and retention controls.473

6 Conclusion474

We presented Universal-VLA, a training-free475

framework for universal UI grounding that adapts476

past interaction experiences at inference time. By477

reframing grounding as a retrieval-augmented simi-478

larity ranking over candidate regions, Universal-479

VLA generalizes across interface perturbations480

and cross-platform shifts without offline retrain-481

ing. Key design choices, including max fusion482

for dynamic modality selection and Elastic Visual 483

Memory for experience-based priors, enable robust 484

grounding under modality skew while maintain- 485

ing low inference latency. Empirically, Universal- 486

VLA demonstrates strong robustness on the diag- 487

nostic Evo-UI++ benchmark and achieves compa- 488

rable performance on the real-world ScreenSpot- 489

V2 benchmark with substantially reduced latency. 490

Future work will explore higher-recall region pro- 491

posals for challenging screens, richer contextual 492

modeling for repeated affordances, multilingual 493

OCR and text embedding extensions, and tighter 494

integration between planning and grounding via 495

uncertainty-aware feedback mechanisms. 496

Ethical Considerations 497

This work advances UI automation, which can be 498

used beneficially (accessibility, productivity) or ma- 499

liciously (spam, fraud, automated abuse). We rec- 500

ommend deployment safeguards (rate limiting, au- 501
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Figure 3: Cross-platform modality ablation on ScreenSpot-V2. Max-fusion consistently outperforms individual
vision and text branches across platforms.

Platform Vision-Only (CLIP) Text-Only (SBERT) Max-Fusion (Ours)

Mobile 0.1895 0.1850 0.5660
Desktop 0.1836 0.2024 0.5102
Web 0.1802 0.3337 0.6197

Table 4: Modality ablation on ScreenSpot-V2. Vision-only and Text-only results report independent single-branch
success rates, while Max-Fusion reports per-instance success when either branch yields a correct grounding. As a
result, Max-Fusion is not bounded by individual unimodal success rates.

thenticated actions, user confirmations for high-risk502

actions) and emphasize privacy-preserving memory503

design. In particular, EVM should store minimal504

information, apply PII masking to OCR text, and505

support deletion/expiration policies.506

Limitations507

Universal-VLA relies on region proposals, and508

grounding performance is bounded by proposal509

recall, which can miss very small or low-contrast510

interface elements under strict real-time constraints.511

Text-based grounding depends on OCR quality, and512

highly stylized fonts or non-Latin scripts can re-513

duce the effectiveness of the text branch, increasing514

reliance on visual cues. Spatial contextual disam-515

biguation models local geometric relationships but516

does not capture higher-level semantic intent or517

long-horizon task context, which can lead to er-518

rors in dense interfaces with repeated affordances.519

Finally, Universal-VLA prioritizes training-free de- 520

ployment and low latency over peak accuracy, re- 521

sulting in lower absolute performance than large 522

supervised agents on challenging real-world bench- 523

marks. 524
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A Algorithm634

Algorithm 1 Universal-VLA Inference (Ground-
ing)

Require: Screen image I , instruction u, memory
M

Ensure: Selected region r∗ and action a∗

1: R ← CONTOURPROPOSALS(I) ▷ Otsu +
contours + NMS

2: uclip ← fCLIP
text (u)

3: usbert ← fSBERT
text (u)

4: cinstr ← EXTRACTSPATIALPRIOR(u) ▷
Spatial keyword mapping

5: for all ri ∈ R do
6: vi ← fCLIP

vision(I[ri])
7: Sv ← cos(vi,uclip)
8: ℓi ← OCR(I[ri])
9: St ← (ℓi ̸= ∅)? cos(fSBERT

text (ℓi),usbert) :
0

10: Sfusion ← max(Norm(Sv),Norm(St)) ▷
Normalized scalar scores

11: cj ← SPATIALCONTEXTAGG(ri,R) ▷
Fixed-weight neighborhood pooling

12: boost← RRFBOOST(M,vi)
13: S(ri)← Sfusion + α · Sim(cj , cinstr) + λ ·

boost
14: end for
15: r∗ ← argmaxri∈R S(ri)
16: a∗ ← RETRIEVEACTION(M, r∗) ▷ fallback:

tap centroid
17: return (r∗, a∗)

B Implementation and Calibration635

Details636

This appendix provides a complete and repro-637

ducible specification of the Universal-VLA imple-638

mentation, including model choices, inference con-639

figuration, and the global calibration procedure640

used for modality fusion. All components are641

fixed and pretrained; no finetuning or reinforce-642

ment learning is used.643

B.1 Model Specifications644

Vision Branch. We use CLIP ViT-B/32 with a645

fixed input resolution of 224×224 pixels and a646

512-dimensional embedding space. Cosine similar-647

ity is used for vision-text matching. ViT-B/32 was648

selected as a deliberate trade-off between represen-649

tational strength and inference latency.650

Text Branch. For textual similarity, we 651

use SBERT all-MiniLM-L6-v2 with 652

384-dimensional embeddings. This model pro- 653

vides strong semantic alignment while maintaining 654

sub-5 ms CPU inference latency. 655

OCR Engine. We use EasyOCR with default En- 656

glish settings. OCR is applied only for region-local 657

text extraction, without language-specific tuning or 658

font heuristics. 659

B.2 Modality-Specific Scoring 660

Given an instruction q and a candidate region ri, 661

two independent similarity scores are computed: 662

Sv(i) = cos
(
ϕv(ri), ϕt(q)

)
, (11) 663

664
St(i) = cos

(
ϕo(ri), ϕt(q)

)
, (12) 665

where ϕv, ϕo, and ϕt denote CLIP image, 666

OCR-text, and instruction embeddings respec- 667

tively. 668

B.3 Latency and Determinism 669

All reported latencies correspond to single-step in- 670

ference measured end-to-end on an NVIDIA A100 671

GPU with batch size 1. The average latency is 672

83 ms per step. Since no learned or adaptive com- 673

ponents are used at inference time, Universal-VLA 674

is fully deterministic. 675

C Evo-UI++ Benchmark Construction 676

Evo-UI++ is a diagnostic benchmark designed to 677

evaluate robustness under controlled perturbations. 678

C.1 Perturbations 679

We apply layout shifts (10–50%), color inversion 680

and contrast changes, and text paraphrasing. 681

C.2 Task Composition 682

The benchmark contains over 1,000 tasks: 30% 683

icon navigation, 40% text interaction, and 30% 684

menu selection. 685

C.3 Leakage Prevention 686

No Evo-UI++ screens are stored in the Elastic Vi- 687

sual Memory, ensuring no overlap between mem- 688

ory and evaluation data. 689

D Plots 690
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Figure 4: Qualitative performance profile of Universal-VLA. Radar plot showing normalized, qualitative compar-
isons between Universal-VLA and large (7B+) UI agents across accuracy, speed, OS agility, training requirements,
and resource efficiency.
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