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Abstract

The goal of multimodal large language models (MLLMs)
is not simply recognition, but visual discernment. This in-
cludes the critical capability to distinguish whether content
is partially rendered or merely obscured by another ele-
ment. Current models, which excel at object identification,
Sfundamentally struggle with this ability, limiting their robust-
ness in complex, layered environments. This challenge is
acutely evident in User Interface (UI) display defect detec-
tion, which requires fine-grained element boundary under-
standing, missing-content detection, and reasoning about
sequential interface semantic consistency. However, the ca-
pabilities of multimodal large language models (MLLMs)
and vision-language models (VLMs) for detecting Ul defect
in realistic and complex interfaces have not been system-
atically validated. To fill this gap, we present Ul-Lens,
a Ul display defect detection benchmark for multilingual
Ul scenarios. The dataset consists of 4,759 Chinese and
3,392 English interfaces meticulously annotated by design
experts, covering six display defect categories. We conduct
a systematic evaluation of 9 mainstream models (7 closed-
source, 2 open-source). Results show clear shortcomings
in current models: for tasks requiring fine-grained element
boundary understanding, performance is near-random, with
task-average F1 scores of 22.19% and 33.75% on Text Over-
flow and Container Overlap, respectively; for sequential
interface semantic consistency, the task-average F1 score is
only 11.44%, indicating severe underperformance. We re-
lease Ul-Lens to catalyze research toward robust Ul display
defect detection with fine-grained boundary awareness in
realistic interfaces. The dataset is available on this link.

1. Introduction

While general-purpose MLLMs [46, 48] and VLMs [49]
demonstrate remarkable success in understanding normal
user interfaces (Uls) [18], their ability to identify defec-
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tive Uls remains critically underexplored [6]. This re-
flects a systematic tendency in MLLMs, which are fun-
damentally biased towards what an object is, rather than
how it is presented or its contextual state. UI display de-
fects—such as text overflow, cropped content, or container
overlap—are prevalent in complex, large-scale commercial
applications [1, 24, 25,27, 31, 34, 51]. These display defects
severely degrade interface usability and user trust [4, 33],
yet existing MLLM research, often focused on tasks like
OCR [5, 11, 21] or UI understanding [2, 41, 44] on clean
pages, fails to address this pressing challenge.

UI display defect detection demands a model’s compre-
hensive capabilities in fine-grained element boundary under-
standing [10], content-missing awareness [13], and semantic
consistency judgment [4]. As illustrated in Figure 1, display
defects such as Cropped Content can involve only a handful
of occluded pixels, whereas Text Inconsistency often de-
mands reasoning across multiple pages or components [14].
These demands place the task beyond the coverage of exist-
ing UI benchmarks.

OCR UI Understanding UI defect detection ‘
Button Text

Button Text ‘ ‘ Button Text ‘

'@' The text is “Button Text”. lé]' This is a button. l@' The text on the button is cropped.

Figure 1. Differences among OCR, UI understanding, and UI dis-
play defect detection tasks: OCR focuses on text recognition; UL
understanding specializes in identifying and locating UI compo-
nents; Ul display defect detection requires perceiving and assessing

display defects.

The research gap is further exacerbated by the scarcity of
realistic, challenging datasets. Existing evaluations of mo-
bile UI display defect detection predominantly rely on data
from older open-source datasets (e.g., RICO [9]) [25, 26],
which tend to exhibit relatively simple interaction logic and
do not adequately capture the diverse styling display defects
prevalent in contemporary commercial-grade applications.
Consequently, the actual capabilities of foundation models
for detecting real-world Ul displays remain largely unknown.
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Figure 2. Overview of Ul-Lens. The benchmark covers 11 commercial applications across 21 device types with diverse attributes (color
mode, rotation, text mode, OS, scenario). It includes six defect detection tasks with expert annotations providing multi-dimensional labels

for single Ul and sequence Ul detection.

As shown in Figure 2, to fill this gap, we introduce and
release UI-Lens, a multi-faceted benchmark for evaluating
mobile Ul display defect detection in commercial applica-
tions under real-world, complex conditions. We collected
real-world Ul screens from 11 leading commercial applica-
tions across 21 mainstream devices, covering critical modes
such as large-font and dark mode and including categories
like social and e-commerce. Because genuine display defect
cases are scarce, we collaborated with eight UI/UX design
experts to synthesize an additional 1,030 positive examples
that closely mimic real display defects (for the Chinese ver-
sion of the test set). In total, the Chinese version of the bench-
mark comprises 5,356 systematically annotated instances
spanning six key display defect subtypes: Text Overflow,
Cropped Content, Container Overlap, Undisplayed Content,
Abnormal Text Ellipsis, and Text Inconsistency, comprehen-
sively encompassing typical display defect scenarios caused

by text, containers, and semantic content.

Our comprehensive evaluation of 9 mainstream MLLMs
and VLMs (including 7 closed-source and 2 open-source
[36, 43]) on Ul-Lens reveals significant, previously undoc-
umented weaknesses. As shown in Figure 3 (a), overall
accuracy on single-interface defect detection tasks is poor,
and performance plummets on fine-grained boundary-related
single-interface defect: average accuracy for Text Over-
flow (50.04%), Cropped Content (54.07%), and Container
Overlap (54.14%) is near random guessing. This result ex-
poses a critical failure in current SOTA models’ fine-grained
perceptual abilities on Ul display defects. Figure Fig. 3 (b)
reveals significant differences in F1 Score across models
(as the harmonic mean of precision and recall, F1 Score is
particularly sensitive to overly low values). Notably, Seed!.6-
Vison [35] and Gemini-2.5-Pro [8] demonstrate superior sta-
bility, achieving consistently high F1 scores across all five
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single-interface defect types.

Our main contributions are as follows:

* We construct Ul-Lens, a large-scale, high-quality dataset
comprising 4,759 Chinese pages. It is sourced from 11
latest commercial applications and 21 devices, ensuring
data timeliness, diversity, and real-world complexity.

* We formulate challenging tasks for UI display defect de-
tection, systematically including six key subtypes that
rigorously evaluate models’ capabilities in fine-grained
boundary understanding, content-missing awareness, and
semantic consistency judgment.

» Through extensive experiments on 9 models, we provide
the first systematic analysis of their capabilities in UI
display defect detection, revealing their critical failures in
fine-grained boundary understanding and identifying clear
directions for future optimization.

To promote the development of robust and reliable Ul display

defect detection techniques, we publicly release UlI-Lens

at this link. Additionally, we will open-source an English
version consisting of 3,392 English interfaces.

2. UI-Lens

In this section, we present UI-Lens. We first describe the data
collection process in section 2.1, followed by the data anno-
tation process in section 2.2. We then provide an overview
of the sample distribution of Ul-Lens in section 2.3.

2.1. Data Collection

The data collection follows the principles of diversity and
authenticity. Appendix A contains detailed metadata, includ-
ing the model of the collection device, application names,

GPT-40
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90%
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Figure 3. Overview of single-interface defect detection performance. (a) Accuracy; (b) F1 scores.

modes, and examples of corresponding interface names. We
first manually collected user interfaces from 11 leading com-
mercial applications across domains like social networking,
e-commerce, and authoring tools. The data spans 21 distinct
devices (from smartphones to tablets) and four operating
systems (including iOS and HarmonyOS). Crucially, we
explicitly included challenging scenarios such as large-font
mode and dark mode to evaluate the robustness of the model.

We observed that Ul display defects are naturally scarce
in these high-quality commercial applications. This scarcity
makes it challenging to build a large-scale evaluation set
purely from real samples and confirms the difficulty of the
task. To address this scarcity while maintaining authentic-
ity, we collaborated with 8 senior UI/UX design experts
(with an average of 7.8 years of experience). Based on the
collected real Ul interfaces, these experts generated an addi-
tional 1,030 positive sample images for the Chinese dataset.
These synthesized data were generated via professional im-
age manipulation in Figma (similar to Photoshop), and the
detailed pipeline are illustrated in Appendix A. Within the
Chinese dataset, quantitative evaluation on 35,308 predic-
tions confirms the consistency between synthetic and real-
world datasets: the average accuracy is comparable (62.82%
vs. 61.81%), further corroborated by a high Pearson correla-
tion [3] (r=0.88) across defect categories. This demonstrates
that these synthesized examples closely mimic real-world
display defect scenarios. Together, these data provide high-
value, challenging cases that are difficult to capture at scale.
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2.2. Data Categorization and Annotation

UI display defect types. We define a fine-grained hierarchy
of Ul display defects, organizing 6 key subtypes into three
major categories. Visual examples for each category are
presented in Figure 4:

* Element-boundary defect (see Figure 4 (a)): covering
Text Overflow, Cropped Content, and Container Over-
lap. The display defect regions in such tasks are typically
subtle, and determination requires analyzing spatial rela-
tionships between multiple element boundaries.

¢ Content-missing defect (see Figure 4 (b)): covering
Undisplayed Content and Abnormal Text Ellipsis. These
tasks aim to detect cases where information presentation
in the UI is incomplete, posing challenges to models in
capturing missing content and determining information
integrity.

* Semantic-inconsistency defect (see Figure 4 (c)): cov-
ering Text Inconsistency. This defect usually occurs
in sequence-interface scenarios, requiring context under-
standing from multiple pages, such as verifying consistent
pricing during a purchase flow. For this subtype, we con-
struct a dedicated answer set, providing structured anno-
tations for each instance of Text Inconsistency, including
the specific interface where the display defects occurs, the
violated specification details, and a precise problem de-
scription. This answer set serves as a unified reference for
the subsequent evaluation stage.

Annotation process. To ensure annotation quality, the
entire process was managed by the 8 U/UX design experts.
We first jointly formulated detailed annotation guidelines
for all 6 display defect types (see Appendix B for details
of the guidelines). The process then involved a rigorous
two-stage process: (1) Initial Annotation: Experts identified
and marked display defect regions using bounding boxes;
(2) Cross-Validation and Arbitration: A different expert re-
viewed the annotations. Any disagreements were discussed
and resolved by the expert panel to ensure high consistency
and accuracy. To measure inter-annotator reliability, we
computed Krippendorff’s alpha [17] on a subset of 1,000
instances annotated by multiple experts, resulting in a score
of 0.8417 (which exceeds the widely accepted threshold of
0.80, demonstrating robust reliability). This expert-driven,
high-quality annotation process is a key differentiator of our
benchmark and is essential for evaluating fine-grained tasks
where non-expert annotation would be unreliable.

2.3. Benchmark Statistics and Analysis

To visually present the scale and distribution characteristics
of UI-Lens, this section conducts a statistical analysis from
three perspectives: overall data scale, distribution of display
defect points, and application coverage distribution.
Overall data scale. The Chinese version of the Ul-
Lens dataset contains 4,759 high-quality UI images, within

which 5,356 display defect instances are annotated. This
scale provides significant coverage in the field of mobile
UI display defect detection. While dataset for general Ul
understanding (e.g., WebUI [41]) prioritize massive scale
via automated collection, our contribution is a high-density,
expert-annotated defect benchmark. It is deliberately curated
to test the limits of SOTA models on difficult, fine-grained
tasks, rather than to serve as a large-scale training corpus.
The scale reflects the high cost of expert annotation and the
inherent scarcity of real-world display defects.

Ul-Lens distribution. The sample distribution of the 6
Ul display defect types is shown in Table 1. These statistics
are specific to the Chinese subset of the benchmark.

* Element boundary and content missing display defects:
In total, there are 4,156 images, of which 2,078 are positive
samples, containing 4,621 display defect instances in total,
with an average of 2.22 display defects per image. We
maintain an approximate 1:1 positive-to-negative ratio to
ensure fairness of evaluation across display defect types.
For rare but high-value display defect cases in real-world
scenarios, additional synthetic samples are incorporated to
maintain balance in type distribution and completeness in
task coverage. This balanced design is crucial for reliable
evaluation, ensuring that a 50% accuracy score genuinely
represents random-guess performance.

* Semantic-inconsistency display defect: We collected
89 sequences, each with an average of 6.8 interfaces and
8.1 annotated display defect instances, reaching a total
of 735 display defect instances. It is worth noting that a
display defect instance appears across several interfaces,
reaching a compatible instance number with other dis-
play defects. The Text Inconsistency task often occurs
in sequence-interface Uls, collection and annotation are
performed based on continuous Ul interface sequences, en-
suring that display defect instances originate from genuine
content inconsistency within real interaction flows.

Application coverage distribution. The Chinese subset
covers 11 leading applications and we prioritizes compre-
hensive scenario coverage. We systematically cover five
major Ul scenarios: (1) shooting and creation (e.g., CapCut
and Jimeng); (2) e-commerce (e.g., PDD); (3) life services
(e.g., Meituan); (4) social short videos (e.g., Douyin; and
(5) text-image reading (e.g., Hongguo and fangie). This
scenario-centric design ensures that our benchmark captures
the distinct UI display defect patterns characteristic of differ-
ent functional contexts. By sampling multiple applications
within each scenario, we validate the generalizability of
defect patterns across implementations while maintaining
scenario-specific depth through Douyin’s multi-functional
architecture.
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Figure 4. UI display defect types. (a) Element-boundary: Text Overflow, Cropped Content, Container Overlap; (b) Content-missing:
Undisplayed Content, Abnormal Text Ellipsis; (c) Semantic-inconsistency: Text Inconsistency.

Display Defect Types Statistics Tasks
Samples Pos. Samp Instances ‘ Bbox Img seqs
Single-interface defects

Text Overflow 716 358 835 v X

Cropped Content 790 395 831 v X

Container Overlap 872 436 921 v X

Undisplayed Content 850 425 878 v X

Abnormal Text Ellipsis 928 464 1,156 v X

Sequence-interface defects
Text Inconsistency 603 N/A 735 \ X v

Total 4,759 2,078 5,356 ‘ N/A N/A

Table 1. Overview of Ul display defect types and their annota-
tions. Display defects are categorized into single-interface display
defects (detected within individual screens) and sequence-interface
display defects (requiring multiple screens). Statistics include the
number of samples, positive samples (Pos. Samp), and instances.
Task annotations indicate whether bounding box (Bbox) and image
sequences (Img seqs) are available for each display defect type.
The total row summarizes the overall statistics.

3. Experiment

This section introduces evaluation of 9 multimodal models
on Ul-Lens. Section 3.1 introduces the experimental setup.
Section 3.2 presents the quantitative results.

3.1. Experiment Setup

Evaluation protocol. To ensure a fair comparison and as-
sess general ability, all evaluations are conducted using a
zero-shot CoT [40] approach. The prompt engineering adap-
tation for all models is kept consistent across display defect
detection sub-tasks. For each model, we perform two runs
under each setting and report the average score. Detailed
prompts are provided in Appendix C.

Evaluated models. We systematically evaluate 9 main-

stream multimodal models, covering both closed-source and
open-source models. The closed-source models include
the Seed series (Seedl.6 [35], Seedl.6-Vison [35], Seedl.5-
VL [12]), the GPT series (GPT-5 [30], GPT-4.1 [29], GPT-
4o [16]), and the Gemini series (Gemini-2.5-Pro [8]); the
open-source models include Qwen3-VL-235B-A22B [43] and
the GLM-4.5V [36]. Detailed configurations, inference pa-
rameters, and additional experimental information for each
model are provided in Appendix D.

Evaluation tasks. We design two evaluation tasks tai-
lored to the characteristics of the display defect types.

1. Single-interface display defect detection: We formulate
this as a binary classification task for each defect type.
As shown in Figure 5 (a), this task focuses on Ul display
defect detection within individual Ul interfaces, encom-
passing all display defect types except Text Inconsistency.
Given our dataset’s balanced 1:1 positive-to-negative ra-
tio (as described in Sec 3.3), Accuracy (Eq. 1) serves as
a primary metric, where 50% represents random-guess
performance. We also report Precision (Eq. 2), Recall
(Eq. 3), and the F1 Score (Eq. 4). As both false positives
and false negatives are critical in UI testing, the F1 score
provides a comprehensive measure of a model’s overall
performance.

2. Sequence-interface display defect detection: This task
focuses on Text Inconsistency display defects, which re-
quires reasoning across multiple UI pages. Formulated
as an open-ended recall task, we introduce a judge model
to evaluate the consistency between model outputs and
our ground truth answer set. The evaluation workflow is
illustrated in Figure 5 (b): we first extract the standard an-
swer from the answer set, then extract the corresponding
output from the model output set, sequentially perform
pages intersection judgment and issue details consistency
verification. For this task, we also rely on precision, re-

25886



Single UI ———» Model Prediction —» Compare with Groundtruth

£h True or False Evaluation Metrics

[3 Defect Notes

Description [Text] "12.109 Accuracy  Recall
million" [right
part] was cropped.
Reason :[Text was B
suddenly truncated] Precision F1 Score

Location Upper part + middle

()

Sequence UIs ——» Model Prediction Compare with Groundtruth

< Output set [ S A

Iy Pages intersection judgement

Details The price displayed on the H Step 2
product preview card [page Problem details consistency
01] is inconsistent with
that shown on the product
detail page [page 02]

Evaluation Metrics
Recall
Pages [“01”,"02"]
[© Precision

F1 Score
Answer set »:

(b)

. — Groudtruth

Figure 5. Evaluation workflow. (a) Single-interface display defect detection; (b) Sequence-interface display defect detection.

call, and F1 score. The Accuracy metric is not applicable

here, as an open-ended task lacks a clearly defined set

of “true negatives” (i.e., all possible correct statements a

model didn’t make). Our evaluation focuses on whether

the model recalls the ground-truth answers (Recall) and
whether the answers it does provide are correct (Preci-
sion).

To formalize the evaluation for both tasks, the core met-
rics are calculated based on the counts of true positives (7' P),
true negatives (7'N), false positives (F'P), and false nega-
tives (F'N) as follows:

Accuracy — TP+ TN 0
Y T TPY TN+ FP+ FN
Precision = L @
RN TPy FP
TP
Recall = — ~+
= TP FN )
F1 Score = 2 x Precision x Recall @

Precision + Recall

Detailed computation rules are in Appendix E.

3.2. Results

Figure 6 reports task-average accuracy, precision, recall, and
F1 score on Ul-Lens. Table 2 presents per-task accuracy
and F1 score for each model, summarizing model-average
accuracy and F1 score.

Finding 1: Existing models perform poorly on UI dis-
play defect detection tasks, with fine-grained tasks drop-
ping to random-guess performance. Task-average accuracy
ranging from 50%-75%, with nearly all models approach-
ing the random-guessing baseline of 50% (due to our 1:1
balanced dataset). Even the best overall model, such as
Seedl.6-Vison [35] and Gemini-2.5-Pro [8], only achieves
approximately 64%-66% model-average F1 score. As shown
in Table 2, the average accuracy on fine-grained boundary
tasks plummets to the level of a coin flip: 50.04% for Text
Overflow, 54.07% for Cropped Content, and 54.14% for
Container Overlap. Taken together, these quantitative results
indicate that current MLLMs and VLMs lack the specialized

visual reasoning capabilities required to support robust Ul
quality assurance in real-world, complex interfaces.

Finding 2: Models exhibit a pronounced precision—recall
trade-off. As shown in figure 6 (a), models adopt polarized
strategies. Aggressive models, such as Gemini-2.5-Pro [8],
pursue high recall (81.41% model-average recall, ranked
first) for comprehensive coverage but suffer from low preci-
sion (56.85% model-average precision, ranked last), requir-
ing substantial human review resources. Conservative mod-
els, such as Seed1.5-VL [12], prefer avoiding false positives
even at the cost of missed detections; for example, Seed!.5-
VL [12] achieves 75.7% model-average precision (ranked
first) but only 27.07% model-average recall, rendering it
unusable in scenarios requiring high coverage. However, as
shown in Figure 6 (b), due to the open-ended recall nature
of the sequence-interface semantic inconsistency task, mod-
els generally demonstrate higher precision but lower recall.
Moreover, all three metrics perform poorly on Text Inconsis-
tency, reflecting the inherent difficulty in comprehensively
identifying all semantic inconsistencies across multiple in-
terface states.

Finding 3: Fine-grained boundary understanding and
sequence-level interface semantic consistency auditing pose
severe challenges, while content-absence tasks are rela-
tively manageable. On display defect detection tasks in-
volving boundary understanding, average F1 scores are uni-
formly low—Text Overflow at 22.19%, Container Overlap at
33.75%, and Cropped Content at 42.05%—approaching ran-
dom discrimination. Sequence-level semantic consistency
auditing is even more demanding: for Text Inconsistency, the
average F1 across models is only 11.44%, highlighting weak
cross-interface reasoning. In contrast, models perform rela-
tively better on tasks involving content absence, with task-
average F1 scores of 57.78% for Undisplayed Content and
75.24% for Abnormal Text Ellipsis.

Finding 4: Advanced prompting strategies yield marginal
gains, highlighting a fundamental lack of UI cognitive
models. We evaluated diverse prompting paradigms (self-
correction [38], FGVP [45], and one-shot CoT [40]) on
SOTA models (Table 3). While one-shot prompting out-
performed self-reasoning methods by providing explicit do-
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Figure 6. Evaluation results of accuracy, precision, recall, and F1 score. (a) Results for single-interface tasks; (b) Results for sequence-

interface tasks.

Model Accuracy F1 Scores
TO CcC CO ucC ATE TO CC CcO ucC ATE TI

Seed].5-VL [12] 4942 5439 5203 69.04 77.02 4.91 30.62 8.83 5728 74.06 1.92
Seedl.6-Vison [35] 4985 56.56 @ 63.53 68.21 72.82 5254 | 6231 6323 @ 69.26 77.30 7.59
Seed.6 [35] 4942 5490 4994 6892 80.22 1.14 30.86 6.10 59.69 | 79.21 10.96
GPT-5 [30] 50.67 5231 5426 68.40 | 81.07 6.80 25.51 3465 60.18 | 81.13 19.43
GPT-4.1[29] 48.28 56.92 52.34 69.96 73.24 6.50 52.12 28.72 62.33 71.57 8.54
GPT-40 [16] 49.33 5125 5270 69.60 68.59 3877 62.01 3624 61.11 7442 11.71
Gemini-2.5-Pro [8] 5232 5336 56.78 64.05 70.86 @ 64.67 61.60 | 65.05 67.68 7497 | 2494
GLM-4.5V [36] 50.37 53.62 50.06 59.59 75.17 10.30 22.81 N/A 31.77 72.80 6.64
Owen3-VL-235B-A22B [43]  50.67 5336 5558 6526 7506 14.10 30.58 27.17 50.68 71.72 11.25
ALL 50.04 5407 54.14 67.00 74.89 22.19 42.05 3375 57778 7524 11.44

Table 2. Model performance evaluation. The table reports accuracy and F1 scores for 9 models across six evaluation tasks (TO: Text
Overflow; CC: Cropped Content; CO: Container Overlap; UC: Undisplayed Content; ATE: Abnormal Text Ellipsis; TI: Text Inconsistency).
Cell shading encodes each model’s relative rank within a task: purple denotes the top four (darker indicates a better rank), and yellow
denotes the bottom four (darker indicates a worse rank). The ALL row presents the average performance per task across all models.

main context, overall performance improvements remained
marginal (+0.60 to +2.48 in F1). Consistent with prior re-
search [6], purely prompt-based approaches inherently strug-
gle to resolve subtle visual nuances. Consequently, current
MLLMs lack a cognitive model of common UI conventions
and reason only about surface-level visual cues, exhibiting
weak “atomic defect detection” capabilities that prompt en-
gineering alone cannot overcome.

Model FGVP One shot

Gemini-2.5-Pro 66.79 66.89 (+0.10) 67.08 (+0.29) 67.39 (+0.60)
Seedl.6-Vison 64.93 63.94 ( ) 66.21 (+1.28) 67.41 (+2.48)

0 shot Self correction

Table 3. Performance F1 scores for SOTA models across four
prompting strategies.

4. Error Analysis

This section analyzes errors in UI display defect detection.
For single-interface detection error analysis in subsection 4.1
, we concentrate on the best-performing model, Gemini-
2.5-Pro [8], by classifying its errors and attributing their

causes. For sequential-interface detection error analysis in
subsection 4.2, we examine the features of recalled and non-
recalled samples to pinpoint the underlying constraints of
the current detection paradigm.

4.1. Single-Interface Detection Error Analysis

We conducted a statistical analysis of errors produced by
Gemini-2.5-Pro in single-interface detection tasks, identify-
ing six principal error types (see Figure 7). These error types
reveal critical shortcomings in the model’s perceptual and
reasoning capabilities when applied to UI defect detection.

Based on the error analysis above, we identify the follow-
ing key capability deficiencies in current MLLMs:

Bottleneck in fine-grained perception. The prevalence
of “Minor Defect” errors—often involving sub-pixel text
truncation—reveals the model’s limited sensitivity to sub-
tle visual anomalies. This suggests that current vision en-
coders, possibly optimized for object-centric tasks, lack the
boundary-level precision to detect fine layout deformations
essential in Uls.

Failure in layout comprehension. ‘“Hallucination” er-
rors indicate a failure in scene understanding. Instead of
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Minor Defect

Hallucination

There is an abnormal blank space P :
|é|. Detection failed lé’- on the right side of the [S0-yuan Distribution
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Failing to detect subtle defects, such
as pixel-level text truncation or
elements missing.
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C] There is [data missing] in the ring
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Confusing intentional design elements
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|é,. The middle text has been cropped.
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Correctly identifying a defect's
location but assigning it the wrong
category.

Inventing non-existent defects or
elements, often misinterpreting
complex layouts.

Normal Edge Truncation

'EJ' The tag component on the right is
truncated.

FER ARE VKB i ©
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clipped by a scrollable container as a
Cropped Content defect.
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|E’. Detection failed
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components make the model struggle
to detect them.
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14.9%

12.4%
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Figure 7. Case examples and distribution of error types iden-
tified in single-interface detection tasks. Among them, Minor
defect accounts for the highest proportion (29.5%), primarily mani-
festing as failures in detecting pixel-level text truncation or missing
elements.

faithfully parsing the visual evidence and recognizing stan-
dard UI conventions, the model invents non-existent defects
(e.g., misinterpreting intentional spacing on a voucher card
as an abnormal blank space). This reveals an inability to
properly contextualize complex layouts, leading the model
to misrepresent a normal structural design as anomalous.

Inability to infer design intent. “Ambiguous Judgment”
and “Ambiguous Design Intent” errors show models struggle
to distinguish deliberate designs from actual defects. For
example, they may falsely flag an intentional placeholder
(e.g., a “?” in aring graph) as missing data, or conversely,
fail to detect genuinely missing information within specially-
styled components.

Mismatch between static analysis and interactive con-
text. “Normal Edge Truncation” errors reveal that models
apply static reasoning to dynamic Uls. Lacking an under-
standing of interactive affordances (i.e., “is-scrollable”), they
incorrectly classify naturally clipped content in scrollable
containers (e.g., a carousel) as Cropped Content defects.

4.2. Sequential Interface Detection Error Analysis

Sequential detection requires models to track semantic re-
lationships and information flow across multiple steps, a
significant leap from single-screen analysis. Our analysis
reveals that current models lack robust capabilities for this
cross-page contextual reasoning.

Dominance of shallow reasoning. We find that models
perform best on localized inconsistencies. 85% of the top-20
recalled samples involve simple numeric mismatches—such
as price discrepancies. This strongly suggests that models
default to literal, token-level comparisons and struggle with
inconsistencies that require deeper semantic integration or
contextual inference across interface states.

Absence of path-level state tracking. Failures often
occur across user journeys (e.g., a promotional banner van-
ishing during checkout). While models can compare static
elements, they lack the dynamic memory required for path-
level consistency, exposing a deep deficit in procedural and
interactive reasoning.

5. Related Works

In recent years, multimodal large language models (MLLMs)
and vision—language models (VLMs) have achieved sig-
nificant advances in user interface understanding [19, 20,
39, 47]. Studies show that even general-purpose founda-
tion models (e.g. Gemini-2.5-Pro) demonstrate strong vi-
sual-structural parsing and semantic reasoning capabilities:
they can accurately recognize Ul components, interpret tex-
tual content, and infer interface functionality [8], thereby
laying the groundwork for more complex UI tasks.

Meanwhile, research interest in leveraging multimodal
visual reasoning for UI quality assurance has been steadily
increasing [7, 15, 23]. Early systems such as Owl Eyes [25]
and Nighthawk [26], built on visual understanding methods,
can localize display defects in mobile applications, includ-
ing element misalignment and occlusion. Recent works
related to Ul quality assurance further include: (1) end-
to-end model-based approaches that directly detect Ul de-
fects, exemplified by AutoConsis [14], which combines
multimodal models with large language models (LLMs)
to detect data inconsistencies across application interfaces;
(2) using MLLMs as judges to generate Ul feedback
aligned with human aesthetic and user-experience (UX)
ratings [28, 32, 37, 42]. On the benchmarking side, We-
bRSSBench [22] evaluates MLLMs’ color robustness and
safety-critical detection capabilities on web interfaces, while
GUI Testing Arena [50] assesses the ability of Graphical Ul
(GUI) agents to discover UI defects during execution.

6. Conclusion

We introduce UI-Lens, a benchmark for Ul display defect de-
tection in commercial apps, comprising 4,759 expert-labeled
pages across 6 defect types. Systematic evaluation of main-
stream models reveals critical gaps in fine-grained boundary
perception and cross-interface semantic reasoning, guiding
future work toward advanced detection methods.
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