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Abstract—Attracting over one billion registered users globally,
WeChat’s mini-game platform has become one of the largest
gaming platforms with hundreds of thousands of published mini-
games. To ensure the quality of experiences across a massive
number of mini-games, automated UI testing has become es-
sential for WeChat. However, sliding-gesture-induced exploration
tarpits, states where a testing tool becomes trapped in repetitive,
unsuccessful gesture attempts, cause the testing tool to waste
up to 98% of its testing budget due to its inability to execute
proper sliding gestures. While mini-games typically contain
visual hints (e.g., sliding indicators) guiding the desired sliding
gestures, exploiting these hints to escape exploration tarpits
faces two major challenges in industrial settings: (1) robustness
challenge when exploiting hints from only several discontinuous
screenshots, and (2) efficiency challenge to support thousands of
concurrent testing services with minimal overhead and costs.

To address the preceding challenges, we report our expe-
riences in developing and deploying SLIDESCOUT, a three-
stage approach for detecting and escaping sliding-gesture-induced
exploration tarpits via efficient exploitation of visual hints. First,
SLIDESCOUT concurrently monitors the testing progress and de-
tects sliding indicators alongside screenshot collection, improving
efficiency by reusing preprocessed results in subsequent stages.
Second, SLIDESCOUT reconstructs potential sliding trajectories
using multiple heuristics, addressing robustness challenges when
precise trajectories are unavailable due to discontinuous screen-
shots. Third, SLIDESCOUT applies the inferred sliding gestures
until it successfully escapes the tarpit, enabling easy integration
with existing testing tools. Deployed at WeChat internally for
six months, SLIDESCOUT has helped reveal 25,000 crashes and
120,000 JavaScript errors, detecting 50 % more crashes compared
to the pre-deployment baseline within the same time period.
We summarize three major lessons learned from developing and
deploying SLIDESCOUT.
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I. INTRODUCTION

Mini-games [1] are lightweight games embedded within
super-apps [2] such as WeChat, Facebook, and TikTok. By
eliminating download barriers and enabling instant access,
mini-games offer seamless gaming experiences for users to
enjoy games without leaving their favorite social or messaging
apps [3]. Given the unprecedented convenience, mini-games
have now attracted over one billion players globally, with two-
thirds engaging daily or several times weekly [4], [5]. By the
end of 2024, China’s mini-game market has generated revenue
of approximately 40 billion Chinese Yuan and is expected to
reach 60 billion Chinese Yuan in 2025 [6]. Within this market,
WeChat, as one of the largest mini-game platforms, has hosted
more than one hundred thousand mini-games [7].

Given the massive scale of mini-games and the platform’s
rapid growth, WeChat has chosen to ensure the quality of
user experiences on mini-games with automated visual UI
testing [8], [7] for two reasons. First, manual testing is both
tedious and costly [9], [10], [11] for the scale of over one
hundred thousand mini-games with frequent updates. Sec-
ond, unlike conventional mobile or web applications, mini-
games employ custom game engines with non-standard UI
elements [8] that are inaccessible to traditional testing tools,
necessitating image-based testing [8] and random exploration
strategies [7].

While automated mini-game testing has been deployed at



WeChat for years [7], we find that a testing tool frequently
encounters sliding-gesture-induced “exploration tarpits” [12],
i.e., states where testing tool becomes stuck, repeatedly at-
tempting unsuccessful interactions due to the testing tool’s in-
ability to generate required sliding gestures [13]. As shown in
Figure 1, in a one-hour testing of a highly popular mini-game
“Earth Journey”, a testing tool [7] wastes up to 98% of the
testing budget repeatedly attempting unsuccessful interactions,
unable to progress beyond certain game states that require
specific sliding gestures to advance. While the testing tool can
generate random sliding gestures, combinatorial explosion of
sliding-gesture space makes random exploration approaches
highly ineffective, as the probability of randomly generating
the correct sliding gesture is vanishingly small.

While exploration tarpits have been studied and tackled in
general mobile app testing [12], [14], existing solutions cannot
be migrated to address sliding-gesture-induced exploration
tarpits unique in mini-games. VET [12] uses trace analysis to
block UI gestures leading to exploration tarpits, while we must
pass through the tarpits in mini-games rather than avoiding
them. AURORA [14] assumes a finite set of common patterns
for mobile app tarpits and learns from known tarpits, but
sliding-gesture tarpits in mini-games exhibit highly diverse
and game-specific behaviors. Moreover, unlike simple taps,
which have a discrete set of possible locations, sliding gestures
involve a combinatorial explosion of parameters, making it
difficult to learn how to determine starting points, trajectories,
velocities, and ending positions.

To understand the unique characteristics of sliding-gesture-
induced exploration tarpits, we conduct a motivating study
and discover that visual hints, provided by developers to
guide users toward correct sliding gestures, provide crucial
information about required sliding gestures. Specifically, we
annotate a dataset SLIDEQUIZ consisting of 200 exploration
tarpits from 59 highly popular mini-games from the WeChat
testing platform. After inspecting SLIDEQUIZ, we find that
such visual hints exist in almost all exploration tarpits with
96% of them featuring sliding indicators, which move along
the desired path to indicate the required sliding gesture, such
as the pulsating hand icon illustrated in Figure 1. These sliding
indicators provide intuitive guidance for users to understand
the required sliding direction and distance.

While sliding indicators provide cues to escape tarpits in
mini-game testing, building a practical automated sliding-
gesture generation tool faces two major industrial requirements
for large-scale deployment.

Robustness requirement when exploiting hints from only
several discontinuous screenshots. Industrial testing environ-
ments typically provide limited, non-continuous screenshots
rather than real-time video feeds, making it difficult to reliably
detect and interpret sliding indicators that vary dramatically
across games in appearance, animation style, and subtlety.
Moreover, the tool must accurately translate these visual hints
into precise sliding gestures with appropriate parameters that
satisfy each game’s specific physics requirements.

Efficiency requirement to support thousands of concurrent
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testing services with minimal overhead and costs. The tool
must process visual hints and generate sliding gestures rapidly
enough to avoid becoming a bottleneck in high-throughput
testing pipelines, while maintaining low computational and
memory footprints to enable cost-effective deployment across
large-scale testing infrastructures.

To address the preceding industrial requirements for practi-
cal tarpit escape in mini-game testing, in this paper, we report
our experiences in developing and deploying SLIDESCOUT,
a three-stage approach for detecting and escaping sliding-
gesture-induced exploration tarpits via robust and efficient ex-
ploitation of noisy visual hints to guide proper sliding gestures.
In the first stage, SLIDESCOUT monitors the testing progress
and concurrently detects sliding indicators alongside screen-
shot collection, significantly improving inference efficiency by
immediately reusing the preprocessed results in subsequent
stages. In the second stage, SLIDESCOUT reconstructs poten-
tial sliding trajectories using multiple heuristics, addressing
the robustness challenge when precise moving trajectories are
unavailable due to discontinuous screenshot collection. In the
third stage, SLIDESCOUT applies the inferred sliding gestures
until successfully escaping the tarpit and returning control to
the testing tool, thus enabling easy integration with any testing
tool to enhance testing effectiveness.

To assess the efficacy of SLIDESCOUT, we evalu-
ate SLIDESCOUT against Vision-Language Models (VLMs)
and heuristic-based baselines. Evaluation results show that
SLIDESCOUT successfully escapes 64.5% of tarpits in SLID-
EQUIZ, outperforming the best baseline approaches (including
heuristics and VLMs) by 650%. Notably, even state-of-the-art
VLMs demonstrate limited success in escaping tarpits, failing
to generate contextually appropriate sliding gestures grounded
in the provided screenshots. When integrating SLIDESCOUT
with the WeChat mini-game platform’s existing testing tool [7]
on 28 popular mini-games, SLIDESCOUT incurs less than
0.1-second overhead while enabling the testing tool to cover
42.08% more unique game states on average.

We have deployed SLIDESCOUT internally at WeChat, a
highly popular app with over one billion monthly active
users. Since January 2025, SLIDESCOUT has served as the
default strategy for exploration tarpit handling for all mini-
game testing tasks at WeChat. During the six-month deploy-
ment, SLIDESCOUT has been invoked more than 500,000
times and has revealed more than 25,000 game crashes and
120,000 JavaScript errors. Compared with the pre-deployment
baselines in the same time period, SLIDESCOUT improves the
effectiveness of crash detection and JavaScript-error detection
by 50% and 17%, respectively.

In summary, this paper makes the following major contri-
butions:

e SLIDESCOUT [15], the first automated and cost-effective
approach for escaping exploration tarpits via robust and
efficient exploitation of noisy visual hints in mini-game
testing.

e« SLIDEQUIZ [15], the first annotated dataset of 200
sliding-gesture-induced exploration tarpits in mini-games,



enabling future research in this direction.
Comprehensive evaluations demonstrating the effective-
ness of SLIDESCOUT through controlled experiments and
large-scale deployment at WeChat, serving the entire test-
ing platform for 500,000+ times and detecting 145,000+
issues in six months.

Practical insights and lessons learned from developing
and deploying SLIDESCOUT at WeChat.

II. ILLUSTRATIVE EXAMPLES

In this section, we present a real-world example of sliding-
gesture-induced exploration tarpits [12] when testing a mini-
game “Earth Journey” on the WeChat testing platform, and
our insight to escape the tarpits.

As illustrated in Figure 1, when testing the game “Earth
Journey”, we observe a severe exploration tarpit where the
testing tool explores only three distinct game screens in
one hour and wastes over 98% of the testing budget while
being trapped in a single game screen. Progressing the mini-
game requires a specific sliding gesture (dragging a dish to
a customer’s “idea cloud”), which the tool cannot perform
effectively. This scenario extends the concept of exploration
tarpit [12] to mini-games, where sliding gestures become the
primary barrier to exploration rather than simple Ul navigation
issues. Unlike traditional mobile apps where tarpits often
involve repetitive taps or navigation loops, mini-game tarpits
require precise sliding gestures with specific trajectories and
timing, rendering existing tarpit handling strategies [12], [14]
ineffective.

While the testing tool can randomly generate sliding ges-
tures [7], the probability of randomly producing the correct
sliding gesture is prohibitively low. For tapping gestures, the
size of the gesture space is proportional to the number of
distinct tap locations on the screen, which we denote as n. In
contrast, sliding gestures require both a starting position and
an ending position, resulting in a gesture space of size O(n?).
More precisely, based on the input generation strategy [7],
generating a sliding gesture that precisely starts from the dish
and ends at the customer’s “idea cloud” in Figure 1 takes over
100 minutes in expectation, being unacceptable for WeChat’s
large-scale testing requirements.

Insight: Leverage developer guides to escape tarpits. The
sliding-gesture-induced exploration tarpits not only pose chal-
lenges for testing tools but also mini-game players. Given
that most mini-game players have limited engagement time
and patience, developers must help users quickly understand
gameplay mechanics. Consequently, developers frequently im-
plement visual hints in various forms, such as indicators
moving along sliding paths or highlighting the endpoints of
sliding paths. In the example shown in Figure 1, an animated
hand icon repeatedly moves from the dish to the customer,
clearly indicating the required sliding gesture. These visual
hints serve as valuable cues for automatically inferring proper
sliding gestures to escape exploration tarpits.
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III. MOTIVATING STUDY

In this section, we conduct a motivating study on sliding-
gesture-induced exploration tarpits and how game developers’
visual hints help users escape these tarpits.

A. Construction of SLIDEQUIZ

Given the absence of standardized datasets for investigating
and evaluating sliding-gesture-induced exploration tarpits in
mini-games, we construct SLIDEQUIZ, the first dataset con-
sisting of 200 exploration tarpits from 59 highly popular com-
mercial mini-games with escape gesture annotations by expert
mini-game testers. SLIDEQUIZ is publicly available [15] to
facilitate future research in this direction.

The construction methodology of SLIDEQUIZ follows a
three-stage process to ensure representativeness. First, we run
a state-of-the-practice mini-game testing tool [7] on WeChat’s
mini-game platform, identifying mini-games where automated
exploration achieves limited coverage, suggesting potential
exploration tarpits. This filtering process yields 59 mini-games
containing at least one exploration tarpit. Second, we cooper-
ate with five experienced engineers of WeChat. These WeChat
engineers have a combined total of over 40 years of experience
in testing mobile apps. We inspect testing logs of the 59 mini-
games, identifying game scenarios indeed requiring sliding-
gesture execution to escape the tarpit. To faithfully simu-
late real-world testing environments where continuous screen
recording is impractical due to performance and storage con-
straints, we collect discontinuous screen capture sequences for
each mini-game across multiple devices with varying screen
resolutions (ranging from 720x1280 to 1440x2960 pixels),
aspect ratios, and display characteristics. Third, the WeChat
engineers help mark the precise bounding boxes for both the
starting position and ending position of each required sliding
gesture to escape tarpits. Through the preceding systematic
process, we obtain SLIDEQUIZ with 200 unique exploration
tarpits (each containing a sequence of 8-15 screen captures)
with escape annotations.

In addition to sliding-gesture annotations for escaping the
exploration tarpits, we collaborate with experienced testing
engineers to develop a taxonomy of visual hints, categorizing
them into four types: (1) animated indicators that move along
required sliding paths, (2) highlighted pathways displayed
with brighter colors, (3) endpoint highlighting of starting
and ending positions of the required sliding-gesture, and (4)
textual instructions describing required gestures. We apply the
taxonomy to categorize all visual hints in SLIDEQUIZ. For
tarpits containing multiple hint types, each type is counted
individually.

B. Study Results

Figure 2 presents the distribution of different types of
visual hints across the 200 exploration tarpits in SLIDEQUIZ.
From the results, we derive two key observations. First, all
exploration tarpits in our dataset contain at least one type
of visual hint, confirming that game developers consistently
provide guidance mechanisms to help users escape tarpits. This



<1 min

\ [ Stuck In Tarpit! J

Fig. 1. A sliding-gesture-induced exploration when testing Earth Journey, a highly popular mini-game on the WeChat mini-game platform.
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Fig. 2. Distributions of different types of visual hints in SLIDEQUIZ.

universal presence of visual hints motivates our approach to
leverage these developer-provided cues for automated sliding-
gesture inference. Second, indicator animation emerges as the
predominant visual hint type, appearing in 192 out of 200
tarpits (96.0%). This high prevalence indicates that animated
indicators are the most critical visual signal for communicating
required sliding gestures, making them a primary focus for our
approach.

IV. DESIGN OF SLIDESCOUT

In this section, we present the design of SLIDESCOUT,
a three-stage approach for detecting and escaping sliding-
gesture-induced exploration tarpits via robust and efficient
exploitation of noisy indicator animation to guide proper
sliding gestures for automated mini-game testing.

A. Industrial Requirements and Challenges for SLIDESCOUT

The design of SLIDESCOUT is driven by two major indus-
trial requirements for large-scale automated mini-game testing,
each presenting distinct technical challenges.
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Robustness Requirement. Industrial testing environments
typically provide limited, non-continuous screenshots rather
than real-time video feeds, necessitating robust exploitation of
visual hints from only several discontinuous screenshots. This
requirement introduces three major challenges: (1) cross-game
visual diversity - sliding indicators vary dramatically across
games in appearance (arrows, glowing paths and moving
objects), animation styles (linear motion, curved trajectories
and pulsing effects), and subtlety (prominent vs. barely visible
hints), demanding robust detection that generalizes across this
heterogeneity; (2) incomplete animation capture - with only
sparse screenshots, indicator animations may be partially cap-
tured or even missed entirely, requiring inference techniques
that can reconstruct sliding trajectories from fragmentary vi-
sual evidence; and (3) precise gesture translation - the tool
must accurately translate detected visual hints into precise slid-
ing coordinates with appropriate parameters (start/end points,
gesture speed and pressure) that satisfy each game’s specific
physics and interaction requirements.

Efficiency Requirement. The tool must support thousands
of concurrent testing services with minimal overhead and
costs, processing visual hints and generating sliding gestures
rapidly enough to avoid becoming a bottleneck in high-
throughput testing pipelines. This requirement presents two
key challenges: (1) real-time processing constraints - each
screenshot analysis and sliding gesture inference must com-
plete within strict time limits (typically under 300ms) to
maintain testing pipeline throughput; and (2) resource opti-
mization - the approach must maintain low computational and
memory footprints to enable cost-effective deployment across
large-scale testing infrastructures without requiring expensive
hardware acceleration.

B. Overview of SLIDESCOUT

To meet the preceding industrial requirements,
SLIDESCOUT enhances testing tool effectiveness through
a three-stage approach, as illustrated in Figure 3. Given a
mini-game under test and an existing testing tool as inputs,
SLIDESCOUT operates as follows:

Tarpit monitoring and indicator detection. In the first
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Fig. 3. Overview of SLIDESCOUT and its workflow to help any given testing tool to escape from sliding-gesture-induced exploration tarpits.

stage, SLIDESCOUT continuously monitors testing progress by
collecting screenshots and analyzing state transitions. When
the testing tool cycles through a limited set of game states
without discovering new ones over a configurable time win-
dow, SLIDESCOUT confirms the occurrence of an exploration
tarpit and triggers intervention.

Sliding-gesture  inference. =~ Upon  tarpit  detection,
SLIDESCOUT analyzes the accumulated screenshot history
to identify sliding indicators that suggest appropriate escape
gestures. SLIDESCOUT employs a hybrid computer vision
pipeline that combines complementary detection strategies
to reliably infer sliding gestures from limited and noisy
visual information, addressing the challenge of processing
discontinuous screenshots typical in industrial environments.
Tarpit-escape execution. Finally, SLIDESCOUT temporarily
assumes control from the underlying testing tool to execute
the inferred sliding gestures. After each gesture execution,
the system monitors subsequent state transitions to detect
successful tarpit escape, which is indicated by the discovery
of previously unexplored game states. Upon confirming suc-
cessful escape, SLIDESCOUT returns control to the underlying
testing tool, which resumes normal exploration with expanded
state coverage.

C. Tarpit Monitoring and Indicator Detection

Tarpit monitoring. Detecting exploration tarpits requires
identifying when testing tools become trapped in repetitive
interaction patterns without making meaningful progress in
state-space exploration. However, exploration-tarpit detection
in mini-games faces a unique challenge: game screens typ-
ically incorporate animated elements and dynamic visual ef-
fects to enhance user experience, causing two screenshots from
functionally identical game states to differ significantly at the
pixel level.

To address this challenge, SLIDESCOUT implements a
histogram-based technique for state-equivalence detection that
reliably identifies functional-state repetition despite superfi-

cial visual variations. When processing each new screenshot,
SLIDESCOUT calculates its color histogram and compares it
against histograms of previously captured screens using the
Bhattacharyya Coefficient [16]. SLIDESCOUT classifies two
screenshots as representing the same functional state when
their Bhattacharyya Coefficient exceeds a threshold 7" = 0.5
and declares an exploration tarpit when no new states have
been discovered after m = 10 consecutive interaction at-
tempts. The threshold setting strikes a balance between sensi-
tivity (ensuring that genuine state repetitions are detected in a
timely manner) and specificity (avoiding false positives caused
by legitimate gameplay transitions that involve visually similar
elements). Upon tarpit detection, SLIDESCOUT temporarily
assumes control from the underlying testing tool to execute
its specialized sliding-gesture inference (Section IV-D) and
escape mechanisms (Section IV-E).

Sliding indicator detection. SLIDESCOUT identifies sliding
indicators by analyzing screen captures. SLIDESCOUT em-
ploys a fine-tuned YOLO-v7 [17] network to detect indicators
efficiently when a new screen capture comes.

D. Sliding-Gesture Inference

After detecting an exploration tarpit, SLIDESCOUT must
infer the appropriate sliding gesture required to escape the
tarpit. To overcome the intertwined challenges mentioned
above, we design a multi-stage inference pipeline that first
extracts meaningful trajectory information from screen cap-
tures and then proposes optimized sliding gestures through
complementary strategies.

1) Extracting Trajectory from Sliding Indicators

Given limited screen captures and presented with the cross-
game visual diversity challenge, SLIDEScOUT follows a
tracking-by-detection paradigm [18] and extracts the trajectory
of sliding indicators detected during the first stage by approx-
imating the indicators by a straight line. However, even with
precise detection results for each frame, the detected indicators
often poorly fit into a straight-line trajectory due to incomplete
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screen captures and imprecise visual guidance. Therefore, we
apply a Kalman Filter [19] to the detected sliding indicators
to obtain robust and stable trajectory information.

2) Proposing Candidate Sliding Gestures

Based on the extracted trajectory of sliding indicators,
SLIDESCOUT proposes candidate sliding gestures using two
complementary strategies.

Direct trajectory mapping: When sliding indicators provide
clear and complete guidance, we map the trajectory directly
to a sliding gesture. Through consultation with mini-game
designers, we learn that as a design principle for better user
experience, sliding indicators seldom overlap with the required
sliding gestures but instead intersect with them from below
(typically through an arrow or finger icon positioned at the
topmost area of the indicator). Rather than simplistically using
the geometric centers of sliding indicators, we utilize the
Segment Anything Model (SAM) [20] to obtain segmentation
masks [21] of sliding indicators and select the topmost area
of the segmentation mask as the “active point”, which helps
mitigate the precise gesture translation challenge. Beyond fol-
lowing the exact trajectory of active points to perform sliding
gestures, SLIDESCOUT also extends and adds perturbations to
the trajectory as alternative candidates. These supplementary
candidates provide useful gestures in situations where only a
sub-segment of the complete trajectory can be inferred from
limited information.

Widget-based inference: When direct trajectory mapping
is insufficient due to incomplete or ambiguous trajectories
as described in the incomplete animation capture challenge,
we deploy a widget-based inference strategy. This strategy
assumes that the sliding gesture connects two interactive
widgets (detected by and reused from the underlying testing
tool) while maintaining directional properties similar to the
observed indicator. To determine the most probable sliding
gesture from numerous candidates, we rank them using a
comprehensive scoring function f(s, e) for a candidate sliding
gesture starting from s and ending at e:

C'=—(A 25+ B-ys) M
L':Ax+By+C' =0 2)
f(s,e) = —dist(S,s) — dist(E,e) — \ - dist(e,L’) (3)

where the sliding indicator’s trajectory runs from S to E
with equation Az + By + C = 0. By emphasizing trajec-
tory slope over absolute position (A = 10), our algorithm
effectively ranks candidate gestures even when the estimated
trace provides only approximate and incomplete trajectory
guidance. As long as we obtain the correct direction from the
sliding indicator, the trajectory slope factor can narrow down
candidates to a manageable set.

3) Re-ranking of Candidate Sliding Gestures

In the final stage, we dynamically re-rank the candidate slid-
ing gestures from both inference strategies to optimize success
probability. Our analysis reveals complementary strengths:
when sliding indicator trajectories are short, screen captures
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provide sufficient information for complete trajectory ex-
traction, making direct trajectory mapping highly effective.
Conversely, when trajectories are long, screen captures pro-
vide limited information (such as missing starting or ending
positions), making the extracted trajectory incomplete and
requiring widget-based inference with emphasis on trajectory
slope similarity.

To  leverage these complementary  capabilities,
SLIDEScOUT distinguishes between different sliding
gesture classes by comparing the inferred trajectory’s length
against a threshold T3,.,;. When trajectory length falls below
Tirqj, we prioritize direct trajectory mapping candidates;
otherwise, we prioritize widget-based inference candidates.
This adaptive prioritization strategy enhances exploration
efficiency by tailoring the approach to each tarpit scenario’s
specific characteristics.

E. Tarpit-Escape Execution

After inferring the desired sliding gestures, SLIDESCOUT
executes candidate sliding gestures to escape the detected
exploration tarpit. SLIDESCOUT temporarily assumes control
from the mini-game testing tool and implements a system-
atic execution strategy for the inferred sliding gestures. This
process follows a prioritized approach, beginning with the
highest-confidence sliding gesture candidates identified during
the inference phase. For each candidate, SLIDESCOUT trans-
lates the abstract sliding trajectory into concrete touch events
with precise coordinates that simulate authentic user sliding
gestures. After each sliding gesture execution, SLIDESCOUT
captures the resulting screen state and analyzes it to de-
termine whether the tarpit has been successfully navigated.
Upon successful escape (indicated by the discovery of a
previously unobserved state), SLIDESCOUT returns control to
the underlying mini-game testing tool, allowing it to resume
normal exploration from the newly discovered state. The
handoff mechanism ensures that SLIDESCOUT integrates non-
intrusively with any existing testing tool, precisely providing
specialized sliding-gesture capabilities when needed without
disrupting the overall testing workflow.

V. EVALUATION

To evaluate the effectiveness of SLIDESCOUT, we conduct
extensive experiments to answer the following research ques-
tions (RQs):

« RQ1: How effective is SLIDESCOUT at inferring sliding
gestures to escape exploration tarpits in SLIDEQUIZ?

o RQ2: How effective is SLIDESCOUT at improving the
testing coverage of automated mini-game testing?

A. Evaluation Setup
1) Datasets.

We use SLIDEQUIZ described in Section III for evaluating
the accuracy of sliding-gesture inference, enabling quantitative
comparison between SLIDESCOUT and baseline approaches.



2) Baselines.

Given the strong generalization and reasoning capabili-
ties of these large-pretrained models [22], [23], we compare
SLIDESCOUT against both random approaches and VLMs in
the experiments on SLIDEQUIZ.

Random (pixel-level) simply slides from a random position
to another random position on the screen. We calculate metrics
here as the approximate expectation over an even distribution
of all possible positions.

Random (widget-level) randomly tries sliding gestures
connecting two detected widgets on the screen. To reduce
randomness, we randomly sample at most 100 candidates and
calculate all metrics as the expectation.

VLM Dbaselines (Qwen-VL-max [24], Qwen-VL-
plus [24], GPT-40 [25]) adopt the most capable VLMs in
GUI understanding. Provided with a prompt containing a
sequence of screen captures, the VLMs output the top-10
most probable sliding gestures’ starting and ending points in
relative coordinates.

3) Evaluation Metrics.

We use two sets of evaluation metrics to measure the
effectiveness of SLIDESCOUT in inferring sliding gestures and
improving the performance of mini-game testing, respectively.
We adopt Recall@K (R@K) and Mean Reciprocal Rank@K
(MRR @K) for offline experiments in RQ1, and the Number of
Aggregated Pages (NAP) for end-to-end experiments in RQ?2.

Recall@K (R@K) has been widely adopted in retrieval sys-
tems. The Recall@f = #ofcases S;ffﬁf"ig‘gf( WEMPS represents
the ratio of cases where the approach can find the target sliding
gesture in the first K attempts. A higher R@K indicates that
the approach infers more effective candidate gestures.

Mean Reciprocal Rank@K (MRR@K) focuses on the
highest-rank positive samples. It is calculated as the average
of the reciprocal rank of the first effective candidate sliding
gesture, as follows: )

MRRQK = —X% _—
|C| €€ rank,

where C represents the set of test cases and rank, represents
the rank of the first effective candidate sliding gesture. If no
candidate succeeds within K attempts, ﬁ is set to 0. Higher
MRR @K reflects better prioritization of correct gestures.

Number of Aggregated Pages (NAP) quantifies the explo-
ration capability of a testing tool by counting unique screen
pages encountered. It has been widely used in the WeChat
mini-game testing platform [7] to measure the exploration
ability of a tool. Only pages whose similarity score (which
is calculated by comparing the histogram with Bhattacharyya
coefficient) with all prior pages falls below a threshold are
considered as a new non-repeating page and contribute to the
NAP metric.

4) Underlying Mini-game Testing Tool.

iExplorerGame [7], the mini-game testing tool that WeChat
platform has deployed, identifies and interacts with mini-game
widgets through deep-learning-based object detection and
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interaction-type categorization. While iExplorerGame gener-
ates sliding gestures mostly at random, it fails to perform spe-
cific sliding gestures indicated by visual hints and frequently
gets stuck in exploration tarpits during deployment at WeChat.
We integrate SLIDESCOUT into this tool and enhance its tarpit-
escaping ability.

5) Implementation Details.

Given the industrial efficiency requirement, we aim to
carefully choose small-sized but effective models. We train
our sliding indicator detector by fine-tuning YOLO-v7 [17]
on a set of 2,000 pictures with manual annotations on an
NVIDIA T4 with 16GB of graphics memory, using the same
parameter settings as the original repository. In the direct
trajectory mapping strategy, we choose SAM2-tiny [20], which
not only performs well enough for our task but also runs
efficiently. Both models have fewer than 40M parameters
while maintaining the capability to handle corresponding tasks.

B. RQI: Effectiveness of SLIDESCOUT in Inferring Sliding
Gestures

1) Main Results.

To evaluate the effectiveness of SLIDESCOUT in inferring
sliding gestures, we conduct experiments on our SLIDEQUIZ
dataset. The results of accuracy in inferring sliding gestures
are presented in Table I. From the table, we have three major
observations.

First, SLIDESCOUT substantially outperforms all the base-
line approaches across all evaluation metrics. Our approach
achieves a 37.0% success rate for its top-ranked prediction
(R@1), which is over 8 times higher than the best baseline
approach. This result demonstrates that our specialized sliding-
gesture inference pipeline effectively captures and interprets
sliding indicators in mini-games. The performance advantage
becomes even more pronounced when considering multiple
attempts, with SLIDESCOUT reaching a 64.5% success rate
within ten attempts (R@10), compared to only 8.5% for the
best baseline.

Second, the results highlight the difficulty for general-
purpose VLMs to perform real-world tasks alone without
domain knowledge [26], [27]. Advanced VLMs like Qwen-
VL-max, despite effective in general visual understanding
tasks, achieve only 3% accuracy for top predictions on this
specialized task. It is worth noting that the other two VLMs,
GPT-40 [25] and Qwen-VL-plus [24], both fail to predict
meaningful sliding gestures in our experiments and are shown
as 0.0% in the results. This poor performance underscores the
unique challenges in interpreting game-specific visual hints
and translating them into precise sliding coordinates.

The strong MRR@10 score of 0.453 further confirms
that correct predictions consistently appear near the top of
SLIDESCOUT’s ranked suggestions. These results validate
our approach’s effectiveness in tackling the challenging task
of sliding-gesture inference from discontinuous visual hints,
addressing a significant barrier in automated mini-game testing
that previous approaches have largely failed to overcome.



TABLE I
PERFORMANCE COMPARISON OF SLIDING GESTURE INFERENCE

APPROACHES
Approach R@1 R@3 R@5 R@10 | MRR@10
Random(pixel-level) 0.03% 0.11% 0.19% 0.38% 0.001
Random(widget-level) 4.00% 4.50% 5.00% 8.50% 0.082
VLM (Qwen-VL-max) 3.00% 3.50% 4.50% 6.00% 0.036
VLM (Qwen-VL-plus) 0.00% 0.00% 0.00% 0.00% 0.000
VLM (GPT-40) 0.00% 0.00% 0.00% 0.00% 0.000
SLIDEScoUT 37.00% 46.00% 59.00% 64.50% 0.453
TABLE 11
PERFORMANCE COMPARISON OF SLIDING GESTURE PROPOSAL
STRATEGIES
Strategy Recall@1 | Recall@3 | MRR@10
Element-based only 27.0% 37.5% 0.376
Trajectory-based only 36.0% 44.0% 0.443
SLIDESCOUT (Combined) 37.0% 46.0% 0.453

2) Ablation on Complementary Strategies for Proposing
Sliding Gestures.

Our analysis focuses on understanding the complementary
nature of our dual proposal strategies: direct trajectory map-
ping and widget-based inference. To understand the comple-
mentary nature of our dual strategies, we analyze their indi-
vidual and combined performance on our benchmark dataset,
as presented in Table II. The results reveal strong complemen-
tarity between our two strategies as shown in Section IV-D3.

We further calibrate the trajectory confidence threshold
Tirqj across a range from 0.1 to 0.6 to understand its impact
on overall performance. As shown in Figure 4, a thresh-
old of Tj.,; = 0.4 yields optimal overall performance for
SLIDEScOUT. This threshold balances the contributions of
both proposal strategies to maximize accuracy across diverse
sliding-gesture challenges, indicating that our parameter set-
ting of T},,; represents a balanced trade-off.

3) Failure Analysis.

Despite the substantial improvement over the baseline ap-
proaches, there are still tasks that SLIDEScOUT fails to
efficiently infer. In 71 cases where SLIDESCOUT fails to
perform the required sliding gesture in the first 10 attempts, the
required gesture of 18 of them can be found by SLIDESCOUT
when given more chances (found in 50 attempts). For the
remaining 53 cases, we conduct a detailed analysis of failure
cases below, identifying four primary categories of challenges.

Non-linear sliding gesture trajectories (13.2% of fail-
ures): Our current trajectory extraction algorithm assumes pre-
dominantly linear sliding gesture trajectories, being inadequate
for complex curved or multi-segment sliding trajectories. In
games requiring arc-shaped swipes, zigzag patterns, or circular
motions, SLIDESCOUT often fails to trigger the intended
interaction.

Temporally complex sliding indicators (41.5% of fail-
ures): Some games present sliding indicators through elabo-
rate multi-phase animations that require temporal understand-
ing beyond what our current system can extract from dis-
continuous screenshots. These animations include sequences
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Fig. 4. Impact of trajectory confidence threshold T},4; on sliding-gesture
inference accuracy.

where the indicator exhibits pulsing behavior or appears in
different shapes and sizes at different times. Limited screen-
shots often capture only fragments of these complex temporal
patterns, leading to incomplete trajectory inference.

Camouflaged or subtle sliding indicators (24.5% of
failures): Certain games deliberately employ subtle or en-
vironmentally integrated sliding indicators that blend with
background elements. Our current sliding indicator detection
focuses primarily on high-contrast, animated elements and
frequently misses these camouflaged indicators, resulting in
completely missed trajectories.

Compound visual hints for sliding gestures (20.8% of
failures): In some cases, the correct sliding gesture depends
not just on the sliding indicator but on other forms of visual
hints or a mixture of different hint types. SLIDESCOUT
currently lacks the ability to incorporate such compound
visual hints, leading to incorrect trajectory inferences in state-
dependent scenarios.

The failure analysis highlights important directions for
future work. Addressing non-linear trajectories through more
sophisticated curve-fitting algorithms, improving temporal pat-
tern recognition across discontinuous captures, enhancing de-
tection of subtle sliding indicators, and incorporating com-
pound visual hint understanding would significantly expand
SLIDESCOUT’s coverage of challenging sliding-gesture sce-
narios.

C. RQ2: Improvement of End-to-End Testing Effectiveness
with SLIDESCOUT

To evaluate how SLIDESCOUT’s sliding-gesture inference
capabilities translate to real-world testing improvements, we
integrate SLIDESCOUT with the industrial-grade automated
mini-game testing framework named iExplorerGame [7] and
conduct comprehensive end-to-end testing experiments across
diverse mini-games. For each test on a mini-game, we run the
testing tool for one hour. Due to the random factors in testing,
e.g., screens captured and mini-game runtime randomness, we
test the underlying tool with or without SLIDESCOUT for three
times on each mini-game and calculate an average NAP.



TABLE III
PERFORMANCE IMPROVEMENT BY SLIDESCOUT ON BASELINE
MINI-GAME TESTING PIPELINE

Mini- w\o SLIDESCOUT with SLIDESCOUT
Game Average NAP Average NAP Tarpit Pass Rate
Average 21.61 30.21 (+39.80%) 40.48%

1) Main Results.

Table III presents the end-to-end testing results. From the
table, we have three major observations. First, SLIDESCOUT
dramatically improves testing effectiveness. Compared to orig-
inal iExplorerGame without SLIDESCOUT, SLIDESCOUT in-
creases screen coverage by 39.80% (from 21.61 to 30.21
screens per game), a substantial improvement over the underly-
ing testing tool that lacks specialized sliding-gesture handling
mechanisms.

Second, a detailed analysis of the testing sessions reveals
that SLIDESCOUT’s improvements are particularly pronounced
in games with sliding challenges in the early stage. In these
scenarios, successfully navigating one sliding tarpit often
unlocks access to abundant additional game content. For exam-
ple, in a tower defense game requiring five sequential sliding
gestures to progress, the underlying testing tool explores only
the first game level (9 screens), while SLIDESCOUT helps the
testing tool successfully navigate through 3 to 4 tarpits and
explore 43 unique screens.

Third, the 40.48% tarpit escape rate, despite a substantial
improvement, indicates room for further enhancement. Our
analysis of the remaining unresolved tarpits aligns with the
failure categories identified in RQI1, with non-linear gestures
and complex temporal hints being particularly challenging in
end-to-end testing scenarios. Additionally, some sliding tarpits
occur in sequence where exploring more game content requires
to pass more than one tarpit, demanding higher precision of
sliding gesture inference to escape the tarpit.

These results demonstrate that SLIDESCOUT substantially
improves automated testing effectiveness for mini-games con-
taining sliding-gesture tarpits, enabling exploration of previ-
ously inaccessible game content and significantly expanding
test coverage.

2) Efficiency of SLIDESCOUT

Our analysis reveals that SLIDESCOUT introduces negligi-
ble computational overhead to the testing process. From ob-
taining the sequence of captures to generating sliding gesture
candidates, the inference component requires less than 0.1 sec-
onds on average to process visual hints and prioritize trajectory
predictions. The deep learning models used in SLIDESCOUT,
YOLO-v7 [17] and SAM2-tiny [20], both have less than 40M
parameters and meet the platform’s efficiency requirement
with redundancy. This ultra-efficient inference time is achieved
through our three optimizations in SLIDESCOUT: (1) choosing
a lightweight indicator detection pipeline, (2) applying a small-
sized but capable segmentation and detection model, and (3)
concurrently detecting indicators when monitoring the testing
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process. When the underlying testing tool is stuck in tarpit,
compared to the wasted time that the underlying tool spends
repeating meaningless gestures, SLIDESCOUT’s 0.1-second
inference overhead per tarpit is virtually a no-cost solution.
Moreover, thanks to our monitoring system, the main process
of SLIDESCOUT is called only when the underlying testing
tool becomes truly stuck and produces almost zero overhead
at the scale of the entire testing process.

VI. DEPLOYMENT AND LESSONS LEARNED
A. Deployment of SLIDESCOUT

Since January 2025, we have deployed SLIDESCOUT at
the testing platform for WeChat, one of the most popular
mobile apps with over one billion monthly active users.
WeChat operates as one of the largest mini-game platforms,
hosting over 100,000 mini-games, with thousands of new mini-
games undergoing automated testing daily on the platform
before public release. SLIDESCOUT has been integrated as
the default strategy for handling exploration tarpits across
all mini-game testing workflows on the platform. During
the six-month deployment period, SLIDESCOUT has been
invoked over 500,000 times, demonstrating its scalability and
reliability in high-throughput industrial environments. The
deployment has yielded significant improvements in testing
effectiveness, helping reveal more than 25,000 game crashes
and 120,000 JavaScript errors that would have otherwise
remained undetected due to exploration tarpits preventing
thorough game state coverage. To evaluate the practical impact
of SLIDESCOUT, we compare testing outcomes against pre-
deployment baselines from the same six-month period in the
previous year. The results show that SLIDESCOUT improves
the effectiveness of crash detection by 50% and JavaScript
error detection by 17%, respectively. These improvements
directly translate to enhanced game quality and reduced post-
release issues, validating the industrial value of SLIDESCOUT
for large-scale automated mini-game testing.

B. Lessons Learned

We summarize three major lessons learned from developing
and deploying SLIDESCOUT.

1) We should match the right solution to the right scale.

The unprecedented scale of testing mini-games at WeChat
fundamentally reshapes both the solution design space and
optimization goals.

Runtime costs matter at scale. With thousands of de-
vices conducting round-the-clock testing across 3,000+ daily
tasks, efficiency optimizations that seem negligible for single-
application testing become critical for system viability. This
factor drives multiple design decisions in SLIDESCOUT. First,
we instantiate SLIDESCOUT with efficient models of object
detection (e.g., TinySAM [20] and YOLO-v7 [17]) rather
than computationally expensive large models [25]. Second,
we concurrently process and cache detection results across
pipeline stages, achieving near-zero additional overhead for
the testing process.



Edge-case handling matters at scale. In single-application
testing, occasional failures can be addressed through man-
ual intervention or application-specific patches. However, at
WeChat scale with 3,000+ daily testing tasks, even a 1%
failure rate becomes unmanageable. This factor drives the need
for SLIDESCOUT to handle previously niche scenarios that
become statistically significant at scale.

Generalization becomes a first-class citizen. Single-
application testing can rely on application-specific heuristics
and domain knowledge, but platform-scale testing demands
solutions that generalize across thousands of distinct appli-
cations. For example, sliding indicators and guidance vary
dramatically across games. To improve the generalization,
SLIDESCOUT performs robust trajectory reconstruction by
combining multiple and complementary inference strategies.

2) We must align solutions with infrastructure constraints.

While continuous screen captures would dramatically re-
duce the difficulty of sliding-gesture-induced tarpit handling,
the required hardware infrastructure (high-speed cameras and
data transmission for thousands of devices) is economically
prohibitive at WeChat scale. Rather than pursuing ideal but
unaffordable solutions, we learn to work within existing
infrastructure and develop robust inference algorithms for
discontinuous screenshots, demonstrating how industrial scale
transforms theoretical advantages into practical impossibilities.

3) There is a need to investigate individual cases beyond
benchmark metrics.

Rather than evaluating different approaches solely on bench-
mark metrics, there is a need to investigate individual cases
for deep insight.

General-purpose VLMs can fall short in domain-specific
problems. While general-purpose VLMs [28], [29], [30], [31]
have shown great potential in many general GUI testing bench-
marks [32], [33], [34], our deployment and evaluation results
demonstrate that state-of-the-art VLMs [24], [25] fall far
short of our expectations in mini-game testing, where VLMs’
performance is on a par with simple heuristics, as presented in
Table 1. With a deeper investigation into their failure cases, we
discover that while the responses of VLMs indicate that they
can understand the task and game-screen captures in a high-
level sense, VLMs frequently fail to generate meaningful slid-
ing gestures but abstract gameplay instructions or unreasonable
random horizontal sliding gestures without grounding to the
game Uls. This detailed analysis reveals critical limitations
that would be missed by benchmark metrics alone.

Failure-case analysis provides significant insight. It is
important to investigate failure cases of existing approaches
to identify root issues and further enhance capabilities. In
practice, we examine mini-game cases where the existing
testing tool achieves limited coverage and collect their testing
logs directly from the WeChat mini-game testing platform.
Through an in-depth analysis of these trajectories, we find that
the low efficiency of the preceding testing tool is not simply
due to the tool’s inherent limitations, but rather the existence of
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exploration tarpits (in mini-game testing) that exceed the tool’s
capabilities. The experience demonstrates that comprehensive
failure analysis on individual cases is essential to identify
underlying defects and mitigate them, particularly in industrial
settings where practical circumstances frequently deviate from
theoretical expectations, as noted in other studies [8], [35].

VII. RELATED WORK

Exploration tarpits in automated UI testing. Vet [12] first
formalizes the concept of exploration tarpits for mobile apps,
identifying scenarios where testing tools repeatedly explore the
same states without making meaningful progress. To mitigate
the impact of exploration tarpits, Vet applies trace analysis to
identify the UI elements for exploration tarpits and disables
the UI elements that might lead to tarpits. Aurora [14] applies
deep learning to recognize and bypass tarpits. Our work
extends these concepts by specifically targeting the unique
challenges of mini-games, where we leverage visual hints to
guide automated testing through complex sliding gestures that
conventional approaches do not tackle.

Automated UI testing for mobile apps and games. While
automated UI testing for mobile apps has been extensively
studied [36], [37], [38], [39], [40], [41], [42], [43], [44], [45],
[46], [47], [26], [48] and widely adopted in industry [49],
[8], [50], automated testing for games remains comparatively
underexplored. Existing game testing approaches typically
produce only preliminary findings [51], focus on detecting
only a certain kind of bug [52], or rely on developer-
provided information such as game states [53], [54] and
internal APIs [55]. The few generic approaches [56], [7]
focus primarily on completing basic testing workflows through
computer-vision-based element detection and interaction, but
struggle with specialized interactions unique to games.

Our approach addresses a critical gap by focusing specifi-
cally on sliding gestures, a common yet challenging interaction
pattern in mini-games that existing work cannot effectively
tackle. The tool-agnostic strategy of SLIDESCOUT makes it
general to enhance any testing tool for improving its effec-
tiveness in the diverse mini-game ecosystem.

VIII. CONCLUSION

In this paper, we have reported our experiences and lessons
learned from developing and deploying SLIDESCOUT for
automated detection and escape of sliding-gesture-induced
exploration tarpits in mini-game testing. SLIDESCOUT ex-
ploits visual hints, particularly indicator animations, present
in game Uls to systematically infer precise sliding ges-
tures, meeting the robustness and efficiency requirements
for industrial-scale mini-game testing. Deployed at WeChat
for six months, SLIDESCOUT helps reveal 25,000 crashes
and 120,000 JavaScript errors, detecting 50% more crashes
compared to pre-deployment baselines within the same time
period. We have summarized three major lessons learned from
developing and deploying SLIDESCOUT.
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