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Abstract
Predictability is a central principle of mobile app interaction de-
sign, requiring that an app’s responses align with user expectations.
Beyond the well-tested functional misalignment, our industrial
practice highlights a frequently violated yet formally unexplored
aspect: visual-interactive misalignment (VIM), a discrepancy be-
tween an element’s visual and interactive boundaries. Such mis-
alignments can cause user taps to be ignored or trigger unintended
actions, and consequently degrade the overall experience. Due to
their dynamic nature during runtime, existing static analysis tools
are inherently incapable of detecting these defects. To address this
critical gap, we present TouchAlign, a black-box tool that detects
VIMs. TouchAlign works by comparing an element’s visual bound-
ary, extracted via object detection, against its interactive bound-
ary, which is mapped out by simulating user taps around the el-
ement. Integrated into the software quality assurance pipeline of
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Meituan App (an on-demand lifestyle platform with over 700 mil-
lion users), TouchAlign has effectively uncovered critical defects
that had eluded conventional testing, thereby helping preserve the
predictability of mobile applications.
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1 INTRODUCTION
Predictability serves as a fundamental principle of mobile app de-
sign [36, 40], emphasizing the Graphical User Interface (GUI) be-
haves as users expect. For example, tapping a “trash can” icon
should intuitively trigger a delete operation. Therefore, to ensure a
positive user experience, substantial academia researches are pro-
posed to verify the function of interactive GUI elements consistent
with their visual representation [19, 28].

However, aside from functional inconsistencies, our industrial
practice shows that misplaced interactive areas can also harm Pre-
dictability. In particular, we observe recurring user complaints in
which intended actions fail to trigger when users tap visible ele-
ments, or unintended operations are activated by touching areas
that appear inactive.We identify the root cause as a subtle yet perva-
sive class of defects, which we term visual-interactive misalignment
(VIM): a discrepancy between an element’s visual boundary and its
underlying interactive boundary.

Although it may appear counterintuitive, this misalignment is
indeed an unintended consequence of engineering practices meant
to improve usability [21, 44]. To meet design guidelines for mini-
mum touch target sizes and the required spacing between adjacent
targets [14, 23, 34], developers often manually adjust the interactive
areas of elements. This practice, while well-intentioned, inevitably
decouples the user-visible GUI elements from the underlying in-
teractive regions. Consequently, such manual and often heuristic
adjustments can easily introduce discrepancies between what users
see and where they can interact.

VIMs can directly lead to interaction failures or unexpected be-
havior. As illustrated in Figure 1, an element’s interactive boundary
may be shrunken, bloated, or offset relative to its visual boundary.
Based on our assurance experience at Meituan, such defects can
have tangible consequences: a shrunken “Add to Cart” button may
prevent users from completing purchases, while an unintended
activation of an offset “Delete” button can cause irreversible data
loss and undermine user trust. Moreover, we also conducted an
empirical study on 16 popular apps to investigate the prevalence
of VIMs. Our manual inspection of 134 of their core screens re-
vealed 53 distinct VIMs, indicating that VIM is a widespread and
largely unaddressed issue in the mobile industry. Detecting these
defects before release is therefore critical for app quality and user
experience (UX).

To the best of our knowledge, no existing tool is capable of de-
tecting VIM. The most related tools are accessibility checkers, such
as Google’s Accessibility Scanner [33] and Apple’s Accessibility
Inspector [22]. These tools operate as static hierarchy analyzers,
inspecting declared properties in layout files (e.g., XML [12]) to
verify compliance with design guidelines, such as minimum tar-
get size. However, since an element’s true interactive boundary is
a dynamic, runtime construct [13, 27, 52], these static analyzers
are inherently incapable of detecting VIMs. This leaves a critical
gap in quality assurance (QA) pipeline: developers lack practical,
automated tools to diagnose VIMs.

To this end, we propose TouchAlign, the first automated, black-
box tool for detecting VIMs. Our key insight is that an element’s
interactive boundary cannot be reliably inferred through static anal-
ysis, it can only be empirically observed through the app’s runtime
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Figure 1: VIM Examples.
The red bounding boxes represent interactive areas, while the green bounding
boxes highlight the visual boundaries.

behavior. Specifically, TouchAlign operates in a three-stage process.
First, it leverages an object detection model to extract the visual
boundaries of salient elements directly from the screen’s rendered
pixels. Second, for each candidate element, TouchAlign performs a
series of systematic, simulated taps in and around its visual bound-
ary. By monitoring the GUI’s semantic change, TouchAlign maps
out the invisible interactive boundary. Finally, these two boundaries
are compared to identify and report VIMs.

We conducted comprehensive experiments to evaluate the ef-
fectiveness of TouchAlign. Ablation studies confirm its superior
performance and demonstrate the benefits of its dynamic prob-
ing strategy. TouchAlign accurately identifies interactive bound-
aries with an average Intersection over Union (IoU) of 0.896, and
effectively detects VIMs with a recall of 0.857, significantly out-
performing existing baselines. Since its deployment in Meituan’s
QA pipeline in May 2025, TouchAlign has analyzed around 5,000
interactive elements. Of the 104 issues identified by TouchAlign, 86
have been confirmed and 85 fixed, thereby substantially improving
app usability.

We summarize the contributions of this paper as follows:
• To the best of our knowledge, we are the first to propose
and systematically characterize VIM, a pervasive class of
GUI defects that, while formerly overlooked, can severely
degrade the UX.
• We design and implement TouchAlign, a novel black-box
tool that combines object detection and dynamic probing to
accurately detect VIMs without relying on source code or
view hierarchies.
• We evaluate TouchAlign on real-world apps and deploy it
in Meituan’s QA pipeline. Results show that TouchAlign
effectively uncovers VIMs missed by existing accessibility
checkers, thereby improving app usability and UX.

2 BACKGROUND AND MOTIVATION
As apps grow in functionality, their screen layouts become increas-
ingly dense, with numerous interactive elements competing for
limited display space. Therefore, balancing visual richness with
reliable interaction remains a challenge in mobile GUI design.
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In this section, we first introduce common engineering practices
employed to manage this trade-off. Then, we discuss their unin-
tended consequences, systematically characterizing the main forms
of VIM. Finally, we present an empirical study that highlights the
prevalence of these defects in popular, real-world apps.

2.1 Industrial Practice for App Usability
The usability of modern mobile GUIs is largely shaped by design
guidelines. For instance, Google’s Material Design [34] for Android
and Apple’s Human Interface Guidelines [23] for iOS. These guide-
lines require minimum touch target sizes and adequate padding to
ensure interaction experience. However, in industrial practice, ad-
hering to them poses a significant challenge, especially for feature-
rich apps with visually dense GUIs.

To comply with design guidelines in visually dense GUIs, devel-
opers often adjust an element’s interactive area manually. Such ad-
justments are typically implemented via Android’s TouchDelegate
mechanism [13] or redirecting touch handling events to invisible
containers. According to several industry standards [21, 44], even
top-tier mobile developers extensively adopt this straightforward
practice.

For implementation, these adjustments are typically associated
with specific element types. For example, the interactive area of
a small but frequently used “add” icon may be enlarged to im-
prove touch accessibility. Conversely, to prevent accidental touches,
adjacent elements often have to shrink their interactive areas to
accommodate padding between each other.

2.2 Unintended Spatial Misalignment
These adjustments are bound to decouple an element’s visual foot-
print from its actual interactive region, leading to VIMs under rapid
development cycles. Specifically, popular mobile apps are frequently
updated, and GUI layouts are routinely refactored as part of ag-
ile releases. Since interactive boundaries are invisible and rarely
checked, adjustments that initially align with the design intent can
gradually fall out of sync. This happens when later changes are
made to surrounding layouts or event-handling logic.

Through our study in Section 2.3, we observed that these issues
manifest primarily in three forms, each with distinct consequences
for UX:

2.2.1 Shrunken Interactive Area. A shrunken interactive area oc-
curs when an element’s interactive area is strictly contained within
its visual boundary. Although the element appears fully clickable,
taps near its edges may be ignored, causing localized interaction
failures. As shown in Figure 1(a), a shrunken “Add to Cart” button
may ignore edge taps, preventing users from completing expected
action.

2.2.2 Bloated Interactive Area. A bloated interactive area extends
beyond an element’s visual boundary into empty space or adjacent
regions. This can trigger unintended actions when users interact
with nearby elements or perform scrolling gestures, reducing inter-
action predictability. Figure 1(b) illustrates an address field whose
interactive area spans its parent container, intercepting touches
intended for an adjacent “Back” button.

Table 1: Prevalence of VIMs.
App Category Downloads #Screens #Elements #VIMs

Taobao 10.56.20 E-commerce 10B+ 10 322 7
Pinduoduo 7.91.0 E-commerce 10B+ 11 369 4
eBay 6.241.0.1 E-commerce 100M+ 7 51 4
Temu 4.24.0 E-commerce 500M+ 8 115 5
Wechat 8.0.67 Social 10B+ 10 170 2
Weibo 15.12.5 Social 5B+ 12 146 5
Rednote 9.17.0 Social 10M+ 8 178 4

X 11.56.1-release.0 Social 1B+ 6 52 3
Douyin 37.4.0 Video 10B+ 9 162 1
Bilibili 8.79.0 Video 5B+ 9 189 2

YouTube 21.03.36 Video 10B+ 6 104 6
TikTok 43.1.4 Video 1B+ 8 114 1
Alipay 10.8.26 Tools 10B+ 11 289 2

Dianping 11.56.4 Tools 1B+ 10 260 4
Google Translate† Tools 1B+ 4 30 2

ChatGPT 1.2026.013(20) Tools 500M+ 5 44 1

Total - - 134 2,361 53

Google Translate Version: 10.1.35.8555527520.1-release.

2.2.3 Offset Interactive Area. An offset interactive area is compa-
rable in size to the visual boundary but spatially misplayed. Taps
on the visible element may be ignored, while touches in a nearby
region trigger the action, violating users’ spatial expectations. Fig-
ure 1(c) shows an offset “Delete” button that can be accidentally
activated when users attempt to save their shipping address.

While each form of misalignment introduces localized usability
risks, their effects can compound in dense GUIs. Bloated or offset ar-
eas may overlap adjacent elements, causing ambiguous interactions
where a tap unpredictably triggers the wrong target.

2.3 Prevalence Study
To validate that VIM is a broader phenomenon across popular real-
world mobile apps rather than an isolated issue specific to Meituan,
we conducted an empirical study as a motivating investigation. The
goal of this study is to answer the following research question: Are
VIMs prevalent in popular, real-world mobile apps?

2.3.1 Dataset. To ensure a rigorous and representative assessment,
we selected our subjects based on the following criteria. (1) Preva-
lence. We selected widely-used apps from 4 major categories (E-
commerce, Social, Video, and Tools) based on their market ranking
in both Google Play 1 and major Chinese app markets 2, resulting
in four apps per category. This ensures coverage of apps with large
and diverse user bases. (2) Criticality. For each app, we focused
on common foundational screens that are essential to users, such
as home feeds, search results, and user profiles. These screens are
typically information-dense and serve as standard GUI templates
in modern mobile app design. Following these criteria, we collected
a total of 16 apps and captured 4–12 screens per app, resulting in a
dataset of 134 unique screens and 2,361 interactive elements.

2.3.2 Methodology. The inspection was conducted independently
by two of the authors to ensure reliability. For each screen, the
authors performed dense interactive probing by systematically ex-
ecuting taps within the visual boundaries of elements and their
immediate surroundings. An element was conservatively labeled
as a VIM instance if either of the following conditions was satisfied:
(1) taps within its visible boundary failed to trigger the intended

1https://play.google.com/store
2https://app.mi.com

https://play.google.com/store
https://app.mi.com
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Figure 2: The workflow of TouchAlign.

response, or (2) taps outside its visible boundary triggered the
element’s associated action. To minimize ambiguity, we focused
exclusively on elements with clear visual affordances (e.g., stan-
dalone buttons and icons) and excluded composite widgets. The
inter-annotator agreement for VIM identification reached a Cohen’s
Kappa (𝜅) of 0.87, indicating almost perfect agreement [7, 25]. All
remaining discrepancies were resolved through discussion to reach
a consensus.

2.3.3 Findings. Our study reveals that VIM is not an isolated defect
tied to a specific app or feature, but a recurring phenomenon in
modern mobile GUIs. As shown in Table 1, across all 16 studied apps
spanning four categories, we identified 53 distinct VIM instances
among 2,361 interactive elements.

Furthermore, prior work based on large-scale user reviews pro-
vides complementary evidence that issues closely related to VIMs
are noticeable in practice. For example, an analysis of 1,447 Google
Play reviews of popular apps reports complaints such as “Tapbox
overlap to somewhere” and “The buttons are too small to people
with sight problem” [6]. Although these reports are not tied to the
specific apps studied in our dataset, they offer a user-perspective
signal that such issues are difficult to systematically identify during
development and testing.

Taken together, this empirical evidence highlights limitations
in existing QA workflows and motivates the need for automated
techniques that can systematically detect VIMs at scale.

3 TOOL DESIGN
3.1 Overview
Figure 2 illustrates the workflow of TouchAlign for automated
detection of VIM in mobile GUIs. The input to TouchAlign is a
reproducible GUI state, consisting of (1) a GUI screenshot and (2) the
action sequence required to reproduce the state on the Application
Under Test (AUT).

Given a target GUI state, TouchAlign operates in three phases.
First, in the Visual Boundary Detection phase, TouchAlign analyzes
the screenshot using a GUI parsing model to identify interactive

GUI elements and extract their visual boundaries. Second, in the
Interactive Boundary Probing phase, TouchAlign replays the GUI
state on the live AUT and infers each element’s interactive boundary
through systematic touch probing. Finally, in the Misalignment
Diagnosis phase, TouchAlign compares the two boundaries and
generates defect reports.

3.2 Visual Boundary Detection
The visual boundary detector extracts the visual boundaries of
visually salient GUI elements from a screenshot. These boundaries
serve two purposes: (1) defining the target areas for subsequent
interactive boundary probing, and (2) providing the visual ground
truth for misalignment analysis.

To address the challenges posed by complex GUIs, TouchAlign
employs a state-of-the-art GUI parsing model, OmniParser V2 [55].
Given a screenshot, OmniParser detects interactive GUI elements
and their bounding box coordinates. The output of this phase is a
set of visual boundaries, each corresponding to a distinct interactive
element.

3.3 Interactive Boundary Probing
After identifying visual boundaries, TouchAlign determines the
corresponding interactive boundaries, which are invisible and only
manifest through runtime behavior. To address this, the Interactive
Boundary Prober integrates two components: (1) Directional Binary
Search: a probing strategy that incrementally “feels out” the inter-
active boundary of an element by issuing probe taps and analyzing
GUI responses; and (2) Hybrid Interaction Oracle: an interaction ora-
cle that evaluates each probe’s outcome to determine if it triggered
the target element’s intended function.

3.3.1 Directional Binary Search. The probing process begins by
establishing a reference for the target element’s runtime behavior.
First, the Interactive Boundary Prober records the initial GUI screen
as the source screen (𝑆𝑠𝑜𝑢𝑟𝑐𝑒 ). Then, it performs a tap at the anchor
point, which is the geometric center of the element’s visual area, and
captures the resulting screen. This captured screen is designated
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as the reference outcome screen (𝑆𝑟𝑒 𝑓 ). Based on the reasonable
assumption that production apps released through standard QA
pipelines can correctly handle taps at an element’s geometric center,
𝑆𝑟𝑒 𝑓 can therefore be treated as the ground-truth representation
of an on-element interaction. Together, 𝑆𝑠𝑜𝑢𝑟𝑐𝑒 and 𝑆𝑟𝑒 𝑓 define the
reference GUI transition for this element.

Once this behavioral reference is established, the prober searches
for the boundary along several predefined directions (i.e., up, down,
left, right) starting from the anchor point. For each direction, a
binary search is performed to locate the farthest position from the
anchor that still leads to 𝑆𝑟𝑒 𝑓 . The logic for searching one direction
is shown in Algorithm 1.

Algorithm 1 Single-Direction Binary Search
1: Input: 𝑎𝑛𝑐ℎ𝑜𝑟, 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛, 𝑆𝑠𝑜𝑢𝑟𝑐𝑒 , 𝑆𝑟𝑒 𝑓
2: Output: Boundary point 𝑝𝑏𝑜𝑢𝑛𝑑𝑎𝑟𝑦
3: 𝑙𝑜𝑤 ← 𝑎𝑛𝑐ℎ𝑜𝑟, ℎ𝑖𝑔ℎ ← screenEdge
4: while ℎ𝑖𝑔ℎ >= 𝑙𝑜𝑤 do
5: 𝑝𝑝𝑟𝑜𝑏𝑒 ← midpoint(𝑙𝑜𝑤,ℎ𝑖𝑔ℎ)
6: 𝑆𝑝𝑟𝑜𝑏𝑒 ← tapAndCapture(𝑝𝑝𝑟𝑜𝑏𝑒 )
7: if Oracle(𝑆𝑠𝑜𝑢𝑟𝑐𝑒 , 𝑆𝑟𝑒 𝑓 , 𝑆𝑝𝑟𝑜𝑏𝑒 ) then
8: 𝑙𝑜𝑤 ← 𝑝𝑝𝑟𝑜𝑏𝑒 ⊲ On-element, expand outwards
9: else
10: ℎ𝑖𝑔ℎ ← 𝑝𝑝𝑟𝑜𝑏𝑒 ⊲ Off-element, shrink inwards
11: return 𝑙𝑜𝑤

The prober conducts a binary search along a given direction. At
each step, a probe tap is issued at the midpoint between the current
search ranges, and the resulting screen 𝑆𝑝𝑟𝑜𝑏𝑒 is evaluated by the
Hybrid Interaction Oracle. The oracle determines whether the probe
corresponds to an on-element interaction. If so, the search expands
outward; otherwise, it shrinks inward. This process continues until
the boundary point for that direction is located with pixel-level
precision. After repeating this for all directions, the collection of
discovered boundary points defines the vertices of the inferred
interactive boundary.

3.3.2 Hybrid Interaction Oracle. The accuracy of our probing strat-
egy hinges on a reliable oracle, which determines whether a probe
tap produced the intended on-element interaction. Given the pre-
interaction screen 𝑆𝑠𝑜𝑢𝑟𝑐𝑒 , the reference post-interaction screen 𝑆𝑟𝑒 𝑓 ,
and the probe result screen 𝑆𝑝𝑟𝑜𝑏𝑒 , the oracle outputs a boolean
decision: on-element or off-element. The core criterion for this de-
cision is functional-semantic equivalence: the GUI state transition
triggered by the probe tap must be functionally and semantically
identical to the reference transition.

A straightforward Visual Oracle assumes that functionally equiv-
alent screens are visually similar. This oracle computes the Struc-
tural Similarity Index (SSIM) [49] between 𝑆𝑟𝑒 𝑓 and 𝑆𝑝𝑟𝑜𝑏𝑒 . A high
similarity score suggests an on-element interaction. However, this
assumption fails on dynamically-updating content screens (e.g., prod-
uct recommendation feeds), where content changes per visit, ren-
dering pixel-level comparison unreliable.

Task:
You are given screenshots from an interaction probing pro-
cess on a mobile UI. Your task is to determine whether a
probe tap triggers the same functional outcome as a con-
firmed on-element interaction.

Input:
Three screenshots are provided in sequence:
- 𝑆𝑠𝑜𝑢𝑟𝑐𝑒 : the screen before any interaction.
- 𝑆𝑟𝑒 𝑓 : the screen after a confirmed on-element tap on the
target element.
- 𝑆𝑝𝑟𝑜𝑏𝑒 : the screen after a probe tap at a candidate location.

Decision Procedure (Two-Stage Reasoning):
1. Infer Target Function Compare 𝑆𝑠𝑜𝑢𝑟𝑐𝑒 and 𝑆𝑟𝑒 𝑓 to
identify the primary functional effect of the interaction
(e.g., navigation, selection, state change). Based on this
transition, infer the core function of the target element.
2. Evaluate Probe Consistency Compare 𝑆𝑠𝑜𝑢𝑟𝑐𝑒 and
𝑆𝑝𝑟𝑜𝑏𝑒 to determine whether the observed transition is func-
tionally and semantically equivalent to the inferred target
function.
- Decide "Yes" if the core functional effect is identical.
- Decide "No" if 𝑆𝑝𝑟𝑜𝑏𝑒 is visually and functionally identical
to 𝑆𝑠𝑜𝑢𝑟𝑐𝑒 , or if it triggers a different interaction.

Handling Dynamic Content:
During the Decision Procedure, you must ignore visual
differences caused by dynamically updating elements, in-
cluding recommendation feeds, rotating banners, adver-
tisements, and decorative UI components.

Output:
Return a JSON object with the following fields:
{

Decision: "Yes" or "No",
Reasoning: "Step-by-step explanation following

the decision procedure above."
}

Figure 3: The Chain-of-Thought prompt for the Semantic
Oracle.

To address this, TouchAlign incorporates a Semantic Oracle
leveraging Multimodal Large Language Models (MLLMs) like GPT-
4o [37]. The oracle operates through a carefully constructed chain-
of-thought prompt [50] shown in Figure 3. Given the three screen-
shots, the prompt first directs the model to analyze the reference
transition (𝑆𝑠𝑜𝑢𝑟𝑐𝑒 to 𝑆𝑟𝑒 𝑓 ) and infer the target element’s function. It
then instructs the model to evaluate if the probe transition (𝑆𝑠𝑜𝑢𝑟𝑐𝑒
to 𝑆𝑝𝑟𝑜𝑏𝑒 ) is consistent with that inferred function. This approach
enables the model to focus on functional semantics, effectively ig-
noring irrelevant visual differences caused by dynamic content. The
final “Yes/No”decision made by the MLLM serves as the oracle’s
output.

To combine the high accuracy of the Semantic Oracle with the
efficiency of the Visual Oracle, TouchAlign implements a Hybrid
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Oracle Strategy. Before probing begins, a pre-processing step as-
sesses the dynamism of the target screen. It triggers an on-element
tap at the anchor twice to generate two outcome screens, then com-
putes their visual similarity using SSIM. A high SSIM score indicates
a “static” screen, for which the Visual Oracle is employed. Con-
versely, a low SSIM score indicates a “dynamic” screen, prompting
the use of the more robust Semantic Oracle. This adaptive strategy
allows TouchAlign to balance accuracy and efficiency in large-scale
industrial testing.

3.4 Misalignment Diagnosis
The final phase of the TouchAlign workflow diagnoses misalign-
ment based on the detected boundaries and generates defect reports.
This process is handled by the Misalignment Analyzer, which takes
an element’s visual boundary 𝐵𝑣 and its inferred interactive bound-
ary 𝐵𝑖 as input.

The core of our detection logic involves quantifying the spatial
discrepancy between these two boundaries using the Intersection
over Union (IoU) metric. For a given element, the misalignment
score is calculated as:

𝐼𝑜𝑈 (𝐵𝑣, 𝐵𝑖 ) =
|𝐵𝑣 ∩ 𝐵𝑖 |
|𝐵𝑣 ∪ 𝐵𝑖 |

(1)

A misalignment defect is flagged if the 𝐼𝑜𝑈 falls below a prede-
fined threshold 𝜏 (i.e., 𝐼𝑜𝑈 < 𝜏), indicating that the visual and inter-
active regions are sufficiently disjoint to potentially degrade UX.
The output is a screen-level report that highlights all misaligned
elements on each screen, by overlaying the inferred interactive
boundaries on the original screenshot. Since the IoU score directly
reflects the severity of VIM, reported defects are ranked in ascend-
ing order of IoU, allowing developers to prioritize the most severe
issues.

4 EVALUATION
In this section, we evaluate the performance of TouchAlign by
answering the following research questions (RQs):
• RQ1: How accurate can the Interactive Boundary Probing
module of TouchAlign detect interactive boundaries?
• RQ2: How effective is TouchAlign in detecting VIMs?
• RQ3: To what extent can TouchAlign detect VIMs in real-
world mobile apps?

4.1 Evaluation Setup
4.1.1 Dataset. To the best of our knowledge, no publicly available
benchmark exists for evaluating VIM. Therefore, we construct a
benchmark dataset ourselves based on the Meituan app. The app’s
structure, which integrates dozens of distinct business lines (e.g.,
Takeout, Travel) developed by different teams, provides a naturally
diverse and representative dataset of GUI design styles.

We evaluate TouchAlign across five business lines (i.e. Take-
out, Dining, Travel, Grocery and Video), each selected to represent
specific GUI challenges and ensure data diversity. To comprehen-
sively cover real-world scenarios, we selected the entry pages from
each business line and ran the STOAT tool [41] for 30 minutes to
collect GUI states. The collected states were manually reviewed
by two authors to remove duplicates and irrelevant screens. This

Table 2: Details of the Dataset.

Business Line #GUIs #Ele. Avg. Ele. Max. Ele. Min. Ele.

Takeout 13 445 34.23 51 15
Dining 16 392 24.50 37 14
Travel 17 427 25.12 45 9
Grocery 14 394 28.14 38 13
Video 5 87 17.40 22 12

Total 65 1,745 26.85 51 9

process resulted in 65 GUIs and 1,745 interactive elements, with
an average of 26.85 elements per screen (ranging from 9 to 51). Ta-
ble 2 summarizes the dataset, covering a wide range of real-world
scenarios.

For RQ1, four authors independently annotated the interactive
boundaries for all 1,745 elements to collect ground-truth, result-
ing in 6,980 individual annotations. This tedious process required
substantial manual effort and lasted for over two weeks. We first
evaluated the alignment of the annotations by calculating the av-
erage IoU, which reached a high value of 0.932. To ensure high
confidence in our ground truth, we conservatively defined the final
interactive boundary for each element as the intersection of all the
independent annotations.

For RQ2, to evaluate the effectiveness of TouchAlign, we man-
ually injected VIMs into 175 elements (≈ 10% of the dataset). To
ensure the injected VIMs reflect real-world scenarios, the injection
was guided by historical user complaints about VIMs in Meituan.
For each screen, 1 to 10 elements were randomly selected for injec-
tion. We modified either the visual boundaries or the interactive
boundaries of selected elements:

• Shrunken / Bloated VIM: We kept the element’s center point
fixed and either shrank (or expanded) its interactive bound-
ary, or enlarged (reduced) its visual boundary.
• Offset VIM: We either bound the element’s interactive event
to a parent container with a different center, or adjusted its
visual size and position so that the element’s visual center
no longer aligned with its interactive center.

By systematically applying these modifications, our injected VIMs
capture the three common real-world misalignment patterns, al-
lowing us to rigorously test TouchAlign’s detection capabilities.

4.1.2 Baselines. To highlight our contribution, in RQ1, we evalu-
ate TouchAlign against three representative baselines. These base-
lines are designed to assess the necessity of our core modules
through systematic ablation:

• Google Accessibility Scanner [33]: a widely-adopted indus-
trial tool for diagnosing accessibility issues. As it relies solely
on the static Accessibility Tree to determine interactive ar-
eas, it can be viewed as an ablated version of TouchAlign
that omits the entire Directional Binary Search strategy.
• TouchAlign (w/o Semantic Oracle): This variant replaces
our Hybrid Oracle with the Visual Oracle. This ablation
isolates the impact of semantic reasoning in handling non-
deterministic, dynamic GUI screens.
• TouchAlign (w/o Visual Oracle): This variant exclusively
employs the MLLM-based Semantic Oracle for all decisions.
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Table 3: Performance and Efficiency Comparison of TouchAlign against Baselines.

Method Takeout Dining Travel Grocery Video Avg.

IoU ↑ Time ↓ Cost ↓ IoU ↑ Time ↓ Cost ↓ IoU ↑ Time ↓ Cost ↓ IoU ↑ Time ↓ Cost ↓ IoU ↑ Time ↓ Cost ↓ IoU ↑ Time ↓ Cost ↓
Google Accessibility Scanner 0.737 0.126 0.000 0.989 0.147 0.000 0.754 0.185 0.000 0.209 0.171 0.000 0.840 0.259 0.000 0.706 0.162 0.000

TouchAlign (w/o Semantic Oracle) 0.616 52.811 0.000 0.720 50.136 0.000 0.582 50.793 0.000 0.873 51.622 0.000 0.374 54.289 0.000 0.633 51.521 0.000
TouchAlign (w/o Visual Oracle) 0.959 314.476 0.018 0.905 322.294 0.018 0.881 325.142 0.018 0.939 315.983 0.018 0.764 319.172 0.018 0.914 319.417 0.018
TouchAlign (Hybrid Oracle) 0.894 128.694 0.004 0.910 107.289 0.005 0.899 149.861 0.004 0.951 112.425 0.008 0.825 266.195 0.014 0.896 132.247 0.005

It serves to evaluate the efficiency-accuracy tradeoff and the
necessity of the adaptive hybrid strategy.

4.1.3 Metrics. For RQ1, we employ three complementary metrics
to access the accuracy and efficiency of the Interactive Boundary
Probing module. First, we quantify the accuracy using IoU between
the detected interactive boundary 𝐵𝑑 and the ground-truth inter-
active boundary 𝐵𝑖 . A higher IoU value directly indicates greater
detection accuracy. Then, we quantify the module’s efficiency us-
ing the average latency (s) and monetary cost ($) per element. The
latency accounts for the total time consumed by the Directional
Binary Search process, excluding screen load times. The monetary
cost is calculated based on the MLLM tokens consumed during the
probing process, following the official pricing of Qwen 3.

For RQ2, we formulate VIM detection as a binary classification
problem: an element is classified as misaligned (Positive) if the
IoU between its detected visual and interactive boundaries falls
below a threshold 𝜏 . This threshold is based on our analysis of
over three months of historical VIM-related user complaints at
Meituan. Given that the overlap between visual and interactive ar-
eas (measured by IoU) approximately follows a normal distribution,
we applied a standard 𝑃90 quantile [1] to define the misalignment
threshold. Specifically, historical data shows that over 90% of user-
reported interaction failures corresponded to VIMs with an IoU
below 0.65. Accordingly, we set the misalignment threshold 𝜏 = 0.65
to ensure our analysis focuses on defects severe enough to cause
user-perceptible issues. We report Precision, Recall, F1-score, and
False Positive Rate to evaluate detection effectiveness.

4.1.4 Implementation. TouchAlignworks by obtainingGUI screen-
shots via UIAutomator2 [3] and performing simulated interactions
through the Android Debug Bridge (ADB) [2]. And we set the SSIM
threshold 𝜃 within the Hybrid Oracle module to 0.8 to balance
MLLM use. For the Semantic Oracle, we adopt Qwen3-VL-Flash [4],
which offers superior performance while maintaining fast response
speeds. All experiments were executed on a MacBook Pro equipped
with a 2.6 GHz 6-core Intel Core i7 processor. The AUT (Meituan
V12.50.203) was run on two Android devices(e.g. Xiaomi 12, Sam-
sung Galaxy A53) configured to a standard 1080x2400 resolution to
ensure a consistent analysis environment.

4.2 RQ1: Interactive Area Accuracy
To answer RQ1, we compare the interactive boundaries detected
by TouchAlign against the ground truth annotations within our
benchmark and baselines. Table 3 presents the result across the five
business lines.

3https://modelstudio.console.alibabacloud.com/ap-southeast-1/?tab=doc#/doc/?typ
e=model&url=2840914_2&modelId=qwen3-vl-flash

Table 4: VIM detection performance of TouchAlign.
Takeout Dining Travel Grocery Video Aggregate

#Elements 445 392 427 394 87 1,745
#VIMs 36 41 47 36 15 175

#TP 32 33 41 33 11 150
#FP 9 6 8 4 6 33
#TN 400 345 372 354 66 1537
#FN 4 8 6 3 4 25

Precision 0.780 0.846 0.837 0.892 0.647 0.820
Recall 0.889 0.805 0.872 0.917 0.733 0.857
𝐹1 0.831 0.825 0.854 0.904 0.687 0.838
FPR 0.022 0.017 0.021 0.011 0.083 0.021

TouchAlign achieves the best of both worlds: achieving an av-
erage IoU of 0.896 with moderate time and monetary overhead.
In terms of detection accuracy, both Google Accessibility Scan-
ner and the pure Visual Oracle variant show clear weaknesses.
Google Accessibility Scanner performs particularly poorly on the
Grocery business line (IoU = 0.209). This limitation stems from
its reliance on accessibility trees, whose quality heavily depends
on implementation practices. As many Grocery pages are built us-
ing with the HTML5 technique [16], which leads to incomplete or
noisy view hierarchies. As a result, the tool struggles on business
lines with inconsistent structural metadata (e.g., Takeout, Travel),
while performing well only when the view hierarchy is clean and
well-structured (e.g., Video).

The pure Visual Oracle variant also exhibits unstable perfor-
mance, especially on dynamic screens (IoU = 0.374 on Video pages).
Even on partially dynamic, content-focused pages (e.g., product
listing pages in Takeout), its performance degrades, as recommen-
dation algorithms cause products to change between visits, under-
mining SSIM-based detection. This result demonstrates that visual
similarity alone is insufficient for reliable boundary inference in
real-world apps and highlights the necessity of semantic reasoning.

Compared with the pure Semantic Oracle variant, TouchAlign
maintains comparable accuracy (IoU 0.896 vs. 0.914) while signifi-
cantly reducing overhead, requiring 58% less execution time and 72%
lower monetary cost on average. This confirms that the hybrid strat-
egy successfully balances the high accuracy of MLLM-based rea-
soning with the efficiency of visual analysis, making TouchAlign
practical for large-scale industrial deployment. Besides, although
Google Accessibility Scanner exhibits negligible runtime and zero
monetary cost, its average IoU (0.706) is substantially lower and
highly unstable across business lines.

4.3 RQ2: Misalignment Detection Effectiveness
As shown in Table 4, TouchAlign achieves a precision of 0.820, a
recall of 0.857, and a false positive rate (FPR) of 0.021 under the IoU
threshold 𝜏 = 0.65.

https://modelstudio.console.alibabacloud.com/ap-southeast-1/?tab=doc#/doc/?type=model&url=2840914_2&modelId=qwen3-vl-flash
https://modelstudio.console.alibabacloud.com/ap-southeast-1/?tab=doc#/doc/?type=model&url=2840914_2&modelId=qwen3-vl-flash
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Table 5: Performance and Impact of TouchAlign in Real-world Industrial Deployment.

Business Line #GUIs #Elements #VIMs #Confirmed VIMs #Fixed VIMs

Takeout 65 1,040 27 23 22
Grocery 72 1,116 18 15 15
Platform 30 1,115 10 10 10
Hotel 48 1,449 30 24 24

Medicine 12 258 19 14 14

Total 227 4,978 104 86 85
Platform refers to common pages (e.g., home screens, user profiles) that are shared across the super-app rather
than belonging to a specific business line.

The high recall indicates that TouchAlign successfully identifies
the vast majority of misaligned elements. This property is particu-
larly important in large-scale industrial settings, where undetected
VIMs may directly translate into user-sensible interaction failures
and subsequent complaints. By maintaining comprehensive cover-
age, TouchAlign serves as a reliable early-warning mechanism for
potential usability issues.

At the same time, the high precision and low FPR show that
most elements flagged as misaligned are indeed true defects. Al-
though false positives still exist, their practical impact is limited.
In deployment, TouchAlign visualizes the interactive boundaries
of GUI elements by overlaying colored bounding boxes in defect
reports, making it easy for developers to distinguish true from false
positives at a glance.

Importantly, we intentionally keep the threshold 𝜏 fixed rather
than tuning it to further reduce false positives. This reflects a prac-
tical trade-off: false negatives are more costly than false positives.
Missing a VIM risks real user complaints, whereas false alarms can
be efficiently filtered through lightweight human inspection.

Finally, the results remain consistent across different business
lines, demonstrating TouchAlign’s generalizability.

4.4 RQ3: Industrial Deployment
In large-scale super-apps such as Meituan, multiple business lines
are typically developed and maintained by decentralized teams.
As described in Section 1, to comply with design guidelines re-
garding minimum touch targets and inter-element spacing, these
teams often manually calibrate the interactive boundaries of GUI el-
ements. However, due to variations in development practices across
teams, such calibration often lacks consistency. As a result, visually
identical elements (e.g., navigation icons) may exhibit substantially
different interactive areas across business lines. Such inconsistency
degrades the UX, as it imposes an unnecessary cognitive load by
forcing users to adapt to the interactive behaviors of each specific
business line.

Therefore, ever since TouchAlign’s release in May 2025, it has
been integrated into Meituan’s automated testing platform and
made directly accessible to QA engineers. Every time a new version
is built, QAs launch the Meituan app on remote real devices pro-
vided by the testing platform and invoke TouchAlign on selected
pages. For each page, TouchAlign automatically analyzes all inter-
active GUI elements by comparing their visual boundaries with
interactive boundaries inferred through systematic tap simulation.
Elements whose IoU falls below the predefined threshold 𝜏 = 0.65

are reported as potential VIMs and submitted to developers for
evaluation and confirmation.

BetweenMay 2025 and December 2025, TouchAlignwas applied
across multiple major business lines, focusing on high-impact entry
pages exceeding 100k daily visits. In total, TouchAlign analyzed
227 GUIs containing 4,978 interactive elements, and reported 104
potential VIMs. Among them, 86 issues (82.7%) were confirmed by
developers as genuine defects, and 85 confirmed issues have already
been fixed. Table 5 summarizes the detailed results across business
lines. Notably, TouchAlign demonstrates consistently high confir-
mation and fix rates across different business lines, indicating stable
performance under heterogeneous development settings. Moreover,
we further analyze the root causes for all the confirmed VIMs. In
practice, bloated interactive areas are most common (67 issues),
typically caused by binding interactive areas to parent containers
(e.g., Android ViewGroup), while shrunken (17 issues) and offset
Interactive Areas (2 issues) arise from various implementation over-
sights.

From the QA perspective, TouchAlign substantially improves
inspection efficiency. With TouchAlign, a QA engineer can review
approximately 160 reported elements per person-day, each of which
has a high likelihood of being a true defect, rather than exhaus-
tively probing all elements. In contrast, without TouchAlign, man-
ual exploratory testing typically inspects around 72 elements per
person-day, most of which do not exhibit any misalignment issues.
As a result, TouchAlign significantly improves the efficiency of
identifying actionable VIMs by prioritizing high-risk elements for
manual review. Developers report that confirmed issues can be
fixed without violating existing design guidelines on touch target
size or spacing. Issues that remain unconfirmed often require addi-
tional discussion with UI design teams, as fixing them may conflict
with existing design guidelines. Overall, these results suggest that
TouchAlign not only scales to real-world industrial workloads but
also delivers actionable and cost-effective feedback within existing
quality assurance pipelines.

5 CASE STUDY AND LESSONS LEARNED
5.1 Case Study: VIM in Navigation Bars
During the 8 months of TouchAlign’s deployment, we observed a
notable pattern: a large proportion (61.5%) of detected VIMs were
concentrated in navigation bars. As shown in Figure 4, navigation
bars are central to user navigation and contain dense collections of
small interactive icons, such as back, search, and share.
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(a) Overlap Between Offset and Bloated El-
ements.

switch 2

(b) Overlap Between Shrunken and Bloated
Elements.

Figure 4: Misalignment in Navigation Bars.

Yet, in practice, small icons often receive less testing atten-
tion compared to primary call-to-action elements (e.g., “Buy Now”,
“Checkout”) [28]. This imbalance creates a vulnerability: navigation
bars hold long-term value for user retention, but their reliability is
undermined by insufficient testing attention.

Figure 4 illustrates two representative defects. In one case, the
bloated interactive boundary of the “Share” icon exacerbated the
interaction difficulty for the adjacent “Favorite” icon, whose inter-
active area was offset. In another, an expanded hit-area for “More”
button overlapped the neighboring search button, leading to fre-
quent mis-taps.

Such defects are insidious: since the core functionality gener-
ally remains accessible via some portion of the element, they can
easily go undetected even by experienced testers, while subtly un-
dermining the UX. This elusive nature explains why the issues
uncovered by TouchAlign were immediately acknowledged and
promptly fixed by developers.

This case study highlights that navigation elements deserve
testing priority comparable to transactional controls. Although
defects in navigation barsmay not block core tasks, they accumulate
friction in routine interactions and erode long-term usability.

Our analysis leads to two actionable recommendations for en-
gineering teams: (1) prioritizing navigation bars and other high-
density control regions for automated spatial alignment testing,
and (2) using well-defined, reusable components with explicit in-
teractive boundary specifications to support systematic validation.
These measures would shift defect detection from ad-hoc discovery
to systematic prevention, strengthening the long-term usability of
mobile applications.

5.2 Lessons Learned: Structural Debt in GUI
Development

Our investigation into VIM reveals a deeper systemic issue inmobile
app development: the unreliability of structured GUI metadata [27].
In principle, misalignment detection could rely on comparing an el-
ement’s visual appearance with its declared properties in structural
metadata (e.g., the view hierarchy). In practice, however, such meta-
data is often noisy or incomplete [11, 26], making this approach
unreliable.

This unreliability largely stems from common engineering prac-
tices driven by rapid development. We identified three primary
causes: (1) Hybrid Frameworks, where WebViews and native com-
ponents are mixed, breaking the propagation of structural infor-
mation [39]; (2) View Overlays, where new views are layered over
existing elements for implementation simplicity, obscuring them
in the hierarchy [11, 26]; and (3) Performance Optimizations, where
multiple logical controls are flattened into a single custom-drawn
view, collapsing their distinct nodes in the hierarchy. As illustrated
in Figure 5, these practices, while offering short-term benefits, result
in a form of structural debt: the foundational metadata no longer
faithfully represents the user interface.

(a) Noisy View Hierarchy (b) Incomplete View Hierarchy

Figure 5: Examples of Unreliable GUI Metadata.

The consequences of structural debt are twofold. First, it di-
rectly harms accessibility, as users relying on assistive technologies
may find elements un-focusable or entirely missing. Second, for a
wide range of GUI modeling tasks, this noisy metadata has necessi-
tated a body of research focused on denoising and repairing GUI
layouts [11, 26]. These efforts, while valuable, are fundamentally
compensatory; they attempt to repair flawed metadata after the
fact rather than prevent its creation.

The design of TouchAlign is therefore a response to this imper-
fect reality. By operating directly on pixels and runtime behavior,
it bypasses unreliable structural metadata and avoids the debt-and-
repair cycle. Our findings suggest that greater attention must be
paid to the integrity of structured GUI metadata. A “clean” accessi-
bility tree should not be treated as a feature for accessibility, but as
a foundational component for ensuring an application’s broader us-
ability and testability. While behavior-driven tools like TouchAlign
provide a robust fallback, the most sustainable path forward lies in
addressing the root cause: eliminating structural debt at its source.

5.3 Threats to Validity
Internal Validity. One potential threat arises from TouchAlign’s

reliance on third-party machine learning components, including
the visual boundary detector (OmniParser) and the MLLM-based or-
acle. Their performance directly affects TouchAlign’s accuracy. To
mitigate this, we selected a state-of-the-art GUI parsing model and
designed a hybrid oracle that invokes MLLM only for challenging
dynamic GUIs. Although our evaluation demonstrates high prac-
tical accuracy, advances in these underlying models may further
improve TouchAlign’s performance.
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External Validity. Another potential concern is whether VIM is
specific to Meituan’s development practices. We argue that VIM
is an inherent challenge in modern GUI engineering rather than a
company-specific defect. As observed in Section 2.3, VIM instances
were identified across a wide range of popular apps. These findings
suggest that VIM is a widespread yet neglected phenomenon. Its
invisible nature allows it to easily bypass conventional automated
testing pipelines relying on static code analysis or accessibility trees.

Furthermore, while our evaluation focused on the Meituan app
running onAndroid deviceswith a unified configuration (1080×2400
resolution), TouchAlign is designed as a strictly black-box solution
that operates solely on pixel and runtime feedback. It does not rely
on proprietary internal mechanisms or platform-specific coding
standards, making both the VIM problem and our approach broadly
applicable. We leave the investigation of VIM characteristics across
heterogeneous device configurations (e.g., varying resolutions) and
platforms (e.g., iOS) to future work.

6 RELATEDWORK
6.1 GUI Design Violation Detection
Detecting violations of design guidelines in GUIs has been a long-
standing research topic. Most existing studies focus on visual design
principles [17, 35, 53, 54, 57, 58]. For instance, Seenomaly [58] ex-
amines GUI animations (e.g., card movement, menu slide in/out)
to ensure compliance with guidelines such as content appearance,
elevation, and shadow effects. Minuku [17] addresses display issues
like widget occlusion and missing elements, fine-tuning a VLM
to detect potential display problems. GVT [35] identifies incon-
sistencies between design mock-ups and actual implementations,
proposing a widget matching algorithm. However, these works are
limited to visual design, neglecting interactivity.

On the other hand, some studies focus on the interactive layer
of GUIs [15, 29, 33]. Google Accessibility Scanner [33], for instance,
ensures that interactive areas are sufficiently large to avoid user
confusion. EP-detector [15] identifies error-prone operation anom-
alies (EPAs), where poorly designed interactive elements lead to
unexpected user outcomes. GUIPilot [29] detects process inconsis-
tencies by translating natural language interactions from design
mock-ups into executable actions onmobile screens. However, these
approaches either overlook the visual side or assume that visual
and interactive boundaries are always aligned.

In contrast, TouchAlign is the first to address both the visual
and interactive layers of GUIs. Our goal is to detect misalignment
between the visual boundary and the interactive boundary, bridging
the gap between what users see and how they interact with the
interface.

6.2 GUI Screen Parsing
LLMs are increasingly adopted for automating GUI tasks [9, 10, 18,
24, 38, 43, 48, 51, 56]. To help LLMs effectively understand GUIs,
screen parsing techniques are crucial for detecting and annotating
GUI elements.

Most existing approaches rely on parsing the view hierarchy to
obtain the bounding boxes of GUI elements. These methods typi-
cally filter XML nodes corresponding to interactive elements based
on attributes such as clickable and scrollable, and retrieve

bounding boxes from the bounds attribute. However, as discussed
in Section 5, view hierarchies are often noisy and incomplete. To
address this, some works, like MUD [11], utilize deep learning meth-
ods alongside human annotators to improve the quality of view
hierarchies. ReBL [46] takes a heuristic approach, grouping XML
nodes that are likely to correspond to the same GUI element.

Despite these improvements, screen parsing based on view hi-
erarchies still lacks generalizability. As a result, pure vision-based
methods have emerged as a promising alternative.Mobile-Agent [47]
was the first to leverage visual perception tools to accurately iden-
tify and locate both visual and textual elements within GUIs. Sim-
ilarly, Omniparser [55] fine-tunes specialized models to enhance
LLMs’ ability to generate actions grounded in specific regions of
the interface.

However, these approaches assume that visual and interactive
boundaries are always aligned, which is not always the case. Our
work highlights this misalignment issue and proposes a method to
detect it.

6.3 LLM-based GUI Testing
Beyond automating GUI tasks, LLMs are applied in various aspects
of GUI testing. For instance, several studies have used LLMs for bug
reproduction, aiming to automatically identify and reproduce bugs
based on bug reports [8, 20, 42, 46]. LLMs have also been applied to
explore GUIs, promoting better test coverage and identifying bug-
prone paths [5, 31, 45]. Additionally, LLMs are used to generate text
input, helping automate testing of forms and user inputs [30, 32].

In TouchAlign, we leverage the image understanding capabili-
ties of MLLMs to implement the Semantic Oracle sub-module. This
oracle calculates the semantic similarity between GUI snapshots,
going beyond pixel-level visual matching to reason about the func-
tional semantics of the interface. This innovation is crucial for
detecting misalignment, particularly in dynamic or content-heavy
applications where visual comparison alone fails to capture the
nuances of GUI.

7 CONCLUSION
In this paper, we introduced and systematically characterized visual-
interactivemisalignment, a pervasive yet overlooked class of defects
that violates the spatial predictability of mobile GUIs. To address
this critical gap, we presented TouchAlign, a black-box approach
that empirically detects these defects by quantitatively compar-
ing an element’s visual boundary, identified via object detection,
with its interactive boundary, mapped out through dynamic prob-
ing guided by a hybrid, LLM-powered oracle. Our evaluation and
production deployment at Meituan confirm the effectiveness of
TouchAlign: it detected misalignments with 0.86 recall and un-
covered 86 confirmed, critical defects across over 200 real-world
screens. Furthermore, our case studies highlight the insidious na-
ture of these defects and demonstrate the practical benefits of using
TouchAlign to diagnose spatial misalignment in mobile apps.
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