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Abstract—User interface (UI) display issues, such as widgets
occlusion, missing elements, and screen overflow, are emerging as
a non-negligible source of user complaints in commercial mobile
apps. However, existing automated testing tools typically rely on
a vast amount of high-quality training data, making them cost-
ineffective for industrial practice. Given that display issues are
intuitively recognizable by humans, their diverse appearances can
be abstracted by the violation of human commonsense expectations
of UI appearance. Therefore, this paper proposes to reduce data
requirements in display issue detection through commonsense
simulation. Although leveraging large vision-language models
(VLMs) to replicate human visual ability looks straightforward,
off-the-shelf VLMs lack task-specific knowledge of UI designs
and display correctness. To address this, we fine-tune a VLM
to learn what constitutes an expected display and to reason
potential display issues. This approach is termed as Minuku, an
industrial data-efficient UI display issue detector. We evaluate the
design effectiveness of Minuku via a set of ablation experiments.
Moreover, real-world deployments in one of the largest E-
commerce app providers further demonstrate that Minuku can
effectively detect 40 previously unknown UI display issues and
significantly reduce manual effort in industrial settings.

Index Terms—Automatic UI Testing, Display Issue, Mobile
Apps

I. INTRODUCTION

Driven by increasingly intense competition between commer-
cial mobile apps, anomalies of user interface (UI) that disrupt
user experience are receiving growing attention from industry
practitioners [1], [2]. While extensive research has focused on
detecting app crashes [3]-[9] and incorrect responses [10]-[15],
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UI display issues, e.g., button misalignment, missing images,
and title truncation, were previously underexplored [16], [17].
As critical defects such as app crashes have declined in mobile
apps, display issues now account for an increasing proportion
of user complaints [18], suggesting the inadequacy of existing
testing practices.

Existing tools for display issues are typically based on
neural network (NN) detectors [17], [19] or heuristic rules [20],
[21]. However, their effectiveness in real-world commercial
apps remains limited [16]. Specifically, the visual diversity
across display issues (as shown in Figure 1) often leads to
considerable missed detections when using fixed heuristic
rules [22]. Although NN-based detectors can handle such
diversity, they rely on a vast amount of high-quality training
data. However, such data inevitably requires substantial manual
efforts, making these methods long regarded as cost-ineffective
in industrial practice. How to design NN-based detectors to
handle such visual diversity given only a small amount of
training data is a critical task in industry practice.

While existing tools struggle with the diversity of display
issues, these issues typically manifest as violation of human
commonsense expectations of Ul appearance. As a result, in
practice, human users in contrast can easily identify these
issues even for previously unseen Ul. Therefore, given the
increasing use of large vision-language models (VLMs) to
replicate human capabilities [23], [24], leveraging these models
to acquire human-like commonsense and automated detection
of display issues presents a natural solution. However, due to
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Fig. 1: Example of UI display issue.

their lack of task-specific knowledge of UI designs and display
correctness, they are not inherently capable of detecting display
issues. To address this, we fine-tune a general-purpose open-
source VLM using semantically annotated screenshots of both
correct and anomalous Ul displays. This enables the VLM to
understand what constitutes an expected display and to reason
potential display issues. To the best of our knowledge, this is
the first work to detect Ul display issues by simulating human
commonsense. We term this approach as Minuku.

We specifically solve two challenges in applying VLMs to
UI display issue detection. The first is that the small-scale
training data is prone to leading models to memorize specific
screenshots instead of learning the underlying commonsense. To
mitigate this, inspired by DeepSeekMath [25], we incorporate
an additional reinforcement training phase using group relative
policy optimization (GRPO) after standard supervised fine-
tuning (SFT), to help the model better capture the underlying
logic. The second challenge is that semantic annotation (i.e.,
reasoning the commonsense violation or alignments in each
UI screenshot), even for small datasets, remains particularly
labor-intensive. To address this, we use synthesized anomaly
screenshots to automatically provide guidance for unsupervised
VLMs to generate initial drafts of Ul display analysis. This
approach substantially minimizes manual effort by changing
data annotation to verification.

Comprehensive experiments are conducted to evaluate the
design effectiveness of Minuku. Specifically, an ablation study
is performed to evaluate the contributions of each component in
Minuku. The result shows Minuku significantly outperforms
all its variants, demonstrating the effectiveness of its fine-tuning
procedure. Moreover, constructed on an open-source VLM
with 7 billion parameters, Minuku outperforms existing NN-
based detectors and state-of-the-art, un-finetuned closed-source
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Fig. 2: Expected display and categorization of display issues.

VLMs. It achieves the highest F of 80% while preserving a
low false positive rate of 10%. We further demonstrate our field
deployment experience of Minuku to test real-life shopping
apps from Meituan, one of the largest E-commerce app
providers serving over 600 million users. Our practice shows
that it has successfully detected 40 previously unknown display
issues from more than 4,500 screenshots and significantly
reduced manual effort in UI display testing.
We summarize the contributions of this paper as follows.

« We share our field observations that UI display issue testing
has long been cost-ineffective in industrial practice. We
propose that the key obstacle is the high reliance of existing
methods on large volumes of high-quality training data.

o By analyzing how humans identify display issues, we propose
that the large-scale data can be replaced by the simulation
of human commonsense expectations of Ul appearance. We
make this idea feasible by fine-tuning a general-purpose
open-source VLM using semantically annotated screenshots.

« Extensive experiments show that our method outperforms
existing approaches under small-scale data settings. More-
over, real-world deployment on 4,777 screenshots from
commercial mobile apps further demonstrates its industrial
feasibility.

The rest of the paper is organized as follows. Section II
introduces categorization of display issues and highlights the
lack of sufficient testing in industrial practice. In Section III,
we demonstrate the design of Minuku by proposing each
of its three modules. Then, three questions are answered in
Section IV to evaluate Minuku’s performance and usability.
Section V elaborates our practical cases for the deployment of
Minuku. Threats to validity and future work are discussed in
Section VI. Finally, the paper is concluded in Section VIII.
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Fig. 3: Overview of Minuku.

II. PRELIMINARY STUDY

In this section, we demonstrate the background and moti-
vation of Minuku by presenting our practical experience in
Meituan. Specifically, three months of historical Ul display
issues from Meituan have been gathered to study their mani-
festations. Moreover, testing practice is investigated to show
the shortcomings of existing methods.

A. Characterization of Display Issues

To align with practical needs, we collected three months
of reported display issues from Meituan. The 25 reported
display issues are analyzed and classified into four categories.
As shown in Figure 2, this paper focuses on three types of
inter-element display issues: Truncation (elements exceeding
parents’ bounds), Occlusion (elements blocking one another),
and Blank regions (unintended empty areas).

Text-related anomalies, such as truncation or overlength, are
not the focus of this study, as they are typically addressed
by more specialized testing techniques [1], [20]. Moreover,
we acknowledge that the types of display issues that receive
attention may vary across different contexts or time periods. In
Section VI, we will further discuss the applicability of Minuku
to other types of display anomalies beyond the three categories
specified in this study.

B. Practical Detection Practice

UI display issue testing in Meituan is typically performed
either manually or using object detection models. For instance,
a YOLO-based [26] detection model is trained on a large
volume of annotated screenshots. However, test engineers soon
observed that the iteration of UI designs led to a significant
drop in the model’s output accuracy. Unfortunately, the typical

frequent Ul iteration creates a recurring loop of data collection,
annotation, and model retraining, resulting in an unsustainable
long-term maintenance burden. Consequently, model updates
are frequently delayed, leading to outdated models with reduced
accuracy and further manual verification.

Therefore, in current practice, existing cost-ineffective de-
tection methods are not widely adopted, and as a result, a
large portion of Ul display issues in Meituan are still manually
discovered. Testers rely on their experience and visual intuition
to spot problems that deviate from the expected Ul appearance.
While this approach is flexible and adaptable to diverse Ul
designs, it is inherently unscalable and inefficient. In practice,
it is common for human testers to manually cover a rather
limited subset of the screenshots, especially when under time
pressure. These omissions have led to a growing number of
user complaints about display issues, undermining the overall
user experience.

To this end, with the aim of reducing manual effort in
detecting display issues, this paper aims to enable NN-based
detectors to reason about Ul display correctness in a human-like
way. From the end-user’s perspective, display issues always
stem from violations of common-sense visual expectations, such
as when a component is unexpectedly missing or misplaced.
By learning the commonsense of human Ul comprehension,
a detection tool can be applied to a wide range of display
issues without requiring exhaustive data collection, annotation,
or frequent maintenance.

III. METHOD
A. Overview

Figure 3 shows the overview of Minuku, the Ul display
issues detection tool we designed for mobile apps. Given
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Fig. 4: Prompt for Ul comprehension-based annotation.

that display issues detection is an unfamiliar task for general-
purpose VLMs, Minuku enhances their capability through
three steps: data acquisition, domain familiarization, and
commonsense enhancement.

Specifically, data acquisition is responsible for providing
analysis for screenshots with and without display issues.
Subsequently, in the domain familiarization step, a general-
purpose VLM is prompted with a screenshot to detect display
issues, completing the template: <answer> <reason>. During
this process, Minuku gains a basic UI understanding through
Supervised Fine-Tuning (SFT), enabling it to gain an initial
grasp of UI design and display issues. Finally, to further
enhance the human-like commonsense of display issues, we
employ reinforcement learning with General Reinforcement
Preference Optimization (GRPO) [25], which refines the
model’s detection accuracy.

B. Data Acquisition

Training data is acquired following a three-step process.
First, as discussed in Section II-A, we define recognition
targets of display issues as Truncation, Occlusion, and Blank
Regions. Then, we construct synthetic UI examples that exhibit
these issues. Finally, we augment the data with semantic
annotations in the form of commonsense-based explanations,
initially generated with a VLM and manually verified.

Since the amount of historical data is limited and may deviate
from current Ul design trends, we manually collected and
synthesized training screenshots based on the latest version of
apps in Meituan. For Truncation, we simulate partial clipping
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Given an App screenshot, analyze whether there are any Ul display
issues.

===Please follow the instructions below===

1. Task Definition: Display issues refer to obvious display problems
that affect user experience, such as overlapping components,
occlusions, text overflowing boundaries, or abnormal blank modules.
The types of display issues are not limited to these examples.

2. Tips: Use adjacent and clearly visible elements to help describe
the location of the problem.

3. Answer format: Fill your thought process in the <think></think>

tag, and put the final answer in the <answer></answer> tag.

Fig. 5: Task description for fine-tuning.

by randomly shifting a Ul component and covering part of
it with a background-colored block. As for Occlusion, we
simulate overlapping by randomly shifting a Ul component
to overlap with an adjacent one. Finally, for Blank Regions,
a background-colored block is created to block an entire Ul
component to create unintended empty spaces.

While recognizing display issues is important, it is equally
essential for the model to know what a correct Ul display
looks like. To this end, we adopt a dual-sample generation
strategy: for each synthetic abnormal example, we retain its
original screenshot (i.e., the normal version) as the training data.
This design encourages the model to understand the distinction
between visually correct and anomalous Ul screenshots.

To generate training annotations for these screenshots, we
designed a VLM-augmented annotation pipeline to generate
semantic explanations. Specifically, as shown in Figure 4, we
formulated two task-specific prompts depending on whether
the input UI screenshot contains a display issue. For positive
cases (i.e., screenshots with display issues), the issue area is
indicated by a red box, and the model is asked to explain
its visual abnormality based on its visual comprehension and
logical reasoning. Since the content within the issue area may
be unclear or visually distorted, the model is instructed to
refer to adjacent, correctly rendered components (e.g., “the
area to the left of the confirm button”) to describe the issue
location. For negative cases, we prompt the model to reason
about why the given screenshot should be considered correct
while explicitly addressing UI elements that might otherwise
be misinterpreted as display issues.

The annotation format is borrowed from DeepSeekMath [25]
with <think> and <answer> sections. The <think> section
contains the UI analysis and comprehensive steps, and the
<answer> section provides the final judgment on whether a
display issue exists. This structure helps the model distinguish
between normal and abnormal UI displays and makes the
reasoning process explicit.

In addition to the VLM-based pre-annotation, all annotated
samples were manually reviewed by three authors of this paper,
each with over six months of experience in UI testing for
Meituan. Specifically, each reviewer independently verified
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two-thirds of the samples, evaluating both the reasoning (in
the <think> block) and the final judgment (in the <answer>
block) for factual correctness and logical consistency. In cases
of disagreement, the other author was consulted for discussion
and final arbitration. In practice, about 8% of the VLM’s pre-
annotations, especially in the <think> block, required manual
correction.

C. Domain Familiarization

Comparing the visual understanding capability of different
open-source VLMs [27], [28], Qwen2.5VL-7B-Instruct [29]
is selected as Minuku’s base model due to its small scale
and outstanding performance. However, as a general-purpose
model, it lacks domain-specific knowledge in UI display issues.
Therefore, we employ a display issues identification finetuning
task to enable the VLM to quickly acquire relevant domain
knowledge. Specifically, given a UI screenshot, the model
is instructed to analyze whether it contains display issues,
and, if present, describe the problem and its location using
natural language. To this end, since our constructed training
data provides the reasoning procedure for the final answer,
the model can acquire Ul knowledge while also learning the
underlying explanation.

We acknowledge that UI design and display issues are
continuously evolving, and that past bugs cannot fully represent
future cases. Therefore, rather than conveniently formulating
the task as a classification problem, we design the instruction
prompt to be open-ended: we do not constrain the VLM to
detect predefined three types of display issues, nor do we
require it to provide categorical labels. Instead, as shown in
Figure 5, the model is encouraged to identify and describe
any visual anomalies that may violate user experience. Then,
the difference between the model’s output and the annotated
data is measured using cross-entropy [30] loss, enabling the
parameters optimization.

To improve the model’s UI understanding, we designed a
two-stage LoRA-based [31] fine-tuning strategy inspired by
the training pipeline of Qwen2.5-VL [32], progressively tuning
all three components of the model. In the first stage, we freeze
the Large Language Model and optimize the Vision Encoder
and Vision-Language Merger, aiming to enhance the model’s
perception of UI screenshots. As for the second stage, we

further apply LoRA to all three components of Qwen2.5-VL,
thereby improving its vision-language alignment to perceive
the human-like commonsense behind display issues.

This process gradually enhances the model’s ability from
specific visual perception to generalizable semantic compre-
hension. Furthermore, the advantages of Minuku’s two-stage
SFT process are further validated by the experimental results
in Section IV-B.

D. Commonsense Enhancement

After the SFT phase, the VLM model gains domain-specific
knowledge and is able to generate outputs in the required
format with a basic understanding of UI design. However, its
correctness and logical consistency still lag far behind that of
end users, leading to misjudgment and mismatches between the
answer and the reasoning. This leads to incorrect explanations
for abnormal Uls and false positives on normal ones. Therefore,
Minuku further optimises the model’s commonsense and
reasoning capability to improve its practical usability.

Inspired by recent success in applying GRPO to mathemati-
cal reasoning tasks [25], as shown in Figure 6, we explore its
effectiveness in improving display issue detection for Minuku.
Unlike the token-level optimization used in SFT, reinforcement
learning methods such as GRPO make it possible to leverage
semantic-oriented reward signals to guide the commonsense
and reasoning consistency improvement. Specifically, the model
is asked to analyze each screenshot & times, and the semantic
difference between outputs and ground truth is measured by
another LLM. Specifically, given that both the model’s output
(denoted as O) and the annotated ground-truth (denoted as G)
contain two components: <reason> and <answer>, they can be
formalized as follows:

O — OTE(I Jr O(],’I’LS
G’ — G’l’e(l Jr Gans

Then, the reward score for O; (represented as R;) is calculated
based on the output’s consistency and semantic similarity
comparing to annotated ground-truth answer:

R; = Cons(07°*,08™) + Simi(O3™°, G™*)

This reward function enables the model to learn the underlying
commonsense of UI design rather than linguistic patterns of

3277



There are two descriptions regarding App Ul display issues.
Calculate the semantic similarity between the two descriptions,
with a score range of 0.0-1.0.

Only output the score.

=== Scoring Criteria
0.9-1.0 (Completely Consistent)

The issue type, location, impact, and details are all the same,
with only different expressions.

0.7-0.8 (Highly Similar)

The issue location, type, and impact descriptions are consistent,
but there are minor wording differences or missing details.
0.5-0.6 (Moderate Similarity)

The issue location is similar or the type is the same but the
impact is different, or there is a large difference in the number
of issues.

0.3-0.4 (Low Similarity)

Only partially related issues, or the issue types are similar but
the locations are unrelated.

0.1-0.2 (Negligible Similarity)

The types are the same but the locations are unrelated, or there
is only a single common point.

0.0 (Completely Unmatched)

Contradictory descriptions, or the issue type, location, and
impact are completely unrelated.

Actual Description ===
{text1}

Predicted Description
{text2}

Fig. 7: Prompt for reward model.

the annotation, and encourages the improvement of detection
accuracy.

Here, Minuku leverages the Qwen3-8B [33] to handle the
complex tasks of both semantic consistency (function C'ons)
and similarity (function Simi) calculation. Specifically, as
shown in Figure 7, we provide a prompt outlining the scoring
criteria to ensure objectivity and reduce the randomness of the
LLM, enabling it to assign rewards according to our predefined
rules.

In terms of training configuration, we incorporate several
key optimizations from the Decoupled clip and Dynamic
sAmpling Policy Optimization DAPO [34]. Specifically, we
utilize Dynamic Sampling to efficiently manage the training
data stream, remove the KL divergence term from the objective
function, and apply both Clip-Higher and Token-Level Policy
Gradient Loss in the standard computation of the objective
improvement (i.e., AJ(#)) in GRPO. These optimizations
collectively enable the model to explore a broader range of
solutions and mitigate the disproportionate influence of output
length on learning.

IV. EVALUATION

In this section, Minuku’s effectiveness is evaluated by
answering the following questions.
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RQ1: What are the contributions of different components in
the design of Minuku?

RQ2: How effective is Minuku in detecting display issues
compared to existing methods?

RQ3: To what extent can Minuku detect display issues in
real-world, practical commercial mobile apps?

RQ1 evaluates the contributions of each component in
the design of Minuku through an ablation study, examining
whether these parts can enhance the model’s ability to identify
display issues and to what extent they contribute to its overall
performance. RQ2 compares the effectiveness of Minuku
with existing display issue detection methods, assessing its
accuracy and ability to generalize across different Ul designs.
Finally, the practical usability of Minuku is validated in RQ3
by recognizing real-life historical UI display issues manually
collected from Meituan. Moreover, in Section V, we will
present the practical effectiveness of Minuku by deploying it
to real testing circumstances involving thousands of UI pages
in Meituan.

A. Evaluation Setup

1) Benchmark Construction: Although we are not the first
to investigate the detection of UI display issues for mobile apps,
this area has not been an active research topic in recent years.
Given the rapid evolution of UI design for mobile applications,
the benchmarks of existing tools have become largely outdated.
Therefore, to the best of our knowledge, there is currently no
publicly available or suitable benchmark specifically for display
issues testing. Consequently, we construct two benchmarks
ourselves using screenshots from Meituan ’s mobile apps.

Specifically, we selected three main business lines from
Meituan: Dining Voucher, Grocery Retail, and Admission Ticket.
Each of these business lines has over one million daily active
users, features intricate UI designs and diverse functionalities,
making them ideal for evaluating the real-world effectiveness
of display issue detection. Given that popular commercial
apps typically deploy across multiple platforms (e.g., Android,
iPhone, mini-programs), variations in Ul element display and
styles are prevalent across different platforms even for identical
pages. Thus, to ensure the objectivity of our test data, the Ul
screenshot of our benchmark preserved these three sources.

In RQ1 and RQ2, 300 different screenshots are collected
from these three different business lines to evaluate the
contribution of Minuku’s various components and provide
a modernized test suite for comparing the accuracy of different
display issue detection tools. For each business line, we
randomly selected 100 visually correct UI screenshots from the
past three months of UI testing logs in Meituan, and manually
injected display anomalies into 60 of them. Specifically, we
constructed three distinct types of display issues (20 instances
for each) by relocating Ul elements or adding blank blocks
with background colors. The annotation process for these
anomaly screenshots follows the same procedure as described
in Section III-B. Consequently, the benchmark for RQ1 and
RQ2 comprises 300 screenshots, 180 of which contain display
issues, including 60 instances for each of the three issue types.



To thoroughly test the real-life feasibility of Minuku, we
construct another benchmark for RQ3 from real historical
display issues in Meituan. Specifically, this benchmark consists
of 25 real-world display issue screenshots collected from the
past three months, along with 50 normal screenshots manually
gathered from the latest version of Meituan’s apps. In addition
to accurately distinguishing between normal and anomalous
UI screenshots, the ability to provide explanations for detected
issues is also crucial for assessing real-world feasibility. To
support this, two of the authors manually annotated each
anomalous screenshot with its display issue type and root
cause as ground truth. Ultimately, the benchmark for RQ3
consists of 25 real-world display issue screenshots annotated
with explanations, accompanied by 50 normal screenshots.

2) Baselines: Since RQI1 evaluates the effectiveness of
Minuku’s design, we perform that by comparing it with three
other variants. Specifically, to assess whether our fine-tuning
procedures involved in Minuku have a positive effect and to
what extent they are effective, variants are constructed by pro-
gressively removing components from Minuku’s architecture.
These variants serve as baselines for our ablation study.

First, we remove the final GRPO procedure to obtain the
first variant, VLM-Vis. This variant includes Minuku’s two-
stage SFT process tailored for the visual comprehension task.
Subsequently, we remove the first stage of the two-stage SFT
process (i.e., the Vision Encoder SFT) to obtain the VLM-
SFT variant, which allows us to evaluate the contribution of
Minuku’s specific SFT design. Finally, we remove the SFT
process entirely to obtain the VLM variant, which allows the
evaluation of the original model.

In RQ2, we evaluate the ability of display issue detection of
Minuku by comparing it with existing detection tools. Specifi-
cally, due to the limited number of publicly available methods,
we selected the classic OwlEyes [19] as a representative of
CNN-CAM-based detection approaches. As its original training
data is currently unavailable, we train it using the same dataset
as Minuku to ensure a fair comparison. Besides, given the
strong alignment between object detection and display issue
detection, we further include M-YOLO, the real-life deployed
YOLOv8s-based model mentioned in Section II-B, as another
representative baseline of NN-based detectors. Additionally,
we included advanced, un-finetuned closed-source VLMs, GPT-
4.1 [35], Claude-3.7-Sonnet [36], and Gemini-2.5-Pro [37], as
further baselines. They will directly answer questions elaborated
in Figure 5, to evaluate the effectiveness of Minuku’s fine-
tuning.

In RQ3, we assess Minuku’s ability to identify display
issues in real-life scenarios by demonstrating its performance
on historical issues collected from Meituan. To thoroughly
evaluate Minuku’s real-life capabilities, we keep the same
baselines as in RQ2.

3) Metrics: As for RQ1 and RQ2, due to the large volume
of test screenshots, we simplified the data analysis process
by directly formulating it as a binary classification problem
(i.e., presence or absence of display issues). Given that
generative models (i.e.,Minuku and its variants) output in

natural language, we leverage GPT-40 [38] to assess their
semantic correctness. This semantic judgment is based solely
on the content of the <answer>. In particular, if the answer
contains any ambiguity, it is deemed incorrect and subsequently
categorized as either a false positive or a false negative
depending on the ground truth.

As for the statistical metrics, we choose the widely used
metrics of Precision, Recall, and F;. Furthermore, considering
the low proportion of display issues in real-world scenarios,
we incorporated FPR to quantify the manual analysis effort
incurred by false positives.

For RQ3, despite sharing the same detection task, we
introduced one additional statistical metric to reflect real-
world usability. One metric assesses the accuracy of baseline
explanations (for VLM-based methods) or coordinates (for
DNN-based methods) of display issues based on successful
recalls (i.e., true positives). The authors manually performed
this verification, and the proportion of Minuku’s correct
explanations was recorded as Acccyp. Furthermore, since RQ3
involves screenshots from the latest app version, we retained
FPR as an indicator to quantify the practical performance of
Minuku in real-world deployment scenarios.

4) Implementation and Configuration: We constructed the
training set for Minuku based on 126 normal screenshots
collected from the latest version of the Meituan app, following
the data synthesis process described in Section III-B. After
filtering out unreasonable or inconspicuous anomalies, we
retained 296 training screenshots for both fine-tuning and
reinforcement learning steps. Although both were manually
collected, we ensured that none of the training samples
overlapped with the test set used in RQ3.

As for the baselines construction, all variants used in
RQ1 share the same training dataset as Minuku for a fair
comparison. For RQ2 and RQ3, since the original training data
of OwlEyes is currently unavailable and unrelated to Meituan
’s business, we retrained it on the same dataset as Minuku to
ensure a fair comparison. As for M-YOLO, considering that
YOLO-based approaches typically require a large amount of
training data, we directly used the internal Meituan model
trained on 1,018 annotated screenshots.

B. RQI: Contribution of Each Component in Minuku ’s
Architecture

As shown in Table I, the original VLM model achieves a
significant performance improvement over the base model (i.e.,
VLM) after the SFT stage. Notably, the two-stage SFT approach,
as applied in VLM-Vis, results in a substantial increase in recall
compared to VLM-SFT, which demonstrates the benefits of
separately visual-encoder fine-tuning for screenshot comprehen-
sion. However, this improvement in recall is accompanied by
a marked rise in the false positive rate. In practical scenarios,
where the number of normal Ul images far exceeds that of
anomalous ones, a false positive rate as high as 0.692 would
substantially increase the cost of manual review.

The comparison between Minuku and VLM-Vis further
demonstrates the advanced architecture of Minuku. Minuku
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TABLE I: Performance comparison of Minuku and variants

Baselines Dining Voucher Grocery Retail Admission Ticket Avg.
Pre. Rec. Fy FPR Pre. Rec. Fy FPR Pre. Rec. Fy FPR Pre. Rec. Fy FPR
VLM | 0727 0267 0390 0.150 | 0.556 0250 0345 0300 | 0472 0283 0354 0475 | 0585 0267 0367 0308
VLM-SFT ‘ 0.837  0.683  0.752  0.200 ‘ 0.759  0.733  0.746  0.350 ‘ 0.767  0.550  0.641 0.250 ‘ 0.788  0.656  0.716  0.267
VLM-Vis | 0.610 0.833 0704 0.800 | 0.667 0900 0766 0.675 | 0.676 0.833 0746  0.600 | 0.651 0.856  0.740  0.692
Minuku ‘ 0938 0.750  0.833  0.075 ‘ 0898 0.733  0.807 0.125 ‘ 0907 0.650 0.757  0.100 ‘ 0914  0.711 0.800  0.100

TABLE II: Performance comparison of Minuku and baselines

Baselines Dining Voucher Grocery Retail Admission Ticket Avg.
Pre. Rec. Fy FPR Pre. Rec. Fy FPR Pre. Rec. Fy FPR Pre. Rec Fy FPR
OwlEyes ‘ 0.517 0500  0.508  0.700 ‘ 0.527 0483  0.504  0.650 ‘ 0.491 0450 0470  0.700 ‘ 0478 0512 0494  0.683
M-YOLO | 0950 0.633 0760 0.050 | 0923 0.600 0727 0.075 | 1.000 0500 0.667 0.000 | 0958 0.578 0721  0.042
GPT-4.1 | 0813 0433 0565 0.150 | 0.839 0433 0571 0.125 | 0.769 0333 0465 0.150 | 0.807 0.400 0535 0.142
Claude-3.7 | 0.897 0433 0584 0075 | 0.824 0467 059  0.150 | 0.800 0267 0400 0.100 | 0.840 0389 0532  0.108
Gemini-2.5 ‘ 0.633 0950 0.760  0.825 ‘ 0.624 0967 0.758  0.875 ‘ 0.648 0950 0.770  0.775 ‘ 0.635 0956 0.763  0.825
Minuku | 0938 0750 0.833 0.075 | 0.898 0733 0.807 0.125 | 0907 0.650 0.757 0.100 | 0914 0711  0.800  0.100

TABLE III: Historical issues detection performance comparison

Bascline | #Rec. | #Recgis | Recall | Accgis | Pre. | F1 | FPR
OwlEyes 18 4 0.720 0.222 0.375 | 0.493 | 0.600
M-YOLO 13 9 0.520 0.692 0.684 | 0.591 0.120
Gemini-2.5 25 18 1.000 0.720 0.403 | 0.575 | 0.740
Minuku | 20 | 14 | 0800 | 0700 | 0.952 | 0.870 | 0.020

! "#Rec." denotes the number of recognized issues.
2 "#Recq;s" indicates the number of display issues correctly explained or accurately
located, and Accy;s refers to its proportion relative to "#Rec.".

outperforms VLM-Vis by achieving the lowest false positive rate
and the highest F score across all three business test datasets.
Such result indicates that the incorporation of reinforcement
learning enables the VLM to better acquire human-like UI
comprehension and commonsense for display issue detection.

In general, the results of RQ1 indicate that each component
of Minuku contributes to narrowing the gap between a general-
purpose VLM and end users in terms of Ul comprehension
and display issue detection.

C. RQ2: Performance Comparing with Existing Methods

As shown in Table II, compared with three baselines,
Minuku achieves the best F; while maintaining a FPR of
10%, demonstrating its superior capability in detecting display
issues across five baselines.

Compared with OwlEyes, Minuku consistently outperforms
it across all scenarios and evaluation metrics. This demonstrates
that, under the same scale of training data, VLMs exhibit
significantly stronger learning and generalization capabilities
than traditional CNN-based detection approaches. Furthermore,
compared to M-YOLO, even with three times more training data
and performance superior to CNN-based methods, M-YOLO
still falls short of Minuku in terms of recall and F}. This
highlights Minuku’s ability to not only exceed traditional deep
learning models in effectiveness, but also significantly reduce
the scale of required training data.
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In addition, closed-source models exhibit either extremely
low recall or high FPR, indicating a strong tendency to
classify all screenshots as one class. This suggests that display
issue detection remains a non-trivial task for general-purpose
VLMs—even for a large, high-performing closed-source model.
Moreover, Minuku outperforms all advanced closed-source
models in F} score and FPR, despite having significantly fewer
parameters, further demonstrating the cost-effectiveness of its
fine-tuning procedure.

D. RQ3: Usability for Real-life Issues Detection

Given that Minuku and its baselines are trained on manually
synthesized screenshots, their capability to detect real-world
display issues remains unclear. Therefore, in RQ3, we evaluate
their practical usability using historical display issues collected
from practical commercial apps in Meituan. Considering that
most closed-source models performed poorly in RQ2, we
selected Gemini-2.5-Pro, the one with the highest I} score, as
a representative for RQ3.

As shown in Table III, Minuku successfully recalled 20 out
of 25 real-world display issues and outperformed all baselines
in Fy and FPR. Considering that the synthesized training
anomalies inevitably differ from real-world issues, this result
further highlights that Minuku has learned a generalizable
human-like commonsense for Ul expectation. Besides, although
Minuku does not provide precise coordinates for the issues (a
possible shortcoming compared to OwlEyes and M-YOLO), it
manifests the lowest FPR among these methods and can provide
a correct explanation for most of the recalls. Considering that
Minuku is designed to assist Ul testing experts rather than
replace them, this limitation does not undermine its practical
usability.

We acknowledge that the testing dataset used in RQ3 is
rather small for a thorough validation of usability. Regretfully,
due to the absence of a cost-effectiveness detection method,
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Fig. 8: Examples of display issues detected in Meituan.

display issues have long received limited testing resources,
even within a company that serves over 600 million users.
Therefore, to further demonstrate the practical effectiveness of
Minuku, we will present its real-world deployment process
in Section V.

V. CASE STUDIES

In this section, we show the real-life benefits by demonstrat-
ing the status of applying Minuku to display issues detection
in Meituan. We summarize the lessons learned, which can shed
light on the automation of UI testing.

For Minuku’s deployment, it is now integrated as a service
into Meituan’s Ul automated cloud device testing platform, en-
abling easy access for test engineers. When invoking Minuku,
engineers typically provide a list of URL schemes [39] and
select cloud devices to acquire screenshots online, or they can
directly provide UI screenshots. Minuku then performs Ul
display issue detection, with the platform providing the result
filtering and display of problematic UI screenshots along with
their underlying reasons. Moreover, to facilitate local usage, a
GGUF-quantized [40] model version is also provided, allowing
8-bit quantization to process screenshots on even laptops.

A. Compatibility Testing for Core Functionality

In fact, the display rendering of mobile apps is dependent
on both UI implementation and its runtime environment. Given
the typically massive functionality of commercial apps and the
highly diverse user environments (e.g., devices, screen sizes,
display scales, and network conditions), Ul testing typically
prioritizes covering core functionalities under mainstream
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environments. This is particularly crucial for display issue
detection, an area where automation has historically been
limited.

Therefore, soon after Minuku’s deployment, it is first
leveraged to broaden the scope of existing display issues testing
in Meituan. Specifically, starting from Meituan’s core business
of catering retail, we expanded the current display issue testing
to cover legacy devices. Although legacy devices do not
command a large user base, their earlier release, coupled with
lower system versions and poorer computational capabilities,
makes them inherently more susceptible to display issues
compared to typical scenarios. Consequently, they served as
the initial deployment scenario for Minuku.

Specifically, we involved 14 legacy devices (e.g., Xiaomi Mi
8, OPPO V9, and Vivo S5) to process 4,336 URLs gathered
from the catering retail business. Among the resulting screen-
shots, Minuku identified 260 potential Ul display anomalies.
Through manual analysis, 139 of these were attributed to
anomalous backend data in the testing environment, such
as being obscured by obvious test markers or rendering in
blank pages, rather than actual display issues. From the
remaining portion, we identified 30 screenshots containing
clear display issues, as shown in Figure 8(a). The remaining 91
instances, which might have negligible subtle display issues,
were considered false positives and discarded. Consequently,
the actual false positive rate (FPR) was about 2.2%, and the
false discovery rate (FDR) was 35%.

In summary, for compatibility testing, Minuku transformed
the inspection of over 4,000 pages into the identification
of just 260, reducing manual effort by more than 90%.
This significantly boosted testing efficiency. Regarding cost,
Minuku only requires deploying a 7B model. We estimate
that even without a GPU, a Mac Mini M2 could process
four thousand screenshots in approximately 48 hours. This
demonstrates that Minuku not only improves existing display
issue detection capabilities but also maintains a low testing
cost, making it practical for large-scale and frequent testing in
industrial settings.

B. Regression Testing under SDK Upgrades

Due to the massive user base of the i0OS platform, ensuring
timely adaptation to iOS updates has long been a critical
concern for commercial app developers. Each year, when Apple
releases a new version of i0S, its development tools, Xcode
(as the integrated development environment, IDE) and the i0S
SDK, are upgraded accordingly. Consequently, updating an
existing app for submission to the App Store typically requires
developers to repackage it using the latest SDK.

Such SDK upgrades often require extensive adaptation
jobs, and improper handling of these changes can easily
introduce display issues. Specifically, upgrades of SDK are
often accompanied by internal changes to UI frameworks (e.g.,
UIKit or SwiftUI). These changes may lead to display issues in
native UI components (such as UINavigationBar or UlTabBar)
or result in visual occlusion with system elements like the notch
area or the status bar. Moreover, SDK upgrades inevitably



introduce support for new device models and screen sizes,
which often leads to changes in size-related controllers or
layout behaviors. The lack of corresponding adaptation for
UI layout code may lead to layout disruption. For large-scale
commercial app providers, custom-designed UI libraries also
require updates for compatibility with the new SDK in order
to ensure consistent rendering across devices.

Therefore, we applied Minuku to the 2025 upgrade of
Xcode 16 and iOS 18 [41], integrating it into the regression
testing of four business modules in Meituan. Minuku examined
441 UI screenshots, captured from iPhone 13, 14, and 16
models, including both older and newer devices running iOS
18. Among the results, Minuku flagged 26 UI anomalies.
Upon manual inspection by the authors, 5 of them were caused
by abnormal data in the testing environment and thus did not
qualify as display issues. A total of 10 reported issues were
confirmed and fixed. As Figure 8(b) shows, the iOS SDK
upgrade primarily introduced two problems: app components
overlap with the status bar, and component loading failures
(i.e., presenting as blank regions). The remaining 11 cases were
false positives, accounting for 2.6% of the inspected pages.

VI. THREATS TO VALIDITY

As Minuku is designed and implemented in Meituan, the
first potential threat lies in Minuku’s generalizability to other
apps or organizations. Although screenshots for evaluation are
sourced from Meituan, the architecture and training process of
Minuku are not specifically tailored to Meituan ’s app, and it
outperforms all baselines under the same training dataset. This
suggests that our fine-tuning of a general-purpose VLM makes
it possible to handle visual diversity with a small-scale dataset.
Therefore, we believe that such an approach is appealing in
industrial settings, where large-scale annotated datasets are
often unavailable or prohibitively expensive to produce.

Another threat lies in our seemingly overly simplified
characterization of display issues. In fact, display issues exhibit
considerable diversity and could potentially be categorized
into more than 30 subtypes [16]. However, considering that
exhaustively discovering all display issue types is infeasible
in industrial settings, a coarse-grained categorization is likely
to enable the small-parameter VLM to better understand the
task. We acknowledge that alternative or more fine-grained
classification schemes may exist and could offer additional
benefits. Nevertheless, this does not undermine the core
contribution of our practical reduction of testing costs for
display issues.

There’s also a potential threat arise from the fact that
Minuku is built upon an open-source VLM. As such, we
acknowledge that its ability to detect UI display issues depends
on the performance of the underlying base model. However,
since Sections IV and Section V have demonstrated both
Minuku’s performance improvement over existing detection
techniques and its practical usability in industrial settings, we
did not explore other base models in this work.
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VII. RELATED WORK

This section summarizes the relevant literature of Minuku,
starting with a comprehensive review of existing display issue
detection tools, followed by foundational research in semantic
UI analysis methodologies.

A. Display Issue Detection

Despite slight variations in definition across different
works [16], display issues generally refer to visual anomalies
in user interfaces. Examples include overlapping components,
truncated text, blank areas, or misaligned layout structures. In
general, the detection of display issues can be approached from
two directions: comparison-based methods and reference-free
feature-driven approaches.

As for comparison-based methods, they identify display
issues by comparing different sources of Ul representations.
Examples include contrasting the implemented UI with its
design specification [42], or examining the Ul inconsistency
across different app versions [43] or execution settings [44]—
[46]. However, for typically rapidly evolving commercial apps,
UI differences are prevalent due to frequently added features
and short development cycles. As a result, comparison-based
methods tend to produce an unacceptably high rate of false
positives in industrial practice.

As for feature-driven detection tools, existing academic
attempts fall into two categories: heuristic-based methods that
rely on manually crafted rules or layout constraints [20], [21],
and learning-based methods that apply models like CNN to
learn visual patterns from UI screenshots [1], [17], [19], [47].
Without external references, such methods rely on extracting
the characteristics of display issues, recorded as heuristic rules
or model parameters. Although also a learning-based approach,
Minuku focuses on the underlying commonsense expectation
for UI design rather than diverse characteristics of display
issues. This reduces the reliance on large-scale training dataset
and makes it more suitable for the detection of display issues
under Ul iteration.

B. Semantic Ul Analysis

Semantic UI analysis is a foundational technology that
supports automated App interaction [48]-[50] and testing [8],
[51]. In terms of implementation, it can be divided into three
categories: code-based, learning-based, and large model-based
approaches. The code-based methods [4], [52] typically relied
on UI source code to identify UI functionalities or page types.
These methods are straightforward but suffer from issues
like omitted visual information. Subsequently, deep learning-
based methods [53]-[55] leverage visual or multi-modal neural
networks (e.g., CNN, YOLO, and ViT) for UI screenshot
recognition, significantly enhancing image analysis capabilities.
However, their reliance on large-scale, high-quality labeled
data makes them usually costly to adopt in industrial settings.

Nowadays, the strong semantic comprehension of LLMs has
made them highly advanced in the field of UI analysis. Existing
tools often leverage LLMs to analyze view hierarchies [56],
[57] or utilize visual-language models (VLMs) for screenshot



understanding [14], [58]. As for the adaptation of a specific Ul
analysis task, prompt engineering [8], [54] and fine-tuning [59],
[60] are both widely adopted strategies. Inspired by these
works, Minuku adopts a screenshot-based approach combined
with lightweight fine-tuning, aiming to balance reasoning
performance and computational cost for better industrial
applicability.

VIII. CONCLUSION

This paper indicates that, due to the great diversity of Ul
designs, existing detectors generally exhibit high reliance on
large volumes of training data in detecting display issues.
Given the substantial manual efforts involved in providing
such data, these detectors have long been considered cost-
ineffective in industrial settings, leading to insufficient detection
practices and a degraded user experience. To address this, we
present Minuku, an industrial data-efficient UI display issue
detector. By simulating human-like commonsense, Minuku is
able to understand UI screenshots and reason potential display
issues. Our experiments on customized benchmarks show that
Minuku can effectively detect real-world display issues with
limited training data, achieving 80% recall on historical display
issues while maintaining a 2% false positive rate. Furthermore,
practical industrial deployment on nearly 5,000 screenshots
shows Minuku’s real-life usability in successfully detecting
40 previously unknown display issues with an unprecedentedly
limited manual effort.
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