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Abstract—In industrial practice, UI (User Interface) functional
bugs typically manifest as inconsistent UI input and corresponding
response. Such bugs can deteriorate user experiences and are,
therefore, a major target of industrial testing practice. For a
long time, testing for UI functional bugs has relied on rule-based
methods, which are labor-intensive for rule development and
maintenance. Given that the UI functional bugs typically manifest
where an app’s response deviates from the user’s expectations, we
proposed the key point of reducing human efforts lies in simulating
human expectations. Due to the vast in-the-wild knowledge of
large language models (LLMs), they are well-suited for this
simulation. By leveraging LLMs as Ul testing oracle, we proposed
KuiTest, the first rule-free UI functional testing tool we designed
for Meituan, one of the largest E-commerce app providers serving
over 600 million users. KuiTest can automatically predict the
effect of Ul inputs and verify the post-interaction UI response. We
evaluate the design of KuiTest via a set of ablation experiments.
Moreover, real-world deployments demonstrate that KuiTest
can effectively detect previously unknown Ul functional bugs and
significantly improve the efficiency of GUI testing.

Index Terms—Automatic GUI Testing, Functional Bug, Mobile

Apps

I. INTRODUCTION

As mobile apps become increasingly complex nowadays,
bugs are inevitable [1]. Tremendous research efforts have
been put into combating non-functional bugs, e.g., those cause
laggy UI (User Interface) [2], [3], freezing UI [4], [5], or app
to crash [6], [7]. Functional bugs, those cause incorrect Ul
interactions (i.e., inconsistent UI input and its corresponding
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response), are still a challenge to quality assurance of apps in
industry practice [8]-[10]. In industrial practice, functional bug
testing largely relies on manual efforts, with rule-based testing
scripts. Specifically, such scripts check the correctness of Ul
interactions with pre-defined rules according to the business
logic of the target app [11], [12], which requires substantial
manual effort to develop and maintain.

Although there is a rich literature on automatic functional
bug testing tools [11], [13], [14], they typically attempt to
reduce manual effort by implementing more generalized pre-
defined rules, such as replacing the hard-coded scripts with
natural language descriptions. However, these methods still
require manual rule definition and adaptation, which restricts
their practical usability in industrial environments.

Hence, to reduce such manual effort, this paper aims to
develop a rule-free tool for automatic UI functional testing
of mobile apps. Given that incorrect Ul interactions typically
manifest where an app’s response deviates from common user
expectations, simulating these expectations can allow us to
eliminate traditional rule-based detection methods. Since large
language models (LLMs), especially those general-purpose
models, are trained on vast datasets, their vast in-the-wild
knowledge enables them to simulate such human expectations at
a low cost. In this paper, we share our experiences in leveraging
large language models as UI test oracles, facilitating their use
in the design of KuiTest, a rule-free Ul function testing tool
for mobile apps.



However, since LLMs are not trained for UI testing, two
challenges arise in KuiTest’s implementation. First, GUI
interaction testing involves domain-specific knowledge, making
it difficult for general LLMs, i.e., LLMs trained for general
purposes like ChatGPT [15], to handle. To address this,
KuiTest mimics manual testing by splitting functional testing
into two sub-tasks: predicting the effect of a Ul input (e.g., the
outcome after clicking a heart-shape button) and verifying the
post-interaction UI response accordance. This decomposition
allows the UI function testing task to better align with the
capabilities of general LLMs. Second, although users can
easily understand Ul inputs and their responses, both our
field experiences and existing research [16] show that LLMs
struggle to handle these tasks via screenshots. To solve this,
KuiTest constructs multimodal inputs by providing both
textual descriptions alongside with screenshots to assist LLMs
in better understanding the GUI, as LLMs perform significantly
better when processing text compared to images [17]-[19].

Comprehensive experiments are conducted to evaluate the
design effectiveness of KuiTest. Specifically, our ablation
experiment shows the benefits of testing task decomposition.
Furthermore, results show that KuiTest outperforms the
baselines in predicting Ul input influence and verifying post-
interaction UI response. In addition, KuiTest can recall 86%
UI functional bugs and provide reasonable explanations while
maintaining a false positive rate of less than 1.2%. We have
also field-deployed KuiTest to test a real-life shopping app
from Meituan, one of the largest E-commerce app providers
serving over 600 million users. It has successfully detected
41 previously unknown bugs and significantly reduced manual
effort in GUI testing.

We summarize the contributions of this paper as follows.

o We share our field experience on Ul functional bug detection
in industry practice. We show that the key obstacle to its
automation is the poor generalization ability of the widely-
used rule-based oracles.

« By studying the manifestations of UI functional bugs, we
propose that these rule-based oracles can be replaced by users’
expectations. Given vast in-the-wild knowledge of LLMs,
they are well-suited to simulate such human expectations. We
propose the idea of an LLM-based oracle for UI functional
testing.

e We design and implement KuiTest, the first rule-free
UI functional testing tool for mobile apps. Comprehensive
experiments and real-world case studies on widely-used
mobile apps demonstrate the effectiveness of KuiTest.
We summarize the lessons learned, offering insights into the
automation of GUI testing.

The rest of the paper is organized as follows. Section II
introduces practices of mobile app testing and highlights their
limitations in two representative scenarios. In Section III, we
demonstrate the design of KuiTest by proposing each of its
two modules. Then, three questions are answered in Section IV
to evaluate KuiTest’s performance and usability. Section V
elaborates our practical cases for the deployment of KuiTest.
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Fig. 1: Example of UI functional bug

Threats to validity and future work are discussed in Section VI.
Finally, the paper is concluded in Section VIIL

II. MOTIVATION STUDY

In this section, we demonstrate the motivation of KuiTest
by presenting our practical experience in Meituan. The imple-
mentation of KuiTest will fill two gaps in industrial practices:
automatic UI functional testing for newly launched features
and functional verification during regression testing.

A. App Launch on New Platforms

As demonstrated earlier, Ul functional testing in the industry
is primarily conducted through hard-coded scripts. Specifically,
testers bind Ul interactions and verification to Ul elements
in the hierarchy files based on attributes or relative path [20].
Therefore, in popular commercial apps, a large number of UI
testing scripts are developed to detect logic anomalies from
GUI in time.

However, when an app is launched on a new platform
(e.g., HarmonyOS Next [21]), the changes in the hierarchy
structure often cause these scripts to become obsolete. Such
obsolescence will lead to large volumes of manual script
repairing, making it challenging to complete the migration
of GUI logic testing within a short time. Additionally, the bug
count tends to be high when an app is newly launched on a
platform, significantly increasing the workload for engineers
performing manual testing to detect UI functional bugs.

To reduce the workload of manual testing, there is a great
demand for a functional testing method that can quickly adapt
to new platforms. Specifically, unlike manual or script-based
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testing, this method does not require the ability to detect
functional bugs triggered by complex traces of Ul Being
capable of automatically traversing Ul pages of the app under
testing (AUT) and alerting human testers to high-risk areas
would significantly reduce the workload of manual testing and
improve the efficiency of UI functional testing.

B. Semantic Verification in Regression

In addition to platform changes, continuously iterated Ul
designs also render widely-used UI testing scripts obsolete,
resulting in high maintenance costs [12]. Consequently, the
huge manual efforts in scripts’ development and maintenance
make it impractical for script-based testing to cover all Ul
functions in a complex app. Given the increasing complexity
of mobile apps today, it is now prevalent for apps to go live
without comprehensive testing.

Although the automation of functional testing remains
underdeveloped, the automatic detection of non-functional bugs
is well-studied [6], [22]-[24]. For example, random testing
tools, like Google’s Monkey [6], have retained popularity in the
industry due to their low execution costs. These tools operate
by randomly interacting with the AUT, simulating various user
interactions across the app until a crash is triggered. They can
achieve this without any predefined test scripts, making them
a cost-effective solution for detecting UI crash bugs.

However, their reliance on simple oracles makes them
incapable of detecting UI functional bugs. In this regard, we
aim to design a new testing tool by attaching new oracles to
their exploration strategy, and therefore achieve automatic Ul
functional testing. Specifically, by deploying it in UI regression
testing, this tool can significantly broaden the coverage of Ul
testing, providing early warnings for UI functional bugs before
going live.

III. TooL DESIGN

A. Overview

Figure 2 shows the overview of KuiTest, the Ul functional
testing tool we designed for mobile apps. Given that UI
functional testing is a complicated task for general LLMs, we
divide this process into two modules for KuiTest to enhance
the reliability of LLMs’ outputs. Specifically, KuiTest first
predicts the effect of UI inputs by analyzing the function of
interactive Ul components (e.g., a confirm button or heart-
shaped icon). Second, KuiTest combines the predicted
component function with the post-interaction screenshot and
prompts the LLMs to determine whether any functional bugs
are present.

B. Decomposition of Testing Task

Since UI functional testing requires understanding the
semantics behind the GUI, it is challenging for LLMs to handle.
Therefore, directly using LLMs for UI functional testing would
introduce reliability issues, such as hallucinations [25], [26]
and misjudgment.

Given the challenges of directly leveraging LLMs to handle a
complex task, there is an alternative to breaking down the whole
task into more manageable parts, a widely-used strategy [27],
[28]. This decomposition can enhance the reliability of LLM
outputs when handling complex tasks. Therefore, in KuiTest,
we followed the idea of task decomposition to improve LLMs’
usability in UI functional testing.

Indeed, task decomposition for LLMs, especially in industrial
settings, is a trade-off between reliability and efficiency.
While breaking down tasks can improve the reliability of
LLM responses by reducing the complexity of the problem,
dividing a task into too many small parts can result in higher
computational costs and lead to low efficiency. Therefore,
we aim to find a balance that ensures testing quality while
maintaining efficiency and keeping a low cost.
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To achieve this balance, we borrowed the procedure from
manual testing. Specifically, the manual testing process begins
by analyzing the function of an interactive component. Then, a
UI input is performed on this component, followed by checking
whether the UI response aligns with the prediction.

Therefore, UI functional testing is divided into two parts for
KuiTest: Ul Component Function ldentification and Post-
Interaction Response Verification. Specifically, the workflow of
KuiTest starts by predicting the function of interactive UI
components in the Ul Component Function Identification part.
Then, followed by the Post-Interaction Response Verification,
in which we let LLMs evaluate whether the post-interaction re-
sponse aligns with the prediction, using in-the-wild knowledge
to detect potential Ul functional bugs.

C. UI Component Function Identification

Before identifying the functions of UI components,
KuiTest first detects all interactive elements within the
UI pages under testing. As shown in Figure 3, KuiTest
achieves this by utilizing both the screenshot and UI hierarchy
(e.g., XML [29] on the Android platform). Specifically, the
UI hierarchy is retrieved using the Android Debug Bridge
(adb) tool [30], which is then parsed to identify all interactive
components (i.e., those with a true value for ‘clickable’ or
‘long-clickable’ attributes). Additionally, KuiTest employs
a deep-learning model, vision-ui [31], to directly identify
interactive elements from the UI screenshot as a supplementary
method. This method is particularly useful for recognizing
components that may be missing from the UI hierarchy files,
such as WebView [32] components in Android apps. Once these
interactive components are identified, we adopt the widely-
used Set-of-Mark (SoM) [33], outlining these components

with bounding boxes and assigning each a unique ID on the
screenshot.

After the detection of interactive Ul components, KuiTest
then conducts functional identification with the help of MLLMs.
Although UI components are typically regarded as intuitive
and easy for humans to understand, both our experiments and
related works [14], [16] show that the visual comprehension
ability of MLLMs is inadequate for UI function prediction.
Therefore, to assist MLLMs in identifying Ul components’
functions, KuiTest employs a multimodal input strategy that
integrates both the image (i.e., UI screenshot) and textual
information. Specifically, after recognizing and annotating
interactive components, KuiTest extracts the associated text
for each component through optical character recognition
(OCR). This extracted text is then linked to its corresponding
component in a query prompt, and both the prompt and
annotated screenshot are provided as inputs to the MLLM. By
leveraging this multimodal approach, the MLLM can predict
component functions from both visual and textual perspectives.

However, not all UI components contain textual information.
Many frequently used icons lack accompanying text (e.g.,
components 8 to 12 in Figure 3), making our multimodal
input strategy less effective when dealing with these icons. To
overcome this limitation, we implemented an icon function
library to enhance the MLLMs’ ability to understand these text-
less components. Specifically, we collected commonly used
text-less components from apps in Meituan to form the library.
Each component is manually labeled with its name and function,
and this information is stored alongside the component’s image
embeddings using CLIP (Contrastive Language-Image Pre-
training) [34].

When encountering a text-less Ul component, KuiTest
will search for the most similar component in the library
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before function recognition. Cosine similarity is used for
calculating the similarity between the target component’s image
embeddings, denoted as Vy;, and the embeddings of the

components in the library, denoted as Vi, fori =1,2,...,n.
L Vur - Vi,
cos_similarity(Vur, Viib,) = 7o —m—7 @))
( )= WorllVea,
max_similarity = max {cos_similarity(Virr, Vi,)}  (2)

1€[1,n]

If the maximum similarity score exceeds a predefined
threshold d, KuiTest considers the component to be matched
and associates its function with the text-less component in the
query prompt (e.g., component 8 in Figure 3).

As shown in Figure 3, after constructing the screenshot
with outlined interactive UI components and icon library aided
textual information, KuiTest prompts the MLLM and queries
the function of an interactive Ul component based on its ID.

D. Post-Interaction Response Verification

Once the function of the interactive components has been
identified, the next step is to perform the interaction. Specif-
ically, KuiTest chooses different tools to simulate clicks
depending on the platform. For instance, it utilizes the adb
tool [30] on Android and HarmonyOS Device Connector
(hdc) [35] for HarmonyOS Next. After the interaction is
completed, KuiTest takes a screenshot of the post-interaction
GUI, which serves as the input for the subsequent response
verification process.

After the interaction, KuiTest first identifies whether there
are any GUI responses, i.e.,, visual differences between the pre
and post-interaction states. For instance, KuiTest compares
the pixel-based image similarity between the pre and post-
interaction screenshots. If no visible changes are detected,
KuiTest marks the interaction as no response and flags it as
an anomaly. For screenshots that show a response, KuiTest
hands over the task of functional anomalies detection to
MLLMs.

Specifically, as shown in Figure 4, KuiTest utilizes similar
image-text information demonstrated in Section III-C to assist
the MLLM in understanding the post-interaction Ul semantics.
Furthermore, the previously predicted component function is
also incorporated as input. Then KuiTest prompts MLLMs to
detect conflicts between the component’s intended function and
its actual response. In designing the prompt, we deliberately
avoided including examples (well-known as few-shot) to ensure
that the judgments of MLLMs remained uninfluenced. This
approach helps preserve their generalizability in addressing the
diversity of UI functional bugs. The final prompt for anomaly
detection can be referred to Figure 4.

E. Configuration for Deployment

When deployed, KuiTest provides two testing strategies
for engineers’ choices: random exploration and Ul component
traversal. Specifically, in the random exploration strategy,
engineers need to provide an AUT, a start page (default is
the app’s homepage), and a maximum number of steps (default
is 500). KuiTest will then conduct Ul functional testing
from the start page by repeatedly selecting an interactive Ul
component randomly and verifying its response. After each
round of interaction, KuiTest does not reset the page to the
start state but continues with another interaction on the current
page until the specified number of steps is reached.

As for the UI component traversal strategy, engineers need
to provide an AUT and a set of GUI pages as KuiTest’s
input. For each Ul page, KuiTest will first recognize all of
the interactive Ul components and then sequentially perform
interactions and verify the responses. Different from the random
exploration, after each interaction in UI component traversal,
KuiTest will shut down and reopen the AUT, then navigate
back to the target GUI page before the next interaction.

IV. EVALUATION
In this section, we evaluate the performance of KuiTest
by answering the following questions.

o RQ1: What is the benefit of the task decomposition structure
in KuiTest?



« RQ2: How does the effectiveness of KuiTest’s design in
identifying functions of GUI component?

¢ RQ3: To what extent can KuiTest detect UI functional
bugs in real-world, practical commercial mobile apps?

RQ1 evaluates the effectiveness and efficiency of
KuiTest’s task decomposition by comparing its effectiveness
and efficiency in detecting Ul functional bugs against alternative
decomposition variants. RQ2 assesses KuiTest’s capability
in GUI understanding by comparing its performance in GUI
component function identification against three variant prompts
via an ablation experiment. Finally, the practical usability
of KuiTest is validated in RQ3 by recognizing manually
injected real-life historical UI functional bugs across different
scenarios. Moreover, in Section V, we will present the practical
effectiveness of KuiTest by applying it to real testing
circumstances involving thousands of UI pages in Meituan.

A. Evaluation Setup

1) Benchmark Construction: Although KuiTest provides
two testing strategies (as discussed in Section III-E) for
engineers’ choices, the random exploration is not conducive to
statistical analysis. Therefore, we opted for the GUI component
traversal strategies in the quantitative experiments.

To the best of our knowledge, there is currently no publicly
available benchmark specifically for Ul functional bug testing.
Therefore, we construct two benchmarks ourselves from
Meituan’s M app, which serves nearly 700 million customers
and 10 million merchants.

Specifically, we collected historical Ul functional bugs (as
exampled in Figure 1) identified through manual testing at
Meituan over the past six months. For RQ1, we randomly
selected 25 UI inputs that historically triggered UI functional
bugs from five different business lines in Meituan’s app, i.e.,
Travel, Hotel, Video, Comment, and Coupon. Then, 25 correctly
functioning UI inputs are selected from each business line.
Therefore, the benchmark for RQ1 contains 150 UI inputs with
a bug ratio of 16.7% (25/150).

In RQ2, 250 interactive Ul components are randomly col-
lected from the five business lines to evaluate the performance
of UI component function identification. To ensure diversity,
we included both text components and icon components from
each business line.

To thoroughly test the capabilities of KuiTest, we construct
the benchmark for RQ3 from ten different business lines (i.e.,
Message, Movie, Takeout, Dining, Map, Travel, Leisure, Riding,
Grocery, and Medicine) in Meituan. For each business line,
15 Ul inputs that historically triggered UI functional bugs are
randomly selected and injected into 10 correctly functioning
GUI pages. In summary, the benchmark for RQ3 includes a
list of 100 GUI pages under testing from Meituan, with a total
of 4,664 interactive Ul components, of which 150 will trigger
a buggy response.

2) Baselines: Since RQ1 evaluates the performance of
KuiTest’s task decomposition, we construct two different
variants, No Decomposition and Three-Step strategies, to com-
pare their performance against the Two-step strategy utilized

No Decomposition

\|/

Fig. 5: Different variants of task decomposition.

by KuiTest. Specifically, as shown in Figure 5, one variant
involves feeding the pre and post-interaction GUI screenshots
and images of interactive components to the MLLM in a
single query, and therefore referred to as No Decomposition. It
prompts the MLLM to answer whether the Ul response exhibits
any anomalies directly. In contrast, the other variant divides
the UI functional testing into three sub-tasks: first, predicting
the functionality of the interacted component based on the
pre-interaction screenshot; second, analyzing the semantic
content of the page using the post-interaction screenshot; and
finally, determining whether there are discrepancies between
the component functionality and the page semantics.

In RQ2, we evaluate the design of GUI component func-
tion identification in KuiTest by comparing it with three
variants. Specifically, we iteratively remove components from
KuiTest to validate the effectiveness of each part described
in Section III-C. First, we removed the icon library to create
the first variant. Next, we eliminated the SoM strategy for the
second variant. Then, by changing the JSON format of the
text obtained through OCR to a single string, we shifted the
component-level image-text connection in KuiTest to a page-
level connection. Finally, we removed text information for the
last variant, where the prompt for identifying GUI component
functions only includes the screenshot and the position of the
target component, which is referred to as Pure MLLM.

In RQ3, we assess KuiTest’s ability to identify functional
bugs in real-life scenarios by demonstrating its performance
across different business lines within Meituan.



TABLE I: Ablation results for different decomposition strategies.

Decomposition Travel Hotel Video Comment Coupon Average
Strategy Pre. Pre. Rec. Pre. Rec. Pre. Rec. Pre. Rec. Acc. Pre. Rec. Tok_p  Tok_c
No Decomposition | 0.50 0.60  0.60 1.0 0.60 | 0.67 040 | 050 040 | 083 065 048 3420 223
Two-Step 0.75 0.83 1.0 080 | 0.75  0.60 1.0 060 | 093 086 0.72 5326 316
Three-Step 0.67 0.83 1.0 1.0 1.0 060 | 067 040 | 090 083 0.60 7012 773
! Acc. Pre. and Rec. represent the accuracy, precision, and recall.
2 Tok, and Tok,, represent the completion tokens and prompt tokens consumption in processing an interaction task.
TABLE II: Accuracy and efficiency of Ul component function identification
Identify Travel / Acc. Hotel / Acc. Video / Acc. Comment / Acc. Coupon / Acc. Average / Acc. Tokens
Strategy text icon text icon text icon text icon text icon text icon Tok_ p  Tok_c
Pure MLLM | 0.72 0.00 0.89  0.25 1.00 0.17 0.92 0.25 0.98 0.00 0.90 0.13 1655 120
Img+Text 0.81 0.14 091  0.25 1.00 0.17 0.92 0.25 0.98 0.00 0.92 0.16 2315 134
SoM+Text 0.89 0.14 095 0.25 1.00 033 0.97 0.25 1.00 0.00 0.96 0.19 2943 97
KuiTest 0.91 1.00 096 1.00 1.00 1.00 | 094 0.75 1.00 1.00 0.96 0.95 3136 97

! Tok, and Tok,, represent the completion tokens and prompt tokens consumption in processing an interaction task.
2 text and icon represent interactive Ul components with and without corresponding text, respectively.

3) Metrics: As for RQ1, since the UI functional testing can
be formulated as a binary classification problem (i.e., whether
anomalies are present), we choose the widely used accuracy,
precision, and recall to compare the effectiveness of KuiTest
with the two variants. Additionally, we track token consumption
to assess their efficiency.

RQ2 evaluates whether the function identification performed
by the LLMs aligns with the component’s intended design. To
facilitate analysis, we simplify this textual quality evaluation
task into a binary classification problem and use accuracy
as the metric to compare the performance of KuiTest with
the baselines. Specifically, two authors of this paper manually
reviewed the results, and in cases when their assessments
differed, another author was consulted to arbitrate. Furthermore,
we also recorded the prompt and completion token consumption
in RQ2’s experiments to highlight the differences in efficiency
and cost between KuiTest and the baselines.

For RQ3, although the methods and testing data differ
from RQI1, the task under investigation remains the same (i.e.,
identifying functional bugs from GUI interactions). Therefore,
we reused the precision and recall from RQI1 and added FPr
to evaluate KuiTest’s capabilities of reducing human effort
in UI functional testing.

4) Implementation and Configuration: Since it is impossible
to construct an icon dataset containing all possible icons of
a practical commercial app due to its vast number of pages,
we randomly selected 10 pages from our benchmark to create
the icon library for RQ2 and RQ3, simulating KuiTest’s
deployment scenario. Specifically, we extracted and labeled 18
types of UI components and stored their image samples and
function descriptions in the library.

All experiments were run on a MacBook Pro with a 2.6 GHz
6-core Intel Core i7 processor, while screenshots and hierarchy
data were captured from a Xiaomi 14 device. Additionally, for

cost efficiency, we chose to use the more affordable Claude-
3-haiku [36] as our base model for KuiTest’s evaluation,
which is different from KuiTest’s deployments in Meituan
in Section V.

B. RQI: Benefits of Testing Task Decomposition

In RQ1, we compare the effectiveness and efficiency of
different task decomposition variants (shown in Figure 5) by
evaluating their performance in detecting injected Ul functional
bugs.

The result for RQ1 is shown in Table I. The bug detection
performance (i.e., accuracy, precision, and recall) of two-step
and three-step decomposition variants is significantly higher
than that of a single query. This demonstrates the effectiveness
of the widely used task decomposition strategy in enhancing the
reliability of LLM outputs when handling complex problems.

As for the differences between the two-step and three-step
decomposition variants, although the tasks for MLLM in the
three-step variant are less complex, its overall performance is
poorer than that of the two-step variant. The post-interaction
semantic extraction procedure makes the three-step variant
advance in comprehending page type and, therefore, good at
handling intra-page navigation interaction, particularly in the
Video and Comment scenarios. However, in the meantime, it
is prone to omit subtle Ul features (e.g., icon color), leading
to missing inter-page responses in the Ul semantics. As a
result, it performs poorly in identifying UI functional bugs in
scenarios with frequent inter-page interactions, such as Travel
and Coupon.

Therefore, KuiTest’s choice of leveraging the two-step
decomposition strategy to handle UI functional testing by the Ul
component function identification and post-interaction response
verification module is effective and efficient.



TABLE III: KuiTest’s performance in detecting UI functional bugs in different business lines.

Business Message Movie Takeout Dining | Map | Travel | Leisure Riding Grocery Medicine Aggregate
#Inputs 479 399 525 589 417 501 532 323 469 430 4664
#Bugs 15 15 15 15 15 15 15 15 15 15 150
#TP 13 12 13 11 15 12 11 14 15 13 129
#FP 8 0 3 9 3 8 7 3 3 7 52
Precision 0.62 1.00 0.81 0.55 0.83 0.60 0.61 0.82 0.83 0.65 0.71
Recall 0.87 0.80 0.87 0.73 1.00 0.80 0.73 0.93 1.00 0.87 0.86
FPr 0.02 0.00 0.01 0.02 0.01 0.02 0.01 0.01 0.01 0.02 0.01

! #Inputs, #Bugs, #TP, and #FP represent the number of UI inputs, injected bugs, recalled bugs, and false positives, respectively.

C. RQ2: Performance of Ul Component Function Identification

In RQ2, we prepared the corresponding input for KuiTest
and the three variants and manually counted the accuracy of
their function predictions on UI components. Besides, icon
components (i.e., those without corresponding text) are split
with the other components (referred to as text components) to
evaluate the effects of the icon library.

As shown in Table II, the accuracy of the variant with the
input of a screenshot and the position of the target component
(named Pure MLLM) rank lowest among the four methods. This
supports the statement made in Section I, which highlights the
limitations of LLMs’ ability to understand images. Additionally,
with the addition of text and SoM as input, the accuracy of
function recognition for text components improved, reaching
96%, which demonstrates its suitability for industrial use.

Moreover, none of the three baselines is capable of accurately
identifying the function of UI icon components (i.e., with
an accuracy below 20%), whereas KuiTest achieves 95%
accuracy, demonstrating the effectiveness of its icon library.

D. RQ3: Effectiveness of Response Verification

In RQ3, we evaluate KuiTest’s performance in detecting
these 50 UI functional bugs from the 150 UI pages in our
benchmark. To simulate a real-life practical scenario, we did
not restrict the range of UI inputs for KuiTest. Therefore,
KuiTest has to independently traverse all interactive UI

components across the 150 pages to detect UI functional bugs.

The Results for RQ3 are shown in Table III. KuiTest can
identify 86% injected UI functional bugs from the ten different
business lines. Although KuiTest formulates the Ul response
verification as a binary classification problem, the positive cases
(i.e., Ul inputs leading to functional bugs) account for only
3.2% in our benchmark, resulting in a precision of 71% for
KuiTest.

Given that the percentage of positive cases in real-life
industrial testing scenarios is even lower than 3.2%, keeping a
low rate of false positives (i.e., incorrectly identifying a correct
UI response as a Ul functional bug) is crucial for reducing
manual effort. Therefore, the FPr of 1.2% for KuiTest makes
it possible for industrial deployment, which we will further
discuss in the next section.

V. CASE STUDIES

Since the design of KuiTest was motivated by practical
industrial labor-intensive status in Meituan, it has now been
integrated into an automated testing platform in Meituan for
engineers’ easy access. When invoking KuiTest, engineers
are required to provide either a starting GUI page or a list
of GUI pages from the application under test (AUT). With
this information, KuiTest can autonomously conduct GUI
semantic testing through random exploration or component
traversal of the specified GUI list.

In this section, we show the real-life benefits by demonstrat-
ing the procedure of applying KuiTest to mobile apps in
Meituan. We summarize the lessons learned, which can shed
light on the automation of GUI semantic testing.

A. GUI Traverse on HarmonyOS NEXT

Nowadays, popular commercial apps typically support mul-
tiple platforms (e.g., Android, iOS). Due to the longstanding
challenges in GUI image analysis, GUI testing methods in
industrial practice heavily rely on analyzing the hierarchy
files. However, different platforms have varying support for
hierarchy structures, making cross-platform testing particularly
challenging.

This is also the case for the M app from Meituan, whose au-
tomated GUI testing primarily relies on scripts tied to platform-
specific hierarchy files. Therefore, engineers in Meituan need
to maintain numerous GUI testing scripts for each platform to
identify app anomalies before users encounter them.

Such platform-specific GUI testing scripts will face immense
pressure when a new platform (e.g., HarmonyOS NEXT) is
set to launch. Interactions and verification previously tied
to apps on Android or iOS through GUI elements’ IDs
or attributes cannot be automatically migrated to the new
hierarchy structure. Despite significant manual effort invested
in developing scripts and performing manual tests, many GUI
pages remain uncovered.

Therefore, as soon as KuiTest was released at Meituan, it
was first used to test the M app’s functionality on the preview
version of HarmonyOS NEXT. Specifically, engineers selected
the random exploration strategy and only needed to set a
starting GUI page for the beginning. From there, KuiTest
autonomously conducted GUI interactions and performed
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semantic testing. Finally, the results containing GUI interaction
traces and KuiTest’s judgments are shown to engineers.

In our testing of 31,176 Ul interactions, KuiTest identified
32 previously unknown bugs in the M app, of which 31
have been confirmed. Since the M app for HarmonyOS NEXT
includes many newly developed GUI pages, 28 of the 31 bugs
were related to the UI loading process, such as images failing
to load and GUI page load failures sampled in Figure 6.

B. Weekly Semantic Regression

As demonstrated in Section II-B, The development and
maintenance of GUI testing scripts represent a significant labor
burden, meaning that even on well-established platforms, page
coverage of scripts remains limited, typically focusing on core
business areas (e.g., transaction-related pages) due to the cost-
benefit trade-off.

While bugs in other areas can still negatively impact the
user experience, KuiTest now offers a low-cost solution to
enhance the coverage of GUI semantic testing. Specifically,
engineers select the GUI component traversal strategy in
KuiTest and provide a list of GUI pages to be tested.
During each round of GUI regression, KuiTest automatically
interacts with every interactive component on each page in the
list, followed by semantic verification of the response.

During the six months since KuiTest’s release, it has been
involved in 24 rounds of GUI regression testing, uncovering 12
GUI bugs from 100k cases, of which 10 have been confirmed.
These include 4 display bugs (e.g., blank screen issue) and 6
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semantic bugs. We sampled representative semantic bugs in
Figure 7.

Due to the current limitations of LLMs in understanding
GUI semantics, we acknowledge that KuiTest cannot detect
all semantic bugs resulting from GUI interactions. Testing
engineers at Meituan have assessed KuiTest’s contribution
to automated testing by evaluating the proportion of GUI scripts
and manual testing efforts it could replace. Currently, this ratio
is estimated to be around 15%. We will discuss this further in
the next section.

VI. THREATS TO VALIDITY

One potential threat arises from the fact that KuiTest
employs the LLM-simulated human expectations as an oracle
for UI functional testing. Therefore, we acknowledge that
KuiTest ’s ability to detect Ul functional bugs is related
to the performance of the base model. Given our focus on
industrial usability when designing KuiTest, we currently set
its testing target to one-step interactions rather than interaction
sequences to keep the reliability of KuiTest’s judgment. In
the future, we will work on designing a rule-free UI functional
testing approach for sequences of interactions.

Another threat lies in KuiTest’s generalizability to other
apps. Although KuiTest is designed and implemented in
Meituan, it is not specifically tailored for Meituan’s app. Since
neither the UI Component Function Identification nor the
Post-Interaction Response Verification module in KuiTest
requires proprietary technology from Meituan, we believe



that KuiTest’s workflow and performance can be readily
replicated on other apps.

VII. RELATED WORK

As mobile apps become increasingly complex, automatic
GUI testing has long been studied by both academia [4], [23],
[37]-[43] and industry [6], [44]-[49]. Depending on the target
type of Ul bugs being tested, these methods can be categorized
into two categories: non-functional and functional bug testing
tools.

Tools targeting Ul crashes are widely-studied non-functional
bug UI testing tools [50]. These tools typically employ a model-
based [4], [7], heuristic [40], [51], [52] or even LLM-based [53]
strategy to generate streams of Ul inputs and detect crashes in
the AUT. Since they do not rely on the semantics or functions
of the GUI when performing UI testing, they can execute tests
on almost any app with minimal adaptation. Although these
tools can automatically explore an AUT and, therefore, offer a
high degree of generalization, their testing scope is limited as
they rely on a simple testing oracle focused solely on detecting
crashes.

As for UI functional bug testing, engineers traditionally
relied on crafting hard-coded UI test scripts [12]. Although this
approach demonstrates strong testing capabilities in specific
areas, it is quite labor-intensive to develop and maintain a
large set of UI testing scripts. As a result, script-based Ul
testing often has low coverage in industrial practices. Therefore,
some researchers have utilized automated methods to aid in
generating test scripts, such as AppFlow [11], CraftDroid [54],
and CoSer [12]. Others have adopted human-like testing
strategies through learning-based automation methods such
as Humanoid [55] and QTypist [53]. However, these methods
often exhibit poor generalizability, making them challenging
to be applied directly in novel scenarios.

Moreover, the advancement of LLMs empowers machines
with extensive knowledge bases and strong comprehension
abilities, which leads to the widespread use of LLMs in
UI functional testing. Unlike previous methods, LLMs can
effectively understand the semantic information of GUI pages
and natural language instructions, enabling more automated Ul
functional testing tools. Specifically, VisionDroid [56] employs
MLLMs to integrate GUI images and textual information,
determining whether the AUT exhibits any of 9 categories
of non-crash UI functional bugs. AUITestAgent [57] leverages
LLMs’ natural language understanding to replace traditional
hard-coded scripts with natural language-based test require-
ments to improve generalizability. Although these methods can
reduce the human effort required for Ul functional testing, they
still rely on manual rule definition and adaptation, which limits
their usability in industrial practice.

Our work, KuiTest, although also an LLM-based func-
tional testing tool, eliminates the need for predefined rule-
based oracles. Instead, it simulates common user expectations,
enabling adaptation-free UI functional testing in novel industrial
scenarios.

VIII. CONCLUSION

This paper highlights the manual-intensive status of Ul
functional testing caused by the poor generalization of the
widely-used rule-based oracles. Then, we propose KuiTest,
the first rule-free UI functional testing tool we designed
for Meituan to reduce such manual effort. KuiTest adopts
the idea of leveraging general LLMs to simulate common
user expectations and, therefore, replaces the widely-used
rule oracles for UI functional testing with knowledge in the
wild. Our experiments on customized benchmarks show that
KuiTest can effectively identify the function of interactive
UI components and could recall 86% injected UI functional
bugs while maintaining a 1.2% FPr. Furthermore, practical
industrial case studies show KuiTest’s real-life usability in
successfully detecting previously unknown UI functional bugs
and capabilities of reducing human effort in UI testing.
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