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Abstract

Large multimodal model (LMM) based inter-
face agents often fail to generalize under in-
terface perturbations or cross operating system
(OS) shifts due to reliance on environment spe-
cific mappings and brittle grounding mecha-
nisms. We present Universal-VLA, a training
free framework for UI grounding that adapts
past interaction experiences at inference time.
Universal-VLA mitigates a practical limitation
of dual branch architectures by performing vi-
sion language alignment within a shared Con-
trastive Language Image Pretraining (CLIP) la-
tent space, while separately leveraging Opti-
cal Character Recognition (OCR) based text
similarity and combining modalities via a sim-
ple max fusion strategy. We further introduce
Elastic Visual Memory, a lightweight retrieval
module that provides experience based pri-
ors without additional training. On the real
world ScreenSpot-v2 benchmark, Universal-
VLA generalizes across Android, iOS, and
Web platforms. Universal-VLA achieves near-
ceiling robustness on the diagnostic Evo-Ul++
benchmark (98.4% on icon-only tasks) and
a comparable 32.0% end-to-end task success
on the real-world ScreenSpot-v2 benchmark,
outperforming existing training-free baselines
while maintaining an 83ms per-step latency.
Overall, Universal-VLA offers an efficient and
privacy preserving alternative to computation
heavy UI agents.

1 Introduction

1.1 The Challenge of Universality in GUI
Agents

Graphical user interfaces (GUIs) represent a di-
verse ecosystem spanning mobile, desktop, and
embedded environments (Voxel51, 2024). Humans
navigate these interfaces by relying on semantic
abstractions. For example, a magnifying glass icon
commonly denotes a search function regardless of
the underlying operating system, visual theme, or

UI toolkit (Deka et al., 2017). In contrast, many
modern interface agents exhibit substantial brittle-
ness under such variation. Accessibility tree based
approaches depend on platform specific metadata
such as DOM or XML structures, which are often
incomplete or inconsistent across platforms (Gou
et al., 2025; Wang et al., 2024). Similarly, coordi-
nate regression based grounding models degrade
when element geometry shifts due to scaling or
interface reconfiguration (Yang et al., 2025b,a).

Empirical studies on cross environment gen-
eralization consistently report sharp performance
degradation for agents specialized tuned to specific
interface ecosystems (Xie et al., 2024; Rawles et al.,
2024). A critical yet often underexplored technical
challenge underlying these failures is the modality
embedding mismatc present in many dual branch
grounding architectures. In such systems, visual
representations produced by large vision language
models such as Contrastive Language Image Pre-
training (CLIP) (Radford et al., 2021) are directly
compared against textual embeddings generated by
independent sentence encoders such as Sentence
BERT (SBERT) (Reimers and Gurevych, 2019).
Because these embeddings reside in distinct and
unaligned representation manifolds, their similarity
scores lack geometric consistency, resulting in un-
stable grounding decisions in cluttered or visually
complex interfaces (Nayak et al., 2025). This ob-
servation motivates the need for a unified scoring
architecture that explicitly respects the structure of
the underlying embedding spaces.

1.2 Our Approach: Universal-VLA

Universal-VLA explicitly decouples procedural
reasoning, corresponding to the “what” of an in-
teraction, from grounding, corresponding to the
“where.” High-level reasoning is handled by an ex-
ternal large language model, while grounding is for-
mulated as a retrieval augmented similarity ranking
over candidate interface regions. To address modal-



ity embedding mismatch, Universal-VLA employs
a unified scoring framework in which the vision
branch (5, operates entirely within the pre-aligned
CLIP joint latent space. We define the mapping
Gvision—text as the identity function within this man-
ifold, ensuring that visual region features and nat-
ural language instructions are compared using in-
ternally consistent representations. Importantly, it
never directly compares CLIP and SBERT embed-
dings, fusion operates only over scalar similarity
scores computed within their respective embedding
spaces.

Universal-VLA additionally addresses the prob-
lem of semantic aliasing, where multiple visually
identical elements, such as repeated “Delete” icons,
appear within a single interface. We introduce spa-
tial contextual disambiguation using Deterministic
Spatial-Context Aggregator based embeddings. By
representing the user interface as a graph over can-
didate regions, the context embedding c; captures
the spatial relationships between a region and its
neighboring elements. When visual and textual
similarity scores are ambiguous or tied, this contex-
tual signal enables the agent to distinguish elements
based on their relative position within the interface
structure.

1.3 Contributions

Our contributions are as follows:

* Training-Free Grounding: We introduce a
unified Ul grounding framework that com-
bines lightweight region proposals with max
fusion scoring to mitigate modality embed-
ding mismatch without additional training.

¢ Cross-Platform Evaluation: We demon-
strate robust generalization across Android,
i0S, and Web environments on the real world
ScreenSpot-v2 benchmark.

* Evo-Ul++ Benchmark: We release a di-
agnostic benchmark of 1,000 screens with
calibrated perturbations to evaluate semantic
grounding robustness.

* Efficiency: We achieve a real time per step la-
tency of 83 ms, enabling practical interactive
and on device deployment.

2 Related Work

2.1 Environment-Specific versus Universal UI
Agents

Early UI automation systems rely on structured
representations such as DOM trees for web inter-
faces or accessibility trees for mobile platforms
(Deka et al., 2017; Nayak et al., 2025). While ef-
fective within their intended environments, these
approaches depend on platform specific metadata
and often fail to generalize across operating sys-
tems or interfaces with incomplete or noisy anno-
tations (Gou et al., 2025; Wang et al., 2024). Vi-
sion based grounding and vision language model
(VLM) agents reduce reliance on such metadata by
operating directly on pixels, but they remain sensi-
tive to layout perturbations and typically incur sub-
stantial inference costs (Yang et al., 2025b; Yuan
et al., 2025). Unlike these approaches, Universal-
VLA targets universality by avoiding environment-
specific representations altogether and grounding
directly in visual and semantic similarity at infer-
ence time.

2.2 Cross-Platform Grounding and Training
Costs

Recent state of the art Ul agents often achieve
strong performance through large scale supervised
fine tuning or the use of extensive interaction tra-
jectories (Wang et al., 2024; Hsieh et al., 2025).
Although effective, these approaches require sig-
nificant data collection and retraining when inter-
faces change. Training free methods aim to reduce
this overhead, but many existing pipelines remain
brittle under modality skew or interface variation
(Singh et al., 2025). In contrast, Universal-VLA
eliminates offline optimization entirely and instead
adapts at inference time by reusing prior interaction
experiences.

2.3 Retrieval-Augmented Robustness for Ul
Grounding

Retrieval augmented generation has been shown
to improve robustness and factuality in language
based tasks by incorporating external knowledge at
inference time (Yao et al., 2023). Comparable ideas
for retrieval over visual interaction experiences in
UI grounding have received relatively limited atten-
tion. Universal-VLA bridges this gap by treating
prior Ul interactions as retrievable visual experi-
ences, enabling transfer under appearance shifts
and cross platform variation without task specific



retraining (Johnson et al., 2019; Cormack et al.,
2009).

3 Methodology

3.1 Problem Formulation

Let I € R7XW>3 be a screen image, u a natural-
language instruction, and R = {r1,...,ry} a set
of candidate regions (bounding boxes) proposed
from I. Let M = {ey, ..., ex} denote the Elastic
Visual Memory (EVM). We select

r* = argmax S(r;, u; M), €))
ri€R

execute the corresponding action (e.g., tap at the
centroid or retrieved action type), and optionally
store successful interactions back into M. Ground-
ing is treated as a ranking problem over candidate
regions, independent of the downstream action ex-
ecution policy.

3.2 Elastic Visual Memory (EVM)

Each experience is stored as a tuple
€; = (vj,tj,aj,cj), (2)
where:

* v;: visual embedding of a region obtained
from the CLIP image encoder (Radford et al.,
2021).

* t;: textual embedding of the region label de-
rived from OCR or accessibility text using
SBERT (Reimers and Gurevych, 2019).

* aj: associated action type (e.g., tap, long-
press).

* c;: spatial context embedding computed via
neighborhood aggregation (Hamilton et al.,
2017).

EVM stores region-level interaction summaries
rather than full trajectories, ensuring that memory
growth remains linear and bounded.

3.3 Unified Multimodal Scoring Architecture

Scoring is performed via independent modality-
specific similarity computations followed by deter-
ministic fusion. Embeddings from different models
are never compared directly.

3.3.1 Vision Branch (S,)

Each candidate region r; is cropped from [ and
encoded using the CLIP image encoder to produce
v; € R?. The instruction u is encoded using the
CLIP text encoder to produce u; € RY. The vision
score is computed as

Sy(ri,u) = cos(vi, ug). 3)

Because CLIP is jointly trained, we directly com-
pute cosine similarity in its shared latent space.

3.3.2 Text Branch and Score Calibration

For each region r;, OCR-extracted text and the
instruction are embedded independently using a
Siamese SBERT network, producing embeddings
t; and ug. The text score is computed as

Se(ri, u) = cos(t;, ug). 4

CLIP-based and SBERT-based similarities are com-
puted independently and never compared in embed-
ding space.

Score Normalization. Cosine similarities from
the vision and text branches may exhibit different
statistical ranges. We therefore apply Z-score nor-
malization to each branch:
S —
Norm(S) = (5= : 3)

g

The parameters 1 and o are estimated on a disjoint
100-screen validation subset of the Rico dataset.
Unless stated otherwise, all fusion operations refer
to normalized similarity scores.

Fusion. The fused similarity score is defined as

Stusion (73, w) = max{Norm(S,), Norm(S;)},
(6)
which acts as a deterministic modality selector un-
der modality skew.

3.4 Spatial Contextual Disambiguation

To disambiguate regions with identical fused
scores, we incorporate spatial context.

3.4.1 Graph Construction

The Ul is modeled as a k-nearest neighbor graph
(k = 5) based on bounding-box geometry. Spatial
relations are derived from relative bounding-box
positions, with edges connecting nearest neighbors.



3.4.2 Context Embedding

Each region r; is represented by a feature vector
£ = [2i, yi, wi, hiy Stusion (T3, u)]- @)

A fixed-weight mean aggregator computes

> ®)

1
Ci = ———
T INOI L4

yielding a deterministic spatial context embedding.

3.4.3 Instruction-Side Spatial Cue

Spatial phrases in the instruction are extracted via a
rule-based parser and mapped to screen quadrants,
producing Cipstr-

3.4.4 Final Scoring

Spatial similarity is computed as the negative Eu-
clidean distance between c; and cipsr, min-max
normalized to [0, 1]. The final score is

Sﬁnal(rj) = Sfusi0n<7'j7 ’U,)
+ o - Sim(c¢;, Cinsir) + A - boost(r;),
)

with o = 0.15.

3.5 Indexing and Retrieval

EVM entries are indexed using FAISS (Johnson
et al., 2019). For a query region, the top-K neigh-
bors are retrieved and combined using reciprocal
rank fusion (RRF):

K

1
boost(r;) = —— - cos(vy ,v;). (10)
() =3y sV v

3.6 Inference Pipeline
3.6.1 Stage 1: Region Proposal

Candidate regions are extracted using adaptive
thresholding (Otsu, 1979), contour detection, size
filtering, and non-maximum suppression (Neubeck
and Van Gool, 2006).

3.6.2 Stage 2: Scoring

For each candidate region, .S,,, St, Stusion, and the
EVM boost are computed, yielding St

Practical Constraints. We deduplicate near-
identical experiences, store only high-confidence
successes, and apply PII masking to OCR strings
prior to storage.

4 Experimental Setup

4.1 Evo-Ul++ Benchmark

Evo-Ul++ comprises 1,000 screens with controlled
perturbations designed to test semantic ground-
ing invariance, including dark-mode inversion, ge-
ometric jitter (small affine transforms), and dis-
tractor overlays. Tasks are divided into icon-only
and text-only subsets to probe modality depen-
dence. We report top-1 grounding accuracy using
an intersection-over-union (IoU) threshold greater
than 0.5. Evo-Ul++ serves as a diagnostic bench-
mark intended to isolate grounding robustness un-
der systematic perturbations rather than as a com-
petitive leaderboard.

4.2 ScreenSpot-V2 Benchmark

ScreenSpot-V2 is a real-world UI grounding bench-
mark spanning Android, iOS, and Web environ-
ments, characterized by substantial visual and se-
mantic ambiguity. It reflects realistic interface
noise and underspecified instructions, where abso-
lute success rates are typically low for lightweight
agents. We evaluate single-step grounding to iso-
late grounding quality from long-horizon planning
effects.

4.3 Maetrics

We report three evaluation metrics: Top-1 ground-
ing accuracy measures the percentage of predic-
tions with an intersection-over-union (IoU) greater
than 0.5, single-step success rate evaluates whether
the predicted grounding action is correct for a given
instruction, and per-action latency reports the end-
to-end grounding time in milliseconds, including
region proposal, scoring, and retrieval.

4.4 Baselines

We compare against three classes of baselines. A
text-only proxy uses S = S; and relies solely on
OCR-based semantic similarity, while a vision-
only proxy uses S = S, and performs purely
visual grounding. In addition, we evaluate mul-
tiple Universal-VLA variants to study the impact
of fusion strategy, experience memory, and region
proposal mechanisms. Both training-free and su-
pervised baselines are included to characterize the
accuracy—efficiency trade-off rather than to opti-
mize peak accuracy.



4.5 Implementation Details

We use CLIP-based visual embeddings and SBERT-
based text embeddings (Radford et al., 2021;
Reimers and Gurevych, 2019), FAISS for similar-
ity search (Johnson et al., 2019), and EasyOCR-
style OCR (JaidedAl, 2020). Latency is measured
per grounding action, including proposal, scor-
ing, and retrieval. Experiments are conducted on
an NVIDIA A100 GPU. Images are processed at
224 x 224 resolution. The retrieval memory con-
tains 1,000 experiences with X' = 5 neighbors. Hy-
perparameters are fixed across experiments, with
a =0.15and A = 0.1.

S Results and Analysis

5.1 Robustness Under UI Perturbations

We first evaluate robustness on the Evo-Ul++ diag-
nostic benchmark, which isolates semantic ground-
ing behavior under controlled interface perturba-
tions. Table 1 summarizes the quantitative re-
sults. Text-only proxies fail on icon-only tasks
due to missing OCR cues, while vision-only prox-
ies perform well on clean icon screens but de-
grade substantially under perturbations. In con-
trast, Universal-VLA remains near-ceiling across
task types due to dynamic modality selection and
experience-based memory augmentation. These
trends are visualized in Figure 1, which shows
that Universal-VLA degrades gracefully under ap-
pearance and layout shifts compared to a standard
training-free baseline.

5.2 Real-World Performance on
ScreenSpot-V2

We next evaluate Universal-VLA on ScreenSpot-
V2, areal-world GUI grounding benchmark span-
ning Android, iOS, and Web environments. As
shown in Table 2, Universal-VLA improves over
single-modality proxies while maintaining sub-
stantially lower inference latency than compara-
ble training-free baselines. Absolute end-to-end
success rates remain modest, reflecting realistic
UI ambiguity and error propagation across multi-
step navigation. To isolate grounding quality from
planning effects, we additionally report single-step
grounding success rates across platforms in Ta-
ble 3. Universal-VLA demonstrates consistent per-
formance across Android, i0S, and Web, indicating
stable cross-platform generalization. Performance
on Web interfaces is highest due to the higher recall

of web-based region proposals and clearer semantic
structure in desktop layouts.

5.3 Ablation Study: The Role of Max-Fusion
and Memory

To analyze the contribution of individual compo-
nents, we conduct ablation studies over modality
fusion, memory usage, and proposal mechanisms.
Table 4 compares vision-only, text-only, and max-
fusion variants across platforms. As illustrated in
Figure 3, max-fusion consistently matches or ex-
ceeds the strongest unimodal branch, confirming
its role as a deterministic modality selector under
modality skew. Vision-only and Text-only scores
reflect standalone branch performance, whereas
Max-Fusion is evaluated as a per-instance selector
that succeeds if either modality produces a correct
grounding.

A more comprehensive ablation on Evo-Ul++ is
shown in Table 5. Mean-fusion improves perfor-
mance when both modalities are reliable but can di-
lute strong unimodal signals. Max-fusion is robust
under modality skew, while Elastic Visual Memory
(EVM) provides the largest gains under perturba-
tions by supplying transferable priors. Replacing
contour-based proposals with SAM marginally im-
proves accuracy but increases latency substantially,
highlighting the trade-off between recall and real-
time constraints.

5.4 Efficiency and Latency Breakdown

Universal-VLA is designed for interactive use. A
representative latency decomposition consists of
region proposals (~5 ms), visual embedding and
scoring (~45 ms), OCR and text scoring (~25 ms),
and FAISS retrieval (~8 ms), resulting in an end-
to-end latency below 100 ms. Figure 2 shows the
cumulative latency distribution, indicating that the
majority of grounding steps complete within the
real-time threshold.

5.5 Why Universal-VLA Is Robust

Universal-VLA’s robustness arises from three inter-
acting design choices. First, grounding is formu-
lated as retrieval-augmented similarity rather than
coordinate regression, making the decision rule in-
variant to layout changes. Second, max-fusion acts
as a lightweight gating mechanism that dynami-
cally prioritizes vision or text depending on which
modality is most informative in a given Ul context.
Third, Elastic Visual Memory increases separabil-
ity under perturbations by providing inference-time



Robustness Under Ul Perturbations (Evo-Ul++ Benchmark)
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Figure 1: Grounding accuracy under Ul perturbations on Evo-Ul++. 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 2.0 100.0 984 +£1.2
Text-only tasks 98.0 98.0 98.0
Perturbed screens 45.2 92.3 97.8

Table 1: Evo-Ul++ top-1 groun

priors aggregated via reciprocal rank fusion.

5.6 Memory Integrity and Cold-Start

Behavior

To rule out data leakage, we perform a mem-
ory cold-start ablation. A cold-start configuration
achieves a ScreenSpot-V2 success rate of 0.320,
while memory-seeded variants differ by less than
1%, demonstrating that performance does not rely
on memorized screen instances. Instead, EVM
captures generalized semantic priors for common
UI patterns, enabling privacy-preserving and on-
device deployment.

5.7 Failure Modes and Limitations

Despite strong robustness, several failure cases re-
main. Dense repeated affordances can confuse
similarity-based grounding without richer contex-
tual constraints. Very small or low-contrast targets
may be missed by contour proposals, and OCR
brittleness under stylized fonts or non-Latin scripts
reduces text grounding reliability. Proposal recall
therefore remains an upper bound on achievable

ding accuracy (%) with IoU > 0.5.

accuracy, motivating future work on selective high-
recall segmentation.

5.8 Generalization-Efficiency Trade-off

While large supervised agents achieve higher ab-
solute accuracy on ScreenSpot-V2, they rely on
7B+ parameter models with latencies exceeding
one second per step. Universal-VLA instead priori-
tizes real-time responsiveness and privacy, achiev-
ing an 83 ms per-step latency on an A100 GPU. We
position Universal-VLA not as a replacement for
peak-accuracy agents, but as a lightweight, training-
free grounding module suitable for edge devices
and constrained deployment settings.

5.9 Broader Impact and Safeguards

Universal Ul grounding can improve accessibility
and productivity but also introduces risks of au-
tomation misuse. Safeguards such as rate-limiting,
authentication-gated actions, intent verification,
and memory sanitization are essential. Elastic
Visual Memory should avoid storing raw OCR
text containing personally identifiable information
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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 1.0x
Training-free baseline (TRISHUL-style) 31.2 167 ~2.0x
Vision-only proxy 24.0 65 ~0.7x
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 7* given a gold-
standard instruction

through masking and retention controls.

6 Conclusion

We presented Universal-VLA, a training-free
framework for universal Ul grounding that adapts
past interaction experiences at inference time. By
reframing grounding as a retrieval-augmented simi-
larity ranking over candidate regions, Universal-
VLA generalizes across interface perturbations
and cross-platform shifts without offline retrain-
ing. Key design choices, including max fusion

for dynamic modality selection and Elastic Visual
Memory for experience-based priors, enable robust
grounding under modality skew while maintain-
ing low inference latency. Empirically, Universal-
VLA demonstrates strong robustness on the diag-
nostic Evo-Ul++ benchmark and achieves compa-
rable performance on the real-world ScreenSpot-
V2 benchmark with substantially reduced latency.
Future work will explore higher-recall region pro-
posals for challenging screens, richer contextual
modeling for repeated affordances, multilingual
OCR and text embedding extensions, and tighter
integration between planning and grounding via
uncertainty-aware feedback mechanisms.

Ethical Considerations

This work advances UI automation, which can be
used beneficially (accessibility, productivity) or ma-
liciously (spam, fraud, automated abuse). We rec-
ommend deployment safeguards (rate limiting, au-
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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
Desktop 0.1836
Web 0.1802

0.1850 0.5660
0.2024 0.5102
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-risk
actions) and emphasize privacy-preserving memory
design. In particular, EVM should store minimal
information, apply PII masking to OCR text, and
support deletion/expiration policies.

Limitations

Universal-VLA relies on region proposals, and
grounding performance is bounded by proposal
recall, which can miss very small or low-contrast
interface elements under strict real-time constraints.
Text-based grounding depends on OCR quality, and
highly stylized fonts or non-Latin scripts can re-
duce the effectiveness of the text branch, increasing
reliance on visual cues. Spatial contextual disam-
biguation models local geometric relationships but
does not capture higher-level semantic intent or
long-horizon task context, which can lead to er-
rors in dense interfaces with repeated affordances.

Finally, Universal-VLA prioritizes training-free de-
ployment and low latency over peak accuracy, re-
sulting in lower absolute performance than large
supervised agents on challenging real-world bench-
marks.
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A Algorithm

Algorithm 1 Universal-VLA Inference (Ground-
ing)
Require: Screen image /, instruction u, memory
M
Ensure: Selected region r* and action a*
1: R + CONTOURPROPOSALS([) > Otsu +
contours + NMS

2 Uaip  fog (1)

3 Uspere ¢ S (w)

4: Cinstr ¢ EXTRACTSPATIALPRIOR () >
Spatial keyword mapping

5: for all r; € R do

6 vie [ (1))

7: Sy < cos(Vi, Uelip)

8: ¢; < OCR(I]rs))

9: Sy (i # 0)?cos(FIBERT(0,), ugpert) :
0

10: Stusion < max(Norm(S, ), Norm(S;)) >
Normalized scalar scores

11:  c¢j  SPATIALCONTEXTAGG(1;, R) >

Fixed-weight neighborhood pooling
boost +~ RRFBOOST(M, v;)
S("’z) < Sfusion + - Sim(cj, Cinstr) +A-
boost
end for
¥ < argmax, cr S(r;)
a* <~ RETRIEVEACTION(M, r*) > fallback:
tap centroid
return (7, a*)

12:
13:

14:
15:
16:

17:

Implementation and Calibration
Details

This appendix provides a complete and repro-
ducible specification of the Universal-VLA imple-
mentation, including model choices, inference con-
figuration, and the global calibration procedure
used for modality fusion. All components are
fixed and pretrained; no finetuning or reinforce-
ment learning is used.

B.1 Model Specifications

Vision Branch. We use CLIP ViT-B/32 with a
fixed input resolution of 224x224 pixels and a
512-dimensional embedding space. Cosine similar-
ity is used for vision-text matching. ViT-B/32 was
selected as a deliberate trade-off between represen-
tational strength and inference latency.

10

Text Branch. For textual similarity, we
use SBERT all-MiniLM-Lé6-v2 with
384-dimensional embeddings. This model pro-
vides strong semantic alignment while maintaining
sub-5 ms CPU inference latency.

OCR Engine. We use EasyOCR with default En-
glish settings. OCR is applied only for region-local
text extraction, without language-specific tuning or
font heuristics.

B.2 Modality-Specific Scoring

Given an instruction ¢ and a candidate region 7;,
two independent similarity scores are computed:

Sy(i) = cos (¢u(ri), 4:(q)), (11)

Si(i) = cos (¢o(r), D1(q)), (12)

where ¢,, ¢, and ¢; denote CLIP image,
OCR-text, and instruction embeddings respec-
tively.

B.3 Latency and Determinism

All reported latencies correspond to single-step in-
ference measured end-to-end on an NVIDIA A100
GPU with batch size 1. The average latency is
83 ms per step. Since no learned or adaptive com-
ponents are used at inference time, Universal-VLA
is fully deterministic.

C Evo-Ul++ Benchmark Construction

Evo-Ul++ is a diagnostic benchmark designed to
evaluate robustness under controlled perturbations.
C.1 Perturbations

We apply layout shifts (10-50%), color inversion
and contrast changes, and text paraphrasing.

C.2 Task Composition

The benchmark contains over 1,000 tasks: 30%
icon navigation, 40% text interaction, and 30%
menu selection.

C.3 Leakage Prevention

No Evo-UlI++ screens are stored in the Elastic Vi-
sual Memory, ensuring no overlap between mem-
ory and evaluation data.

D Plots
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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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