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Abstract—Redundant test cases, although well-studied in
software engineering, are previously underexplored in UI testing
of mobile apps. Our study of real-world test suites shows that,
equipped with large-scale testing suites, redundancy in UI testing
often manifests as redundant UI interactions. Although negligible
in traditional script-based workflows, such redundancy severely
impacts the efficiency of emerging Large Language Model (LLM)-
based UI agents, which incur substantial decision latency and
token costs from repeated LLM queries for the same interactions.
To this end, based on the idea of reusing LLMs’ former decisions,
we present TestWeaver, a cost-effective LLM-based testing
framework. Leveraging a semantic annotated UI Transition Graph
(UTG), TestWeaver is capable of detecting shared interactions
across test cases. It processes each interaction with a single LLM
query, and reuses the result whenever the same interaction occurs.
We evaluate TestWeaver on real-world test suites from Meituan.
It achieves a 92% success rate with an average cost of $0.11 and
89.7 seconds per case, outperforming the state-of-the-art. We have
also deployed TestWeaver in a real-world testing workflow at
Meituan for over six months. TestWeaver has executed nearly
2,000 test cases and uncovered 10 previously undetected bugs,
while reducing manual testing effort by 75%.

Index Terms—Automatic UI Testing, Large Language Models,
Mobile Apps, Cost Optimization.

I. INTRODUCTION

In software engineering, large-scale testing is widely adopted
for ensuring the quality and reliability of complex software
systems [1]. This testing typically involves developing and
maintaining a large volume of test cases. As a result, redundant
test cases are inevitable [2]. Such redundancies can significantly
hinder testing efficiency and increase costs, particularly in the
context of modern software systems with fast development
cycles and high testing demands. Consequently, detecting and
removing redundant test cases to improve test efficiency has
long been a prominent research topic [2]–[7].

Despite the extensive efforts to detect redundant test cases,
our industrial experience in mobile app User Interface (UI)
testing reveals a new form of redundancy: redundant UI
interactions. In practice, testing whether an app functions
properly requires a large number of test cases [8]–[10]. Most

of these cases, as illustrated in Figure 1, are derived from
specifications and expressed in natural language [11], [12],
with each describing its start UI page and a sequence of UI
interactions. Given the widespread functional dependencies
within an app and the need for large-scale test cases for
comprehensive coverage, the same UI interactions, or even
identical interaction prefixes, are repeatedly appearing across
different cases. We further quantify this phenomenon in
Section II, showing that redundant UI interactions are prevalent
across test cases, with 50% of interactions being redundant.

Despite its prevalence, interaction redundancy in UI testing is
not always a major concern. For instance, in script-based testing
workflows, test cases are manually converted into hard-coded
UI scripts and executed using tools like Appium [13]. In such a
testing scenario, redundant UI interactions have little impact as
the efficiency bottleneck lies in the labour-intensive script
development process. However, advanced Large Language
Models (LLMs) [14] are increasingly adopted for mobile app
testing [15]–[17], rendering redundant UI interactions as a new
efficiency bottleneck. Specifically, to reduce the manual effort
in developing scripts, many LLM-based UI agents [11], [12],
[18]–[22] are proposed to directly execute test cases in natural
language. Although promising for cutting manual effort, these
agents typically query LLM multiple times at each step, which
incurs substantial latency and token cost. Therefore, reducing
redundant LLM requests in processing the same interactions
has become one of the key points to improve test efficiency.

However, due to the inherent diversity of natural language,
detecting redundant UI interactions before execution is non-
trivial. Due to the lack of standardized guidelines, test cases
authored by different testers often exhibit significant diversity.
Some cases may only state the goal (e.g., "Test login function-
ality") without specifying the interactions involved, which may
implicitly cover interactions that are included in other cases.
Additionally, some cases may skip intermediate interactions
or combine multiple interactions into one description. Hence,
this diversity renders direct comparison using natural language
processing techniques impractical.



Step 1: Enter the
ticket booking page

Step 2: Check flight
tickets from Shanghai

to Beijing

Step 3: Check flight
tickets for Sunday

Change the ticket
sorting order

Step 4.1: Sort by Price

Step 4.2: Sort by Time

Test Case 1: Verify the flight ticket sorting functionality by ticket price. 

Test Case 2: Verify the flight ticket sorting functionality by departure time. 

Redundant UI Interactions

Fig. 1: Two test cases sharing redundant UI interactions.

Both test cases aim to verify the flight ticket sorting functionality in the Meituan app. Test Case 1 involves steps 1, 2, 3, and 4.1. Test Case 2 involves steps 1, 2, 3, and 4.2. They
share redundant steps 1, 2, and 3.

The key to overcoming this challenge lies in standardizing
diverse test cases into the same granularity. The UI Transition
Graph (UTG) [23]–[27] provides an ideal solution, as it
captures interactions that triggers page transitions within an
app. Formally, UTG represents the structure of an app’s UI
as a directed graph G = (V,E). Each vertex v represents a
unique UI page, and each edge e represents an interaction that
triggers page transitions. Based on this representation, diverse
test cases can be standardized into comparable sequences via
path mapping.

To this end, we implement TestWeaver, a tool that
constructs a UTG for the app under test (AUT), maps test
cases as paths in the graph, and detects redundant interactions
for efficient execution. TestWeaver first builds the UTG
through UI exploration to capture all reachable UI pages and
interactions within the AUT. Then, it enhances the UTG with
semantic information, ensuring more accurate mappings. Next,
TestWeaver uses LLM to map each test case—whether
high-level or detailed—onto the UTG by linking its start
page to a vertex and its interactions to corresponding edges.
Therefore, TestWeaver can exploit redundant UI interactions:
each interaction is processed by LLM only once, and reused
whenever it appears again in other cases.

We evaluate the effectiveness of TestWeaver on three
real-world test suites from the Meituan app [28], a lifestyle
super-app with over 1 million downloads on Google Play.
TestWeaver can accurately standardize 96% of the test
cases by leveraging semantic-enhanced UTGs, and can identify
redundant interactions across them. Compared to two state-of-
the-art agents, TestWeaver achieves the best of both worlds:
50% higher success rate, 42% lower economic cost, and 19%
shorter execution time. Moreover, we deploy TestWeaver in
Meituan, one of the largest e-commerce providers with nearly
700 million users. TestWeaver run 30 rounds of regression
testing (around 2,000 test cases) in a real-world testing
workflow, detecting 10 previously unseen bugs. Compared with
prior manual testing practice, TestWeaver saved 75% of the
involved manual effort, while also providing benefits in test
case management, as confirmed by test engineers’ feedback.

The contributions of this paper are as follows:
• New problem. We are the first to show that redundant UI

interactions create a critical efficiency bottleneck for LLM-
based UI testing. Quantified via real-world studies, this
previously overlooked defect incurs up to 50% unnecessary
LLM costs and hinders industrial deployment.

• Novel idea and tool implementation. We present



TABLE I: Overview of the Test Suites.

Module Name #Cases Avg. Steps Max. Steps Min. Steps Representative Case

Hotel Booking 52 5.38 8 3
On the hotel listing page, change the current location to Hong Kong,

claim a coupon, and then click on the first hotel in the list to access its
detail page.

Travel Booking 13 8.00 14 4

On the homepage of the attraction, tap "Adult Ticket". Tap the "Book
Now" button in the bottom right corner. Tap "Add", then "Add Frequent
Traveler". Enter the name, ID number and contact phone number in the

input box, respectively. Tap the Save button. Tap the "Done" button at the
bottom. Tap "Quick Pay", then tap "Done".

Food Delivery 24 4.08 6 2 On the food delivery homepage, place an order for any discounted
group-buy item.

TestWeaver, which can unify test cases into a standard-
ized UTG structure and exploit redundant interactions. By
mapping test cases as paths in the UTG, TestWeaver
is able to standardize diverse test cases, cache LLM
responses, and reuse the cached responses for processing
natural language interactions.

• Practical experience. We conduct comprehensive exper-
iments to evaluate TestWeaver on three real-world
test suites. And we show its successful application in
a practical field deployment at Meituan.

II. MOTIVATION STUDY

To highlight the motivation behind our work, we first analyze
real-world test cases from Meituan, quantifying the prevalence
of redundant UI interactions. Next, we evaluate the cost of
executing these test cases using two state-of-the-art LLM-based
agents to better understand the challenges of deploying them
in industrial settings. This study aims to answer two research
questions (RQs):

• RQ1: How prevalent are redundant interactions among
real-world test cases?

• RQ2: How costly is it to execute real-world test cases
using existing LLM-based agents?

A. Setup

1) Dataset: To answer these questions, we collect three sets
of real-world test cases (i.e., test suites) from the Meituan
app. Each test suite focuses on a distinct feature module with
unique entry points and UI navigation paths, and is developed
independently by different quality assurance teams. To ensure
validity, we only count redundant interactions within test suites,
not across suites. Table I summarizes the three test suites we
used, including the number of test cases, length distributions,
and representative examples. In total, the test suites contain 89
test cases, with an average length of 5.42 steps, ranging from
2 to 14 steps.

We do not use existing public benchmarks [11], [29], [30]
for RQ1, as they typically contain far fewer test cases per app
than real-world industrial practice.

2) Key Definitions: Before presenting results for RQ1 and
RQ2, we first define key terms used throughout this study.

a) Action Space: We categorize all involved UI interac-
tions into the following types:

• Tap: tap on a specific UI widget.
• Long press: long pres on a specific UI widget.
• Scroll: scroll a UI widget or screen in a specific direction

and distance.
• Input: input text into an activated input field when the

virtual keyboard is visible.

b) Test Case: Despite their varied natural language
descriptions, each test case c corresponds to a sequence of
interactions starting from an initial UI page. We formally
represent it as:

c = (v0, e⃗01 · · · , ⃗e(n−1)n) (1)

where v0 is the starting UI page, and ⃗e(i−1)i represents an
interaction that transitions the UI from page vi−1 to page vi.

c) Redundant UI Interaction: Given this definition of UI
pages, we define an interaction ⃗e(i−1)i as redundant if there
exists another interaction ⃗e(j−1)j (either from the same or
another test case) such that:

vi−1 = vj−1 and vi = vj (2)

In other words, two interactions are considered redundant if
they both start from the same UI page and end on the same
UI page.

3) Test Cases Execution: To obtain the ground truth inter-
action sequence of each test case, two authors independently
executed all the test cases on real devices. The execution
results were recorded using the Android Debug Bridge (adb)
tool [31], capturing all the performed interactions. In cases of
discrepancies, a third author would join to resolve the issue
and reach a consensus. All the involved authors have over two
years of experience in mobile app testing and are active users
of the Meituan app.

B. RQ1: Prevalence of Redundant UI Interactions

1) Metrics: In RQ1, we use the following three metrics to
quantify the prevalence of redundant interactions:

• Redundant Interaction Diversity Rate (RIDR, %): Reflects
how diverse the redundancy is at interaction level. Let I



TABLE II: RQ1: The prevalence of redundant interactions.

Test Suite
Interaction-level Metrics Case-level Metrics

#Redundant Interactions #Total Unique Interactions RIDR #Cases w/ Redundancy #Total Cases RCCR ARP

Hotel Booking 40 48 0.83 52 52 1.00 0.97

Travel Booking 18 62 0.29 10 13 0.77 0.69

Food Delivery 14 38 0.37 22 24 0.92 0.79

Avg. - - 0.50 - - 0.94 0.89

TABLE III: RQ2: The execution result of existing LLM-based UI agents.

Method
Hotel Booking Travel Booking Food Delivery Avg.

SR ↑ SA ↑ Time ↓ Cost ↓ SR ↑ SA ↑ Time ↓ Cost ↓ SR ↑ SA ↑ Time ↓ Cost ↓ SR ↑ SA ↑ Time ↓ Cost ↓
AppAgent 0.19 0.69 202.84 0.56 0.23 0.45 380.40 0.91 0.25 0.67 236.28 0.55 0.21 0.60 237.79 0.61

AutoDroid 0.19 0.41 104.79 0.20 0.31 0.51 194.00 0.33 0.08 0.20 81.03 0.11 0.18 0.39 111.41 0.19

denote the set of unique interactions and count(i) be the
occurrence count of interaction i.

RIDR =
|{i ∈ I | count(i) > 1}|

|I|
(3)

This metric reflects, among all the involved interactions,
how many of them is not unique.

• Redundant Case Coverage Rate (RCCR, %): Reflects how
widespread the redundancy is at case level.

RCCR =
#test cases that contain redundancy

#all test cases
(4)

This metric captures the proportion of test cases that
exhibit any form of redundancy, regardless of how many
redundant interactions they contain.

• Average Redundancy Proportion (ARP, %): Reflects how
severe the redundancy is within the affected cases. Let
N be the number of test cases that contain at least one
redundant interaction.

ARP =
1

N

N∑
i=1

#redundant interactions in case i

#all interactions in case i
(5)

This metric captures the average share of redundant
interactions in those test cases that include redundancy.

2) Results: Table II presents the results of RQ1, demon-
strating that redundant interactions are prevalent in real-world
UI test cases.

To assess the diversity of redundancy, we report the macro
average of RIDR. On average, 50% of all distinct interaction
types appear as redundant in at least one case. Such diversity
suggests that simple rule-based methods to detect certain
specific interactions are insufficient for detecting redundancy,
highlighting the need for our UTG-based approach. Upon fur-
ther analysis, we found these redundancy reasonable, typically
relate to key features of each module (e.g., hotel search in
hotel booking).

For RCCR, the micro average is 0.94, meaning 94% of test
cases contain at least one redundant interaction, confirming
that redundancy is widespread. An explanation for such a

high RCCR is: a test case with 0 RCCR means that all the
interactions in this case are unique, and no other test cases
have explored any of the interactions within it. This rarely
happens in practice, as most test cases start from the same
feature homepage and involve at least one or two common UI
interactions.

The micro average for ARP is 0.89, showing that redundancy
is not only common but also severe when it occurs. For instance,
the ARP for hotel booking reaches 0.97, suggesting that test
cases for this module tend to share long interaction prefixes and
only diverge at the final one or two steps. According to case
designers, this is intentional when they design the test cases.
They aim to simulate how users would access various functions
from the entry page, resulting in highly overlapping test flows.
Interestingly, travel booking has a relatively low RIDR of 0.29
but still shows a high ARP of 0.69. This indicates that in this
test suite, a small portion of interactions repeatedly appear.
And we found them to be the essential steps for accessing most
of the features in this module (e.g., fill in personal information
when booking tickets).

C. RQ2: Execution Cost of LLM-based Agents

1) Baselines: In RQ2, we select two state-of-the-art LLM-
based agents as baselines: AppAgent [21] and AutoDroid [20].
These agents are chosen based on the following considerations:
(1) they are recent and influential in the field; (2) both are open-
sourced; (3) both can be successfully launched on Meituan
app.

2) Metrics: To comprehensively evaluate the execution
cost of LLM-based agents, we adopt the following metrics,
commonly used in prior work:

• Success Rate (SR, %): the percentage of test cases that are
successfully completed by the agent. A case is considered
successful if the entire interaction sequence generated by
the agent exactly matches the ground truth sequence.

• Step Accuracy (SA, %): the percentage of individual
interactions that are correctly executed by the agent.

• Average Execution Time (Time, seconds): the average time
taken by the agent to execute each test case.
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Fig. 2: Overview of TestWeaver.

• Average Execution Cost (Cost, USD): the average monetary
cost of executing each test case, estimated based on the
number of prompt and completion tokens consumed by the
LLM. We use GPT-4o [14] as the underlying model, and
the pricing is calculated according to the official OpenAI
API pricing [32].

3) Results: Table III reports the execution results of the two
LLM-based agents. We make three key observations:

First, we find a clear trade-off between accuracy and
execution efficiency. AppAgent, which leverages MLLMs and
takes UI screenshots as input at each step, generally achieves
higher step accuracy (0.60 vs. 0.39) and success rate (0.21
vs. 0.18) compared to AutoDroid, which leverages LLMs and
uses structural XML [33] as input. However, this improvement
comes at a significant cost: AppAgent consumes more than 2x
execution time and 3x monetary cost on average.

Second, despite low success rates, the relatively high step
accuracy suggests that most interactions are still correctly
performed. This indicates that such agents can still alleviate
manual effort in checking or executing test cases. Our analysis
reveals that the low SR primarily stems from the agents’
inability to determine the correct stopping point of a test case:
they often continue exploring even after completing all intended
interactions. This issue arises because most test cases specify
only the testing objective rather than a precise sequence of
steps to follow.

Third, we note that although the per-case execution cost
appears low (less than $1), the total cost becomes significant
in industrial settings. For instance, executing 100 test cases (a
typical scale for regression testing) would require over 6.6 hours

and cost more than $60 per round. Such overhead challenges
the scalability and practicality of current LLM-based agents,
especially for fast-paced release cycles.

III. APPROACH

Figure 2 provides an overview of TestWeaver, which
comprises two main modules: Test Case Standardization
(Section III-A) and Test Case Execution (Section III-B).

The first module constructs a semantic-enhanced UTG for
the AUT, with test cases marked as paths onto it. For each AUT,
the UTG is built only once through dynamic exploration, with
each interaction uniquely identified and stored as a UTG edge.
The UTG is then annotated with natural language semantics
for mapping test cases as a sequence of UTG edges (i.e.,
standardized test cases). These sequences are stored in natural
language without coordinates, ensuring portability across AUT
versions and device resolutions.

The second module handles the execution of the standardized
test cases, processing them step-by-step. Each natural language
interaction is converted by LLM only once, and the resulting
LLM response is cached. This cached response is reused
whenever the same interaction is encountered in other test
cases, thus reducing redundant LLM queries.

A. Test Case Standardization

1) UTG Construction: TestWeaver constructs a compre-
hensive UTG through dynamic exploration, as presented in
Algorithm 1. It begins by launching the AUT and capturing
the app homepage as the root node of the graph. It then
performs depth-first traversal using the DFSExplore function,
recursively explore reachable UI pages.



On each UI page, TestWeaver first invokes ExtractInter-
activeWidgets() to identify all the interactive widgets. This is
achieved by parsing the UI hierarchy file [33] (i.e., XML) and
filtering relevant XML nodes. Each UI widget corresponds
to one or more nodes in the XML, and we define a UI
widget as interactive if any of its corresponding nodes meet
any of the following criteria: (1) Any of the clickable,
long-clickable, checkable, or scrollable proper-
ties is set to true; (2) the class property is EditText [34],
indicating that the widget is an input field. Each interactive
widget is then located by taking the union of the bounds
properties of its corresponding XML nodes.

Then, each identified widget is interacted with Interact().
After each interaction, TestWeaver captures the resulting
page via CapturePage(), which uses adb [31] to get the
screenshot, XML, and additional metadata including the current
activity and fragments.

To determine whether an interaction has led to a new
page, TestWeaver invokes IsNewVertex(). If a new page
is confirmed, it is added to V as a distinct vertex. And the
interaction that leads to this page is added as a new edge in E.
Specifically, we adopt the idea from Screen Transition Graph
(STG) [35] to distinguish between UI pages, which has a finer
granularity than Activity Transition Graph and aligns with how
human perceive different UI pages. For each existing vertex
v ∈ V , it is compared against page v′ through two steps: first,
TestWeaver verifies if v′ shares the same activity name as v.
Then, it calculates whether the similarity between their visible
UI component (e.g., fragments, menus, navigation drawers,
etc.) distributions exceeds a threshold θ.

Finally, to avoid infinite loops, the exploration is bounded
by a configurable depth D and step N . Once the maximum
exploration depth is reached, TestWeaver ensures the AUT
returns to the last UI page using NavigateBackTo(). Since
directly using the system event Back does not always guarantee
returning to the correct previous page v, in this function,
TestWeaver restarts the AUT and replays the previously
explored path to reach page v. If the maximum exploration
step is reached, TestWeaver stops constructing.

Moreover, it is important to note that UI exploration is not
equivalent to test case execution: the former aims to explore the
AUT’s UI and interacts randomly, while the latter focuses on
validating whether specific interaction sequences cause crashes
or lead to unresponsive behaviors.

2) Semantic Annotation: After constructing the UTG,
TestWeaver uses LLM to annotate the semantic information
for each UI page in V and each interaction in E. This
submodule serves two purposes: First, MLLMs perform poorly
when processing multiple screenshots simultaneously [36].
To ensure more accurate test case mapping, it is necessary
to convert them into text form. Second, processing dozens
of screenshots when mapping a test case is computationally
expensive. By annotating all the elements in advance, we
reduce runtime cost via one-time preprocessing with acceptable
overhead.

The prompts used for annotating UI pages and interactions

Algorithm 1: UI Transition Graph Construction
Input: Maximum exploration depth D, Maximum

exploration step N
Output: UI Transition Graph G = (V,E)

1 Function BuildUTG(D, N):
2 V ← ∅;
3 E ← ∅;
4 stepCount← 0;
5 LaunchApp();
6 v0 ← CapturePage();
7 V ← V ∪ {v0};
8 DFSExplore(v0, V , E, D, N , stepCount);
9 return G = (V,E);

10 Function DFSExplore(v, V , E, D, N , stepCount):
11 if D = 0 or stepCount ≥ N then
12 return
13 end
14 widgets← ExtractInteractiveWidgets(v);
15 foreach w ∈ widgets do
16 if stepCount ≥ N then
17 break;
18 end
19 if not w.visited then
20 Interact(w);
21 stepCount← stepCount + 1;
22 w.visited← true;
23 v′ ← CapturePage();
24 if IsNewVertex(v′, V ) then
25 V ← V ∪ {v′};
26 e← (v, w, v′);
27 E ← E ∪ {e};
28 DFSExplore(v′, V , E, D − 1, N ,

stepCount);
29 end
30 NavigateBackTo(v);
31 end
32 end

are shown in Table IV. We adopt a few-shot prompting strategy
when designing the prompt, ensuring annotation consistency
across pages and interactions.

3) Test Case Mapping: Next, TestWeaver standardizes
natural language test cases prior to execution based on the
semantic-enhanced UTG. This step addresses a key inefficiency
in prior LLM-based agents: they rely on multi-turn prompting
strategies like ReAct [37], requesting multiple LLM queries
for each interaction (comprehend the current UI, track test
progress, and locate the correct UI widget to interact with).
In contrast, TestWeaver directly maps each test case into a
sequence of concrete interactions on the UTG, removing the
need for querying the LLM to track test progress at runtime.

The mapping prompt and resulting standardized test cases are
illustrated in Table V. Each standardized test case is represented
as a sequence of interactions, where each interaction includes:



TABLE IV: Prompts used in semantic annotation.

Prompt Type Prompt Purpose Prompt Content

UI Page Summary Prompt

Role definition Set LLM’s role as a mobile app testing engineer. You are a mobile app testing engineer.

Input context Provide a UI screenshot of the current page. You are presented with a UI page screenshot. <screenshot>

Task instruction Describe the current UI page and its sections. Summarize the type and description of the current page. Focus
on the header, content, footer, and sidebar sections. Ignore the
status area and keyboard.

Few-shot example Verified example of a UI page summary. Example: {"type": "Settings page", "header": "The title ’Settings’
is displayed at the top center", "content": "A list of settings
options is displayed, including ...", "footer": "The ’Save’ button is
at the bottom center", "sidebar": "No sidebar present", "function":
"Allows the user to modify application settings." }

Output format Require structured JSON with layout regions and
functional tags.

Format the output strictly in JSON. Include the following fields:
type, header, content, footer, sidebar, and function. Refer to the
example.

Interaction Summary Prompt

Role definition Set LLM’s role as a mobile app testing engineer. You are a mobile app testing engineer.

Input context Provide summaries of UI pages before and after the
interaction, along with the interacted widget’s image
and XML nodes.

You are presented with two UI page descriptions and a recorded
interaction. <image> <summary of UI page 1> <summary of UI
page 2> <XML nodes>

Task instruction Describe the interaction and summarize the appearance
and function of the interacted widget.

Focus on the widget you interacted with: describe its appearance,
shape, color, etc. Then, based on the provided summaries of the
two pages, infer and describe the function of the widget.

Few-shot example Verified example of an interaction summary. Example: {"action": "Tap", "description": "The widget is a white
circular icon", "function": "Opens the settings menu to adjust
preferences." }

Output format Require structured JSON with description and function
fields.

Format the response strictly in JSON with three fields: "action"
(type of the interaction), "description" (appearance of the widget)
and "function" (inferred function of the widget). Refer to the
example.

its edge ID in the UTG, the interaction type (e.g., click, input),
and natural language descriptions derived from the LLM (i.e.,
the interacted widget’s appearance and inferred function). This
structured format allows identification of redundant interactions
via duplicated edge IDs across cases.

B. Test Case Execution

To execute the interactions in the standardized test cases,
TestWeaver leverages an MLLM to convert natural language
descriptions into concrete screen operations, such as tapping or
typing at specific coordinates. To ensure precise execution,
TestWeaver adopts a visual grounding strategy similar
to AppAgent [21]. Specifically, for each interaction, it first
processes the current UI screenshot using the Set-of-Mark
(SoM) technique [38], which identifies and highlights all
interactive widgets within the image. This processed screenshot,
together with the natural language description of the interaction,
is then provided to the MLLM. The model uses this information
to select the correct widget to interact with and outputs
the corresponding screen operation (e.g., {"action": "tap",
"coordinates": [750, 2050]}). Then, TestWeaver performs
the screen operation via the adb tool. The results of these
operations are stored in a cache, where each key corresponds
to the interaction’s edge ID, and the value stores the generated
screen operation. This cache is queried before sending any

requests to the MLLM, thus preventing redundant queries for
repeated interactions.

IV. EVALUATION

In this section, we evaluate the performance of
TestWeaver by answering two RQs (RQ3 and RQ4) and
providing insights into deploying it. Then, we report our field
experience in deploying TestWeaver at Meituan (RQ5).

The RQs are as follows:
• RQ3: What is the overhead of TestWeaver in stan-

dardizing test cases? How accurate are the interaction
sequences within the standardized test cases?

• RQ4: How costly is it to execute real-world test cases
using TestWeaver?

• RQ5: What is the practical usage of TestWeaver in
real-world UI testing workflows?

A. RQ3: Overhead and Accuracy of Test Case Standardization.

Since our goal is to enable cost-effective LLM-based testing,
it is both necessary and fair to quantify the overhead of the
test case standardization module of TestWeaver —namely,
constructing the UTG, performing semantic annotation, and
mapping test cases. Since Meituan app is a super-app with
distinct feature modules, we construct separate UTGs for each
module.



TABLE V: Prompts used in test case mapping.

Prompt Type Prompt Content

Role Definition You are a mobile app testing engineer.

Input Context I will provide you with a UTG and a test case written
in natural language.

UTG Example Page 1:
{activity: com.sankuai.meituan.MainActivity,
fragment: [Fragment(id:0x7f0a0059,
name: AppCategorySelectFragment), ...],
summary: {"type": "app homepage", "header": "The
title ’meituan’ is displayed ...", ...} }
...
Edge 1:
{"from": "page 1", "to": "page 3", "action": "tap",
"description": ...}
...

Case Example Verify that the flight ticket sorting functionality by
ticket price works correctly.

Task Instruction Each test case corresponds to a sequence of UI
interactions. Your task is to map the given case to a
list of edges in the UTG. First, identify the starting
UI page. Then, trace the relevant edges step by step
on the UTG.

Output Format Respond in JSON with a key "Edges" listing the
selected edge_ids, and a key "Reason" explaining
your choices.

LLM Response {"Edges": [5, 7, 1, 9, 11],
"Reason": "The start page is page 2.
Since the test case is to verify the
flight ticket sorting functionality,
the expected target is page 12. A
valid path from page 2 to 12 is
..."}

The following metrics are used to measure this module:
• Time(seconds) and Cost(USD): We measure the time

spent by each submodule when processing the three test
suites used in the motivation study. Additionally, we track
the monetary cost incurred from invoking the LLM for
semantic annotation and test case mapping.

• Accuracy: Accuracy of the generated standardized test
cases is critical, as inaccurate interaction sequences would
render a test case invalid. Moreover, accuracy reflects the
completeness of the constructed UTG.

Table VI summarizes the results. We observe that
TestWeaver achieves high standardization accuracy (ranging
from 85% to 100%) with acceptable overhead. Processing each
test suite takes approximately one hour, with monetary costs
ranging from $5.02 to $8.68. This overhead is acceptable,
considering that the standardized cases are reusable in future
testing.

The overhead distribution across submodules and test suites
is consistent. Specifically, UTG construction dominates the
time consumption, accounting for 75% to 80% of the total
time. This is due to the time spent waiting for UI responses
during exploration. In contrast, test case mapping completes
relatively quickly. The time for UTG construction and semantic
annotation is consistent across modules since the UI exploration
step is fixed, resulting in similar UTG sizes. Time differences

mainly arise from the test case mapping submodule, which is
proportional to the number of test cases involved. Semantic
annotation costs approximately $3.00 per suite, as the UTG
size is similar. While the test case mapping submodule costs
increase with the number and length of the test cases.

As for accuracy, TestWeaver achieves 85% to 100%
accuracy across test suites. Failures are limited to at most
2 cases per suite. We manually examined these failures and
identified that they were caused by the lack of explicit start page
descriptions in the test cases. When designing them, the testers
default the start page of these cases to the feature module’s
homepage, leading to LLM errors in locating the correct
start vertex in the UTG. This suggests that when deploying
TestWeaver in real-world testing workflows, the preferences
of test case designers could be included in the prompt of the
test case mapping submodule for better performance.

B. RQ4: Cost of Executing Real-World Test Cases.

In RQ4, we evaluate the performance of TestWeaver
in executing real-world test cases. We use the same dataset
and evaluation metrics as in RQ2, comparing TestWeaver
with two state-of-the-art LLM-based agents (AppAgent and
AutoDroid) as baselines. It should be noted that all inaccurate
standardized test cases are considered failures when calculating
success rate and step accuracy.

Table VII presents the execution results. TestWeaver
significantly outperforms both baselines, achieving an average
success rate of 0.92 and step accuracy of 0.90. It achieves a
338% improvement in success rate and a 50% improvement
in step accuracy, even compared with the best baseline
(AppAgent). The key factor driving this huge improvement
is the test case standardization module. As discussed in RQ2,
the two baselines often continue interacting even after a test
case is completed, resulting in a low success rate. Unlike them,
the test case standardization module prevents TestWeaver
from doing so: it executes the interaction sequences step-by-
step, and stops when all the listed interactions are performed.
Furthermore, the detailed description in standardized test cases
reduces the chances of LLM hallucination. TestWeaver only
needs to locate the target widget for each interaction, while the
two baselines need to comprehend the current UI and determine
the test progress at each step. Despite TestWeaver’s strong
performance, it still fails in 7 cases. Four failures are due to
inaccurate test case mapping, and three are caused by LLM
hallucinations when locating target UI widgets.

Regarding execution efficiency, TestWeaver reduces the
average execution time per test case to 89.71 seconds, which is
63% faster than AppAgent and 19% faster than AutoDroid. This
improvement is remarkable, given that AutoDroid uses LLMs to
process XML nodes at each step, while TestWeaver employs
a more costly MLLM to process UI screenshots. Monetary
costs are also drastically reduced. TestWeaver ’s average
execution cost is $0.11 per test case, 42% lower than AutoDroid
and 82% lower than AppAgent.

These cost savings come from TestWeaver ’s exploitation
of redundant interactions, which avoids redundant LLM queries



TABLE VI: RQ3: Overhead and accuracy of test case standardization.

SubModule
Hotel Booking Travel Booking Food Delivery

Acc ↑ Time ↓ Cost ↓ Acc ↑ Time ↓ Cost ↓ Acc ↑ Time ↓ Cost ↓
UTG Construction - 2492.93 - - 2954.81 - - 2565.99 -

Semantic Annotation - 685.07 2.99 - 719.19 3.21 - 657.01 2.92

Test Case Mapping 0.96 144.56 5.69 0.85 35.49 2.58 1.00 67.2 2.10

Total - 3322.56 8.68 - 3709.49 5.79 - 3290.2 5.02

TABLE VII: RQ4: Comparison of TestWeaver against baseline agents.

Method
Hotel Booking Travel Booking Food Delivery Avg.

SR ↑ SA ↑ Time ↓ Cost ↓ SR ↑ SA ↑ Time ↓ Cost ↓ SR ↑ SA ↑ Time ↓ Cost ↓ SR ↑ SA ↑ Time ↓ Cost ↓
AppAgent 0.19 0.69 202.84 0.56 0.23 0.45 380.40 0.91 0.25 0.67 236.28 0.55 0.21 0.60 237.79 0.61

AutoDroid 0.19 0.41 104.79 0.20 0.31 0.51 194.00 0.33 0.08 0.20 81.03 0.11 0.18 0.39 111.41 0.19

TestWeaver 0.92 0.95 78.08 0.08 0.77 0.78 166.44 0.26 1.00 1.00 73.36 0.10 0.92 0.90 89.71 0.11

swipe

Expected Bug

Fig. 3: A bug detected by TestWeaver.

by caching previously grounded interactions. We analyzed the
execution logs and found that, in the hotel booking suite, 30
out of 52 cases, in the travel booking suite, 3 out of 13 cases,
and in the food delivery suite, 10 out of 24 cases did not
invoke MLLM at all. All interactions within these test cases
are redundant and have been processed in previous test cases,
confirming that TestWeaver eliminates unnecessary LLM
queries.

This improvement is crucial for real-world scalability,
particularly in large-scale test suites with frequent updates.
For example, executing a suite with 100 test cases would take
AppAgent 6.6 hours and $61, AutoDroid 3.1 hours and $19,
while TestWeaver can complete it in less than 2.5 hours
and $11, with a much higher success rate. Even considering
the test case standardization overhead, TestWeaver’s total
cost would be around 3.5 hours and $17—comparable to
AutoDroid’s cost but with significant performance advantages.
Moreover, this cost advantage grows with multiple rounds of
testing.

C. RQ5: Practical Usage under Industrial Settings.

With the growing popularity of short-form videos, merchants
tend to upload few-second clips for product promotion [39]. To
meet this demand, the Meituan app launched a short-form video
feature module in September 2022, now serving for over 0.56
million merchants with 2.5 million uploaded videos. Ensuring
a smooth user experience for such a large user base makes
regression testing of this feature module critical for Meituan.

However, testing this feature module is both labour-intensive
and time-consuming. Given the competitive app market, this
feature module undergoes rapid evolution to retain user interest.
Therefore, numerous test cases are created in parallel by
multiple testers, accumulating over time. In the past, these
cases were executed manually or through script-based testing,
creating a major bottleneck. To address this, TestWeaver
has been integrated into the testing workflow of this feature
module since its released.
TestWeaver triggered whenever a new version of the

module is released. Between June 2024 and December 2024,
the module was updated 30 times, and TestWeaver executed
30 rounds of regression testing, covering 1,973 test cases in
total. After execution, testers only need to manually review
the cases that TestWeaver fails to execute completely, to
check whether a bug presents. Compared with the past, where
each regression round required on average 2 person-days for
manually executing test cases and checking results, the current
workflow with TestWeaver reduces the effort by 75%, to
about 0.5 person-days (mainly for reviewing TestWeaver’s
execution results).

This process led to the discovery of 10 previously undetected
bugs. Among them, 4 were crashes triggered by specific
interaction sequences, and 6 were cases where an interaction
in the sequence produced no effect. Figure 3 illustrates one
example: swiping left should open a list of video thumbnails,
but the page did not respond.

In addition to saving manual effort during testing,
TestWeaver also provides benefits in test case management.
Testers report that the standardized test cases facilitate the



development of new cases by providing clear templates. They
also simplify the maintenance of existing cases, as each case
includes a detailed description of every interaction, making
reviewing easier under tight schedules.

V. THREATS TO VALIDITY

One potential threat arises from the fact that all test cases in
our study are collected from Meituan, which may raise concerns
about their representativeness. That is, whether the prevalence
of redundant interactions results from some specific practices
within Meituan, or this phenomenon can be observed in broader
industry test cases. To alleviate this concern, the three test
suites used in our experiments were developed independently
by different quality assurance teams within Meituan, each
targeting distinct app functionalities. Moreover, no common
guideline was shared among these teams when designing test
cases, reducing the likelihood of systematic bias.

Another potential threat lies in TestWeaver’s generaliz-
ability to other apps and test cases. Although TestWeaver is
designed at Meituan, it relies on the reasoning ability of general
LLMs, not specifically tailored for the Meituan app or test cases
from Meituan. To prove this, we deploy TestWeaver using
alternative LLMs, including Gemini 2.5 Pro [40] and Claude
3.5 Sonnet v2 [41]. And we observe consistent performance of
TestWeaver, suggesting that TestWeaver ’s effectiveness
is not tied to a particular model. Moreover, to facilitate
reproducibility, we release the core prompts of TestWeaver
in Section III.

VI. RELATED WORK

A. Test Case Minimization

As discussed in Section I, detecting and removing redundant
test cases to improve test efficiency has been a long-standing
research topic [2]–[7], commonly referred to as Test Case(Suite)
Minimization (TSM). TSM typically aims to identify a minimal
subset of test cases that satisfy given requirements (e.g.,
coverage, execution time) while removing redundant ones.

Most existing approaches treat entire test cases, often in
code form, as the unit of analysis. For example, Xue et al. [4]
explores the problem in the context of test code, and conducts
experiments on test cases for C programs. Notably, Tscope [2]
shares the same form of test cases as our work, which examines
redundant test cases in natural language.

Different from them, in this paper, we focus on a finer-
grained and often overlooked level of redundancy: redundant
UI interactions. That is, even when natural language test cases
are distinct and testing different app features, they may still
share overlapping UI interactions. We argue that such step-level
redundancy is becoming increasingly important, especially as
LLMs make it more feasible to directly consume and process
natural language test cases.

B. UTG-based Testing

UTG-based testing is a type of model-based testing (MBT)
approach [42]–[45], which constructs a UTG to model the AUT
and systematically explore its behavior. Significant research has

been conducted in this area, leading to tools such as A3E [23],
DroidBot [24], WTG [25], GoalExplorer [35], StoryDroid [26],
and SceneTG [27].

These methods differ primarily in their UTG represen-
tations and the level of modeling granularity. A3E builds
an Activity Transition Graph, capturing transitions between
Android Activities using source code and hierarchy files. WTG
(Window Transition Graph) provides finer granularity by mod-
eling transitions at the Android Window level. GoalExplorer
constructs Screen Transition Graphs, also based on code and
UI hierarchy, to represent screen-level navigation. StoryDroid
and SceneTG go further by creating Storyboards and Scene
Transition Graphs, respectively, which incorporate both code
and visual information such as screenshots.

Inspired by GoalExplorer, the UTG construction model in
TestWeaver builds UTG at the screen level, which we
find well-aligned with human perception, i.e., how human
testers distinguish different UI pages when writing test cases.
However, unlike prior works, our UTG uses natural language
descriptions to represent the semantic information of UI pages
and transitions. This representation is: (1) intuitive for human
testers to understand and manually maintain; (2) lightweight
for LLMs to process, as it avoids the high token cost associated
with inputting screenshots.

C. LLM-based Testing

With their natural language understanding capabilities, and
with recent advances in multimodal extensions for image
analysis, LLMs are increasingly applied to mobile app UI
testing [46]. Among the existing studies, one direction aims
to build LLM-based autonomous agents capable of interacting
with mobile UIs to fulfill specific tasks. For instance, some
studies [17], [47]–[49] focus on reproducing bugs from natural
language bug reports via UI interaction. Most others [11], [12],
[18]–[22] focus on executing test cases in natural language,
reducing the need for manual UI script development and
maintenance.

This trend is gaining traction, especially in industry. For
example, Feng et al. [12], CAT [19], and ProphetAgent [22]
demonstrate the deployment of LLM-based agents under indus-
trial settings. Feng et al. builds a multi-agent system to execute
test cases that test multi-user app features in TikTok. CAT
employs Retrieval Augmented Generation (RAG) to source
examples of app usage as a few-shot learning context, assisting
LLM-based agents in test case execution. ProphetAgent also
builds UTG for LLM-based agents. The UTG serves as a
knowledge graph for LLM in understanding the AUT. However,
these methods treat each test case independently and execute
them one by one. In contrast, TestWeaver takes a step
further for cost-effective UI testing by treating the entire test
suite as a whole, detecting and reusing redundant interactions
across multiple test cases.

VII. CONCLUSION

This paper pinpoints an previously overlooked efficiency
defect in mobile app UI testing: redundant UI interactions.



Such redundancy accounts for the high execution time and
monetary cost of existing LLM-based UI testing methods,
which hinders their adoption in industrial-scale testing. In this
paper, we present TestWeaver, a cost-effective framework
that standardizes test cases and reuses prior LLM decisions
to eliminate redundant queries. Evaluations on Meituan’s test
suites show that TestWeaver achieves a 92% success rate
with with an average cost of $0.11 (42% lower) and 89.7
seconds (19% shorter) per case. Furthermore, six months of
industrial deployment on nearly 2,000 test cases demonstrate
its practical utility, uncovering 10 previously undetected bugs
while cutting manual testing effort by 75%.

In the future, we plan to deploy TestWeaver to additional
feature modules and evaluate its scalability on larger test suites.
Moreover, we also aim to enhance TestWeaver with RAG
to mitigate errors caused by insufficient domain knowledge
during test case mapping and execution.
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