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Engineers utilize test scripts to conduct testing on mobile applications to ensure software reliability. In
industrial settings, failures in mobile application testing stem not only from faults in the program or scripts but
also from other aspects, such as the testing environment, making it challenging to apply existing automated
analysis methods in such settings. Furthermore, mobile testing in industrial contexts generates a large volume
of artifacts, such as screenshots and logs, and involves diverse device models, varied test environments, and
complex functionalities. All these factors make the manual analysis of failed mobile tests a process that is
typically time-consuming, costly, and labor-intensive. Large language models (LLMs) with strong logical
reasoning capabilities offer a novel perspective for automated analysis of failed mobile tests. However, due
to their limited knowledge of mobile testing, general LLMs can only achieve sub-optimal effectiveness in
these tasks. To address these challenges, we propose ANADROID, a novel LLM training framework specifically
tailored for analyzing failed mobile tests. ANADROID performs feature preprocessing for failed mobile tests
and trains the large language model through two novel, tailored training procedures. Specifically, ANADROID
first leverages bidirectional pre-training to instill the domain-specific knowledge and reasoning capabilities
required for failed test analysis into the model. ANADRoID further employs preference optimization to enhance
the model’s capacity to capture critical information within the input context, thereby further improving its
analytical effectiveness. Through extensive evaluations across six open-source LLMs of diverse architectures
and scales on a large-scale industrial dataset of 284k failed mobile testing scripts, ANADROID outperformed
all 4 baselines across three analysis tasks. Furthermore, during a month-long deployment within a global
company’s testing system, ANADRoID demonstrated its practical utility by successfully providing root cause
and repair recommendations for 78% and 81% of the 11,304 failed tests, respectively.
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1 Introduction

In recent years, the widespread adoption of mobile devices has rendered mobile apps increasingly
integral to our daily lives. Consequently, it has become critical for developers to ensure that their
apps maintain high quality and perform reliably under user expectations. To this end, engineers
develop test scripts that simulate interaction with the device to test the functionalities, such
as file transfer and firmware update [4, 43, 60]. When a test fails, engineers rely on manual
analysis to determine the cause, using artifacts generated during the testing process, such as
logs, screenshots, stack traces, and other information. This process is often time-consuming,
costly, and labor-intensive [5, 27]. In industrial settings, mobile testing involves large-scale mobile
applications, diverse device models, various operating system versions, multiple test environments,
and extensive functionalities. These complex factors lead to a broader range of failure causes
of mobile testing, including network issues in the test environment, hardware malfunctions on
test devices, operating system issues, and faults in either the application code or the test scripts.
This complexity necessitates that engineers analyze each failure to assign the rectification task
to different personnel, for instance, within development or testing departments, rather than the
issues being resolvable by the engineer alone. Therefore, engineers primarily focus on classifying
failed mobile tests and providing root cause analysis and corresponding repair recommendations in
natural language [66], rather than directly performing the fixes themselves. Furthermore, mobile
testing in industry can generate tens of thousands of lines of logs and numerous screenshots, also
posing significant challenges for engineers in diagnosing and resolving failures. Consequently,
there is a tremendous demand in the industry for automated analysis of failed mobile tests.

While extensive research exists on root cause localization [22, 28, 31, 38], program repair [1, 55,
56, 66], and GUI test script repair [4, 43, 60], these approaches cannot be directly applicable to our
scenario. This is because such work typically attributes failures to a single source: either faulty
program code or an incorrect or outdated test script. Under this assumption, most failures can be
resolved automatically. However, in an industrial mobile testing scenario, the applicability of these
approaches is limited due to the broader range of failure causes. For instance, when testing a file
transfer over a proprietary protocol, a test failure may stem not only from implementation errors in
the function or script but also from environmental settings, such as incorrectly configured device
network state. Moreover, analyzing failed mobile tests involves multiple diverse features, such
as logs and screenshots, which current approaches do not adequately consider. This multifaceted
requirement further limits the adaptation of existing work to our context [32, 38, 55].

Large language models (LLMs) [2, 42, 51] trained on massive datasets have demonstrated re-
markable effectiveness in natural language understanding and logical reasoning [1, 14, 35, 59],
prompting a surge of recent research efforts to apply LLMs to various software engineering tasks.
The reasoning capabilities of LLMs make them highly promising for analyzing failed mobile tests.
However, directly leveraging general LLMs to analyze failed mobile tests yields sub-optimal per-
formance, as demonstrated in our experiments. This is because analyzing the failed mobile tests
requires the model to possess substantial domain knowledge in mobile testing. Prior studies in
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other domains, such as medicine [50, 70] and law [10, 30], have observed similar findings. Moreover,
LLMs with no prior exposure to mobile testing knowledge may also struggle to perform effective
reasoning and analysis based on testing information such as documentation, logs, and screenshots.
Therefore, enabling LLMs to effectively learn the mobile testing knowledge is crucial for leveraging
them to automatically analyze failed mobile tests.

In this paper, we identify the critical problem of classification (CLS), root cause analysis (RCA),
and repair recommendation (RR) for failed mobile tests. To address this, we propose ANADROID, a
novel LLM training framework specifically designed for analyzing failed mobile tests. The insight
underlying ANADROID is that the datasets composed of analyzed failed mobile tests inherently
contain knowledge and reasoning logic required for analyzing failed mobile tests. By training LLMs
on such data, we can enable them to acquire the mobile testing knowledge required to effectively
analyze failed tests.

To realize this idea, ANADROID incorporates a preprocessing pipeline tailored for multimodel
data and a three-stage training process: pre-training, fine-tuning, and preference optimization.
We perform data cleaning and compression on screenshots, logs, documents, and stack traces to
minimize the context length, thereby enhancing model inference performance. The pre-training
stage is the primary phase where LLMs learn knowledge [16, 69]. Therefore, we first leverage pre-
training to enable the model to learn the requisite knowledge from our dataset for analyzing failed
tests. Furthermore, due to the decoder-only architecture of LLMs, where the representation of each
token is influenced solely by its left-side context, LLMs are unable to directly utilize global context
for analyzing failed tests, potentially leading to sub-optimal effectiveness [61]. Going beyond mere
pre-training to address this limitation, we constructed a bidirectional dataset during this phase,
thereby enhancing the model’s reasoning capabilities when analyzing failed tests. Following pre-
training, we conduct instruction-based fine-tuning for various tasks, enabling the model to analyze
failed mobile tests based on different instructions. Finally, we apply preference optimization to the
LLMs, which enables more precise control over the model’s behavior, ensuring it can identify and
emphasize critical aspects of the input that may influence the results. The intuition behind this step
is that subtle differences—such as inconsistencies in the error lines within stack traces—can lead to
entirely different analytical outcomes when analyzing failed tests. To realize this, we designed a
new semantic-based negative sampling strategy specifically for direct preference optimization.

Our evaluation of ANADROID’s performance in a large-scale dataset contains 284k failed mobile
testing scripts. This dataset comes from the testing of hundreds of mobile applications, encompass-
ing areas such as security, power consumption, operating systems, contacts, and a wide range of
popular third-party applications, supplied by our industrial partner, a global smartphone manu-
facturer. Each failed test in the dataset includes corresponding test documentation, stack traces,
logs, and screenshots. We benchmarked ANADROID against four baselines on six different LLMs,
demonstrating its exceptional efficacy by significantly outperforming all compared methods in
within-project and cross-project scenarios. Additionally, a deployment within the production
environment testing system of our industrial partner highlighted ANADROID’s practical value.

The main contributions of this paper are as follows:

e We propose ANADROID, a novel large language model training framework, which contains
three training steps and is specifically designed to train the model to effectively and efficiently
analyze the failed mobile tests.

e We propose to utilize the bidirectional pre-training and direct preference optimization, which
are designed to inject mobile testing knowledge and reasoning capabilities into the model and
allow the model to better capture critical aspects of the input context that may significantly
influence the output.
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Fig. 1. An example of the debugging process for file transfer failures in industrial scenarios.

e We conduct extensive evaluations of ANADROID on a large-scale dataset to validate it under
industrial settings, and the experimental results demonstrate that ANADROID is capable of
effectively classifying failed mobile tests and providing corresponding root cause analysis
and repair recommendations.

2 Methodology
2.1 Motivating Example

Figure 1 presents an example from our industrial partner. In this case, the analysis expert receives
a test failure notification and reviews the related information. From the documentation, the expert
learns that this is a test for a sharing application that transfers a file between two devices over
a proprietary protocol. Examining the stack trace, the expert finds that the target device failed
to display the receiving window. Further inspection of the screenshot reveals that the window
was not being obstructed by other components, such as random pop-up advertisements. Next,
the expert checks the logs against the preconditions specified in the documentation, and finds
that both devices were connected to a network and had initiated the sharing application’s thread;
however, the target destination folder shows no file was transferred. This indicates that the stack
trace error was caused by the file not being transferred correctly. Considering that the thread
had initiated properly and that no transfer-related logs were observed, the most likely reason
for the test failure is that the two devices were connected to different networks. Therefore, the
expert classifies the failure as a test environment issue, with the root cause being a connection
failure between the two devices due to different network environments. The recommended fix is to
check the IP addresses and network segments of both devices. In this instance, existing approaches
for root cause localization, fault localization, and GUI test script repair would fail to identify or
resolve the fault. This is because the root cause of the test failure lies not within the test script or
the application code, but in the configuration of the IP addresses and network segments of both
devices. Furthermore, the analysis of the failed test requires synthesizing information from multiple
sources—including logs, documentation, screenshots, and stack traces—which makes it difficult to
adapt previous work to the context of industrial mobile application testing.

In real-world scenarios, smartphone manufacturers typically need to test a large number of
applications, both in-house developed and third-party, to verify the functionality and compatibility
of different apps on different versions of devices. For example, our industrial partner, a leading
smartphone manufacturer, tests not only its apps, such as contacts, messaging, email, and to-do
lists, as well as system apps for network and security functions, but also the compatibility of widely
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popular third-party apps with the phones they produce. In this context, the continuous expansion of
numerous features in commercial applications leads to an increasing number of failed mobile tests
that need analysis, along with a growing volume and complexity of the associated information. For
instance, our industrial partner, a global smartphone manufacturer, generates approximately 7,000
failed mobile tests in a week, with each test involving tens of thousands of lines of logs and multiple
screenshots. The continuous evolution of multimodal information resulting from changes in both
applications and tests renders heuristic algorithms based on templates or keywords highly brittle
and prone to failure, whereas manual analysis is limited to approximately 1,500 tests per week.
The large volume of failed mobile tests requiring analysis, combined with the complex multimodal
information involved, poses significant challenges for engineers and creates an urgent need for an
automated method of analysis.

2.2 Problem Statement

A failed mobile test, as depicted in Figure 1, includes a test documentation, stack trace, log, and
screenshots. The test documentation contains the script’s name, ID, preconditions, operational
steps, and expected results, as well as the application under test and the features being tested. The
stack trace includes error messages and the call chain. The log records running information from
the instrumented application during the script’s execution, while the screenshots capture the
interface after certain operations within the script. Formally, let t = (d, e, L, S) be a failed mobile test
where d denotes the documentation, e denotes the stack trace, L denotes the log, and S denotes the
screenshots. Following the analysis of a failed mobile test ¢, an expert classifies it into a category c,
provides a root cause analysis r, and gives a repair recommendation g. In this context, ¢ is selected
from a predefined set of labels, such as requirement change issue or environment issue, while r and
g are natural language descriptions. Classification helps engineers efficiently narrow the debugging
scope, root cause analysis elucidates the reasons for the test failure, and repair recommendations
provide actionable guidance on how to resolve the bug. An analyzed failed mobile test can be
denoted as x = (t,A), where A = (c,r,g) denotes the analysis result. The problem we want to
address in this paper is how to effectively and efficiently analyze failed mobile tests to classify the
failed tests, give the root cause, and provide repair recommendations in industries.

Since analyzing failed mobile tests involves complex multimodal information and various failure
scenarios, requiring complex reasoning processes, traditional deep learning models may not be
sufficient to meet these demands. LLMs [2, 42, 51], which exhibit outstanding performance in
logical reasoning [1, 14, 35, 59], provide a promising solution to this problem. However, despite
the significant success of general LLMs, their effectiveness in analyzing failed mobile tests still has
certain limitations.

First, general LLMs often have little or no domain-specific knowledge of mobile testing, which
significantly limits their ability to effectively and efficiently analyze failed mobile tests [17, 39, 40, 62].
Specifically, when analyzing failed mobile tests, the model not only needs to possess general
knowledge but also needs to understand the knowledge specific to the mobile application testing
domain. More importantly, the model must have the capability to reason from multimodal feature
to analyze the failed mobile tests. Unfortunately, the data containing this knowledge can only be
collected from the mobile testing domain data or specific mobile applications and is not included in
general-purpose training corpora, severely limiting their effectiveness in analyzing failed mobile
tests. For example, GPT-5, a SOTA general LLM without exposure to mobile testing knowledge,
provides an incorrect analytical conclusion for the case in Figure 1, which classifies the failure
as a requirement change issue, determines the root cause to be that the receiving window closed
automatically, and recommends revising the script as the solution. Second, general LLMs are
capable of capturing semantic differences across various natural language inputs, enabling them
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to perform general tasks more effectively [42, 51]. However, when analyzing failed mobile tests,
subtle contextual differences that lead to vastly different analytical conclusions may stem not only
from the semantics of inputs but also from other aspects. For example, in two separate failures of
the same test case, a minor difference in the line numbers within the stack trace can point to a
completely different analysis result. General LLMs that have not been trained on mobile testing
knowledge may fail to capture or understand the specific subtle differences that can cause such
variations, particularly when dealing with long-sequence, multimodal inputs [17, 65]. This can
result in the model providing consistent outcomes for very similar cases that should lead to different
conclusions, thereby reducing the model’s effectiveness in analyzing failed mobile tests.

In summary, to effectively and efficiently analyze failed mobile tests to classify their failures,
identify the root cause, and provide repair recommendations in the industrial context, we need to
address the following challenges:

e Challenge I: How to inject the mobile testing knowledge and reasoning ability required
for analyzing failed mobile tests into the LLMs.

e Challenge II: How to enable LLMs to better capture the key part of the context that may
significantly impact analysis results.

2.3 Our Approach

To address the aforementioned challenges, we propose a novel LLM training framework named
ANADRoID, designed for effectively analyzing failed mobile tests in industrial settings. Specifically,
the design idea of ANADROID is twofold:

Utilizing bidirectional pre-training to enable the model to learn domain knowledge of
mobile testing and how to perform inference based on multimodal features. To enable LLMs
to efficiently analyze failed mobile tests, we propose a bidirectional pre-training technique that
pre-trains the large model on both forward and backward datasets. This approach allows the model
to learn the domain knowledge of mobile testing and enhance its reasoning capabilities based on
features from various modalities. The key insight here is twofold. First, the acquisition of knowledge
in LLMs primarily occurs during the pre-training phase [16, 69], and the failed test data and
analytical results inherently contain a substantial amount of mobile testing knowledge. Pre-training
on such data enables LLMs to effectively learn how to analyze failed tests. Second, most current
LLMs employ a left-to-right, decoder-only architecture for better natural language representation
and understanding. However, this architecture is not well-suited for analyzing failed mobile tests.
The reason is that the model’s representation of each token only incorporates information from its
left side, whereas an effective analysis of failed mobile tests requires consideration of the global
context [61]. To mitigate this limitation, we construct a bidirectional dataset by reversing input
sequences and conducting pre-training. The intuition is that by pre-training on a bidirectional
dataset, the LLM can capture information from both sides of the tokens and develop a more global
understanding of each sample, thereby enabling the model to analyze failed mobile tests more
efficiently. We will discuss how we pre-train the LLMs in more detail in Section 3.3.1.
Conducting preference optimization to enable the LLMs to better capture the key part of
the context that impacts analysis. To enable LLMs to provide more accurate analytical results, it
is crucial to ensure that they can capture subtle variations in the input that may have a significant
impact on the results. To achieve this objective, we employ preference optimization to enable
the model to capture these critical parts in the input. Specifically, preference optimization [13, 42,
45] trains the model to generate outputs that are labeled as more appropriate for a given input
while rejecting those labeled as less suitable. This approach allows for more precise control over
the model’s behavior, aligning it more closely with specific requirements. Through preference
optimization, for any two samples with highly similar inputs but different ground truths, we can
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Fig. 2. Overview of ANADROID.

label the ground truth of one sample as more suitable and mark the ground truth of the other sample
as less suitable to train the model. The intuition here is that by using preference optimization to
guide the model to output the correct answer while rejecting the answer corresponding to a similar
input, we can compel the model to capture the subtle differences in the input that cause variations
in the results, thereby enabling it to derive more effective analytical results. The details of the
preference optimization will be presented in Section 3.3.3.

3 Design
In this section, we first provide an overview of ANADRoOID workflow. Then, we elaborate on the
technical details of each component in ANADROID.

3.1 Overview

Figure 2 presents an overview of ANADROID, which consists of two main stages: Data Pre-processing
and Model Training. In the Data Pre-processing stage, we pre-process the analyzed failed testing data
collected from industrial partners to facilitate the subsequent construction of the model’s training
dataset. Specifically, we perform text pre-processing on stack traces and analysis results to shorten
text length, reduce noise in the data, and improve data quality. Then, we conduct screenshot under-
standing to extract semantic information from screenshots to use as input for the language model
to combine visual information. Finally, we perform log simplification to extract key information
from logs and reduce their size, mitigating truncation issues due to LLMs’ context length limita-
tions. In the Model Training stage, ANADRoOID further transforms the pre-processed intermediate
dataset into different training datasets and trains the model accordingly. First, we inject mobile
testing knowledge and reasoning capabilities into the LLMs through bidirectional pre-training
(BPT), enabling them to acquire the most fundamental analytical abilities. Second, we employ
instruction-following fine-tuning (FT) to teach the model to adhere to engineers’ instructions and
expose the knowledge and capabilities learned during the pre-training phase. Finally, we utilize
direct preference optimization (DPO) to enhance the model’s ability to identify critical aspects of
the input that may significantly impact the results, thereby enabling it to more effectively classify
failed tests, identify the root causes of failures, and provide repair recommendations. Next, we
describe each stage and the corresponding training process in detail.

3.2 Data Pre-Processing

In the data pre-processing stage, ANADROID processes each analyzed failed mobile test x = (¢, A) to
facilitate the subsequent dataset construction and training stage. Specifically, the data pre-processing
stage consists of three steps: text pre-processing, screenshot understanding, and log simplification.

Text Pre-Processing. During text pre-processing, we specifically address stack traces and analysis
results. This is because stack traces often contain redundant file paths and framework code, which
can increase the length of the input and computational overhead. Additionally, analysis results may
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include substantial noise, such as hardcoded IP addresses or meaningless statements like "already
fixed." Thus, we first retain only the call chains in the stack trace that are relevant to the mobile
test, removing information related to the library functions of the testing framework. Second, we
use regular expressions to replace hardcoded data in analysis conclusions with placeholders and
create a stopword list to filter out results containing only meaningless text. Note that although test
documentation is also in plain text format, we do not pre-process it because it has generally been
manually verified by engineers, and we consider it clean data.

Screenshot Understanding. Given the GUI-driven nature of mobile applications and the fact that
the success of most tests is judged by observing the GUI [43, 60], incorporating information-rich
screenshots into the analysis process can effectively assist in diagnosing failed mobile tests. However,
images cannot be directly input into language models. Therefore, we extract the content from the
screenshots, converting information from the image modality to the text modality. Specifically, we
use the visual model MiniCPM-O [63] to understand the screenshots. MiniCPM-O offers robust
visual understanding with fewer parameters, enabling faster inference [9, 63]. More specifically, we
first arrange all screenshots S corresponding to the failed test ¢ in chronological order. Then, we
input all the screenshots into the model, allowing it to understand the content of each screenshot and
output the corresponding descriptions. The primary reason for excluding UI structural information
and direct screenshots as inputs is that such data consumes substantial context space within
LLMs (or VLMs), potentially leading to attention dispersion and a subsequent decline in reasoning
performance. Our experimental results further validate this observation. Consequently, converting
screenshots into textual descriptions conserves the context window and enhances the model’s
comprehension of critical content, thereby boosting its overall analytical effectiveness. Although
our method of converting screenshots into textual descriptions may result in some information loss,
it conserves context length and ultimately yields superior performance. Selectively incorporating
UI structural information is a valuable direction for mitigating context length issues. However,
determining how to selectively filter UI elements based on information within the screenshots and
other modalities (such as logs) remains a challenging problem. Especially in our problem setting,
the localization of the root cause remains unclear, making it difficult to determine how UI structural
information should be filtered. Furthermore, discarding certain screenshots might degrade the
model’s ability to understand testing continuity. Therefore, we adopted the approach of converting
all screenshots into textual descriptions to alleviate context length constraints, and we plan to
actively explore this research area in future work.

Log Simplification. Logs provide detailed records of information that engineers consider useful
for debugging, such as whether an action was executed successfully, making them highly valuable
for analyzing failed tests. However, logs are typically large in scale, and directly feeding them
into the LLMs would exceed its context length constraints, causing the model to overlook other
information [57]. Therefore, it is necessary to pre-process the logs to reduce their size while
retaining key information. To achieve this, we compare the log against the document and the error
message in the stack traces using semantic similarity. This allows us to extract the log segments
that are semantically most relevant to the test case, thereby reducing the log volume. Specifically,
we first apply the SOTA log parsing tool Drain [18] to extract developer-written log messages
while filtering out metadata such as timestamps. We then utilize SentenceBERT [46] to compute
the semantic similarity between each log content and (1) the error messages, as well as (2) each
field in the documentation (e.g., preconditions and operation steps). For each log entry, we take
the maximum of these similarity scores as its final relevance score, rank all candidates based on
this metric, and retain the top-K segments as the simplified log input. By doing so, we can extract
semantically relevant information regarding configurations and action executions associated with
the test case.
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Table 1. The data template of each dataset. <A> indicates that the value of A is used to fill in template. Due to
space constraints, we only present the prompt used for root cause analysis. Replace ’root cause’ with ’repair
suggestion’ or ’classification’ to obtain the prompt corresponding to the other tasks.

Pre-training Dataset

Text: The information for the failed test is shown as follows: <Documentation>. <Screenshots>. <Log>.
<Stack Trace>. The corresponding root cause is <Root Cause>.

Text: The corresponding root cause of a failed test is <Root Cause>. The information includes:

<Stack Trace>. <Log>. <Screenshots>. <Test Documentation>.

Forward Pre-Training Template

Backward Pre-Training Template

Instruction-Following Fine-tuning Dataset

Input: Provide the root cause of the failed test based on the following information: <Test Documentation>. <Screenshots>. <Log>.
<Stack Trace>. The root cause is:
Output: <Root Cause>

Direct Preference Optimization Dataset

Input: Provide the root cause of the failed test based on the following information: <Test Documentation>. <Screenshots>. <Log>.
<Stack Trace>. The root cause is:

Chosen: <Ground-truth Root Cause>

Rejected: <Incorrect Root Cause>

3.3 Model Training

As discussed in Section 2.2, existing general LLMs face significant challenges in analyzing failed
mobile tests due to their lack of mobile testing knowledge. To address this challenge, we designed
a model training stage consisting of three steps to inject the required knowledge and reasoning
capabilities into the model. Specifically, the model training stage consists of three steps: bidirectional
pre-training, instruction-following fine-tuning, and direct preference optimization. Below, we explain
more details of each training step.

3.3.1 Bidirectional Pre-Training. We first construct a pre-training dataset and pre-train the LLMs.
The key insight here is that mobile testing knowledge and reasoning abilities are crucial for
analyzing failed mobile tests, and this knowledge is embedded in the historical data. Thus, we can
inject the knowledge required to analyze failed tests and the ability to reason based on input into
the LLMs through pre-training, as the learning of knowledge by LLMs primarily occurs during the
pre-training phase [16, 17, 69]. By this, we can effectively address the challenge of general LLMs
lacking the knowledge and reasoning capabilities, and enable the LLMs to classify failed mobile
tests and provide accurate root cause analysis and repair recommendations for failed mobile tests.

However, directly pre-training the LLMs is sub-optimal because current LLMs use a decoder-only
architecture, which means the model’s representation of each token only reflects knowledge from
its preceding context [2, 12, 51]. While this architecture provides stronger language modeling and
understanding abilities, it is not ideal for analyzing failed tests because the analysis of failed tests
requires considering not just the left-side context but the entire global context [61]. One potential
solution is to use other model architectures, such as bidirectional encoder-decoder [11, 34]. However,
prior work has shown that decoder-only architectures currently exhibit the best performance in
language understanding and reasoning [2, 51], which implies that switching to an alternative
architecture could lead to sub-optimal effectiveness in understanding the failed tests and reasoning.

To address this issue, we further introduced a bidirectional pre-training dataset during the
pre-training process. As shown in Table 1, we concatenate the data from analyzed failed test cases
as context and the analysis results as the answers to form the prompt of the forward pre-training
dataset. We then reverse all the information to obtain the prompt of the backward pre-training
dataset, as shown in Table 1. The intuition here is that through bidirectional datasets, large models
can learn information on both sides of tokens during pre-training and better understand samples
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holistically, without sacrificing the architecture’s advantage in understanding natural language
and reasoning [6]. By doing so, we can improve the effectiveness of LLMs in analyzing failed tests.
Specifically, let x,, = (t,, A,) denote the pre-processed analyzed failed test, where t, and A, are
processed test information and analysis result. Next, we fill the corresponding positions in the
bidirectional pre-training template with information from t, and A, resulting in the pre-training
data y. Then, we use y to pre-train the model, allowing the LLMs to predict the next token and
inject knowledge into the model. More specifically, let y = [sy,s2, ..., s,], where s; denotes the
individual tokens, the LLM is then pre-trained via minimizing the following loss function.

1 n
L= - ;logP(yi | y<i) (1)

where P(y; | y<;) is the conditional probability of the model generating the i-th token based on the
preceding i — 1 tokens.

3.3.2 Instruction-Following Fine-Tuning. After pre-training, we conduct instruction-following fine-
tuning (FT) to enable the LLMs to learn the style of human interaction and expose the knowledge
and reasoning capabilities that were already acquired during pre-training [42, 69]. Meanwhile,
since we are dealing with three distinct tasks—classification, root cause analysis, and repair rec-
ommendation—we need to employ different prompts to inform the model which task it should
currently address. Specifically, the template for the FT data is shown in Table 1. The input includes
the instruction that indicates the task to be completed along with test-related information, while
the output is the ground truth corresponding to the input. During FT, we feed the input into the
model and train it to predict the content of the output, eventually enabling the model to follow the
instructions and expose learned mobile testing knowledge. More specifically, we similarly fill the
processed test information and analysis results into the corresponding positions in the FT template
to obtain the FT data. Let u denote the input sequence and y = [s1, 53, ..., S,] denote the output
sequence. We then fine-tune the LLMs via the following loss function.

l n
L= —;;logP(yilu, Y<i) (2)

where P(y;|u, y<;) is the conditional probability of the LLMs generating the i-th token in y based on
the u and preceding i — 1 tokens in y. Note that for the classification task, we follow the practices of
prior LLM benchmarks, in which the model is provided with a complete list of predefined categories
and is instructed to output the corresponding index number as its classification result [19, 53]. This
approach can minimize the generation of extraneous content unrelated to the classification.

3.3.3 Direct Preference Optimization. After FT, we perform direct preference optimization (DPO)
on the LLMs to enable them to better capture subtle variations in the input that may lead to different
analysis outcomes, thereby enhancing the effectiveness of the LLMs in analyzing failed mobile tests.
The key insight here is that by employing preference optimization to make the model output the
answer corresponding to the given context and reject answers corresponding to extremely similar
contexts, we can compel the model to better capture the result variations caused by contextual
differences, thereby enhancing its performance. We utilize DPO instead of reinforcement learning
with human feedback (RLHF) [42]. The reason is that RLHF is a complex and unstable process that
requires additional training of a reward model, which incurs extra costs [45]. In contrast, DPO
consumes fewer computational resources and offers a more stable training process.

Specifically, we first need to generate the corresponding preference optimization dataset. The
format of each data in the dataset is shown in Table 1. The input is consistent with the FT dataset,
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where chosen refers to the correct analysis result corresponding to the input, and rejected refers to
the result that needs to be rejected. To generate the rejected, we iterate through the entire dataset
and calculate the semantic similarity between the current and other data. The data with the highest
semantic similarity to the input, but where the result has the lowest semantic similarity to the
chosen, will be selected, and the corresponding result will be treated as the rejected. More specifically,
let D denote the pre-processed dataset, and x, represent an analyzed failed test within it. Then,
Z);, = D\ {x,} denotes the remaining data without x,. For each sample in Z)I’J, we calculate a score
defined as the ratio S,/S;. Here, S, and S; denote the semantic similarities between the sample and
Xp in terms of their results and inputs, respectively. We employ SentenceBERT, an efficient tool
for semantic similarity computation, to obtain these scores. We then use this score to rank the
analysis results corresponding to each data x; in O, and obtain the ascending sequence. Finally,
the first element in the sequence that differs from the chosen is selected as the rejected for x,. We
then conduct DPO on the LLMs via the following loss function [45].

Po. (yw|u) _ flo Po. (yi|u)
Poy (ywlu) Po, (yilu) ™~

where o is sigmoid function, f is temperature parameter, u denotes the input sequence, y,, denotes

L =-loga(flog 3)

the chosen sequence, and y; denotes the rejected sequence. Let 8* represent the parameters of the
LLM currently being trained, and 6, represent the parameters of the reference model (i.e., the LLM
before DPO). The probabilities Pg- and Py, are computed using the two respective models. Eq. 3
performs preference optimization by ensuring the LLM has a higher probability of generating y,,
and a lower probability of generating y; compared to the reference model, eventually encouraging
the model to favor generating the chosen rather than reject. By doing so, we enable the model
to better capture the subtle differences that can lead to different analytical conclusions, thereby
further enhancing its effectiveness in analyzing failed mobile tests.

3.3.4 Inference. After the training process, we can use the LLM for inference. Specifically, for
a newly generated failed mobile test, we pre-process it and fill the preprocessed test data into
the fine-tuning template to obtain the corresponding input prompt. The model will output the
corresponding answer by feeding the prompt into the model. More specifically, let ¢ represent a
failed test and ¥ denote the trained LLM. We then populate the fine-tuning template with the ¢ to
generate the corresponding prompts uc, u,, and u, for the classification, root cause analysis, and
repair recommendation, respectively. Finally, F (u.), ¥ (u,), and F (u,) are taken as the model’s
outputs for the classification, root cause analysis, and repair recommendation, respectively.

4 Evaluation
We evaluate ANADRoOID on the following research questions:

e RQ1: How does ANADROID’s effectiveness compare to baselines on failed mobile test classification,
root cause analysis, and repair recommendations?

e RQ2: How does ANADROID perform in the cross-project scenario?

e RQ3: How do different variants of ANADROID perform (i.e., ablation studies on different modules
and features)?

e RQ4: How does ANADROID perform when deployed in an actual production environment?

e RQ5: What are the time costs of ANADROID?

4.1 Evaluation Setup

Benchmark. To answer the RQs, we collaborated with our industrial partner, which operates
multiple smartphone product lines worldwide. They provided us with failed mobile tests generated
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during the unit test of different mobile applications. The mobile tests cover functionalities such
as operating systems, power consumption, security, networking, various applications, and third-
party application compatibility. Each failed test includes the corresponding documentation, stack
traces, screenshots, logs, and analysis results. Following data pre-processing and deduplication,
we have 284,552 failed tests across 278 applications, averaging 1,023 failed tests per application.
The engineers classified these test failures into five categories: Test Framework Issues (4.78%),
Environment Issues (22.55%), Script/Test Case Issues (44.12%), Requirement Change Issues (13.15%),
and Implementation Issues (15.37%). We provide a detailed explanation of each category on our
project website due to space limitations. Since the test data involves defects in commercial mobile
devices and software, we have anonymized all the data. Specifically, we anonymized the names
of all tested applications and test scripts, retaining only the categories of the applications and the
functionalities and identifiers of the test scripts. Additionally, we have released some sanitized test
cases as reference examples. All data are included in our project website. Note that the effectiveness
of ANADROID is not dependent on a specific dataset, as mobile testing processes universally generate
corresponding screenshots, logs, stack traces, and documentation related to test scripts. The large-
scale dataset we used originates from a worldwide smartphone manufacturer, encompassing a
broad range of tested applications and testing functionalities, ensuring sufficient generalizability.
Therefore, we believe that ANADROID can also be adapted to other mobile testing datasets.
Baselines. To the best of our knowledge, we are the first to attempt training LLMs to perform
failure classification, root cause analysis, and provide repair recommendations for failed mobile
tests. Consequently, we conduct comparative experiments using vanilla LLMs, RAG-enhanced
LLMs, and various variants of ANADROID. In addition to LLM-based approaches, we compare
our method against traditional neural models, namely Seq2Seq [49] and Transformer [52]. The
vanilla baseline refers to the direct application of LLMs for inference without prior exposure to the
dataset. For RAG, we selected three retrieval mechanisms, namely SentenceBERT [46], DPR [23],
and ColBERT [24]. Note that due to space constraints, the table only presents the best-performing
retrieval mechanism (i.e., DPR) for RAG. The complete results have been made available in the
data directory of the anonymous repository.

Models. To ensure a comprehensive evaluation, we incorporate models of diverse architectures and
parameter scales, namely ChatGLM3-6B-Chat (ChatGLM-6B), Qwen2.5-7B-Instruction (Qwen-7B),
Qwen2.5-32B-Instruction (Qwen-32B), and DeepSeek-R1-32B (DeepSeek-32B). We also evaluate
Vision-Language Models (VLMs), specifically Qwen2.5-VL-7B-Instruction (Qwen-VL-7B), Qwen2.5-
VL-32B-Instruction (Qwen-VL-32B), and Qwen3-VL-30B-Instruction (Qwen3-VL-30B). Due to com-
putational resource constraints, Qwen-VL-32B is exclusively utilized for the vanilla and RAG
configurations. Unless specifically stated, the experiments were conducted using ChatGLM-6B
as a base LLM. Due to data security concerns—which preclude the use of third-party LLMs like
GPT-5—and inherent computational constraints in industrial settings, our research focuses on
smaller, locally deployable models and single-turn dialogue. Even within large corporations, avail-
able resources are still limited. Therefore, enterprises aim to address this problem by utilizing the
most efficient resources and models.

Evaluation Metric. For the failure classification (CLS) task, we directly use classification accuracy
and Macro-F1 as our evaluation metrics. Macro-F1 [41] is designed to evaluate the average perfor-
mance of a model across all classes under multi-class and class-imbalanced scenarios. As discussed
in the introduction, our scenario involves more complex root causes, such as network issues and
hardware malfunctions, which require an expert to analyze the failed test and assign rectification
tasks to different personnel. Therefore, our primary objective is to generate the root cause analy-
sis (RCA) and repair recommendations (RR) in natural language. Therefore, we adopted widely
used metrics from natural language generation tasks [49, 52, 58]. Specifically, we use BLEU-4 [44],
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ROUGE-L [33], and SentenceBERT with Cosine Similarity [48] as evaluation metrics. BLEU-4 and
ROUGE-L are text similarity metrics that compare the count of n-grams in the generated result
against the ground truth. SentenceBERT with Cosine Similarity (SBCS) is a semantic similarity
metric that uses SentenceBERT to compute the embeddings of both the generated result and ground
truth, then calculates their cosine similarity. The higher these three metrics, the closer the model’s
output is to the correct result, indicating better model performance. To further evaluate the per-
formance of RCA and RR, we conducted a human evaluation (HE) involving engineers from our
industrial partner who manually assessed the model outputs. Following established sampling guide-
lines [7, 25], we selected 384 samples to achieve a 95% confidence level with a 5% margin of error.
To ensure objectivity, each sample was independently evaluated by four professional engineers,
with inter-rater reliability assessed via Fleiss’ Kappa [15], as it generalizes Cohen’s Kappa [8] for
scenarios involving more than two raters. The resulting score of x = 0.73 indicates substantial
agreement according to standard criteria [26]. Any remaining disagreements were subsequently
resolved through consensus-building discussions.

Evaluation Scenario. RQ1 investigates the performance of the ANADROID in a within-project
setting, where data from different applications populate both the training and testing sets. In this
scenario, we employ ten-fold cross-validation, where each iteration uses nine folds for training
and the remaining one fold for evaluation. In practice, new applications not included in the dataset
will be developed. Therefore, we need to evaluate the performance of ANADROID in a cross-project
scenario in RQ2. In this RQ, we utilize the ten-fold cross-validation, which uses the model to analyze
all failed tests of applications from one fold while training the model on data of applications from
the remaining nine folds. In addition to RQ1 and RQ2, in RQ4 we evaluated the performance of
ANADROID in a real-world production environment. Specifically, we deployed the model into the
testing system of our industrial partner and manually assessed its effectiveness during the first
month of deployment.

Implementation. We use Llama-Factory [68], an open-source framework that enables efficient
training of LLMs, to implement ANADROID. We employ LoRA [20] in all training processes to
improve training efficiency. For the parameters in ANADROID, We employed grid search to determine
the optimal parameter combination. Due to space limitations, all hyperparameters and detailed
training configurations have been included on our project website. Since our models were trained
on specific defect data from the company, we are unable to open-source them to prevent potential
reverse engineering attacks. All experiments are conducted on a workstation with Intel(R) Xeon(R)
Gold 6248R CPU, 144 GB memory, and two Nvidia A100 GPUs, running Ubuntu 22.04.

4.2 RQ1: Effectiveness

The objective of this RQ is to evaluate the effectiveness of ANADRrRoID. We conduct a comparative
analysis of ANADROID against four baselines using different models outlined in Section 4.1 to assess
their performance on the tasks of classification, root cause analysis, and repair recommendations.
Results are detailed in Table 2.

Analysis of Table 2 yields notable insights: First, existing general LLMs are almost incapable
of failure classification and providing effective root cause analysis and repair recommendations
for failed mobile tests. In particular, the base LLMs, including the 32B model, achieved the lowest
performance on different metrics for both tasks. Despite leveraging RAG for context augmentation,
small-scale general LLMs underperform relative to traditional neural architectures. For models
below 10B parameters, RAG exhibits a significant performance gap in RCA and RR tasks, trailing
Transformers by 12.84% and 12.9% in average HE scores. This performance deficit persists even for
some LLMs beyond the 10B threshold, where RAG still fails to match Transformer models in human
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Table 2. Comparison with Base and RAG at three tasks. CLS, RCA, and RR represent classification, root cause
analysis, and repair recommendation, respectively; SBCS represents the cosine-based semantic similarity
calculated by SentenceBERT.

Techniques ‘ Models ‘ CLS RCA RR
| | ACC Macro-F1 | BLEU ROUGE SBCS HE | BLEU ROUGE SBCS HE
Traditional Neural Models
Seq2Seq / 4013 3007 | 3039 3974 5053 47.26 | 3178 4217 5127 4429
Transformer / 4277 3174 | 3374 4415 5217 4538 | 3446 4553 5288  46.65

Open Source Model (<10B)

ChatGLM-6B 16.42 12.35 143 5.94 2347 10.74 0.67 2.53 26.21 11.16
Vanilla Qwen-7B 15.38 11.67 1.56 5.38 24.11  10.92 0.35 1.51 24.63 1047
Qwen-VL-7B 12.74 9.57 1.04 4.11 1952 9.92 0.33 1.27 18.38 9.3

ChatGLM-6B 39.96 32.17 23.29 33.26 49.88 3929 | 23.37 32.87 47.88  37.78
RAG Qwen-7B 41.27 33.61 22.41 35.42 47.82  39.55 | 23.59 34.61 49.35  40.63
Qwen-VL-7B 36.41 28.74 19.87 27.33 40.13  32.47 | 17.67 28.72 42.09 3291

ChatGLM-6B | 81.32 74.69 62.77 73.27 72.38 77.48 | 73.92 78.44  80.42 80.82
ANADRoOID Qwen-7B 82.16 75.37 65.43 75.15 74.26 78.52 | 71.33  75.16  79.83 81.34
Qwen-VL-7B | 77.45 69.88 60.52 71.38 70.17 7243 | 6849 7285 77.34 75.26

Open Source Model (>10B)

Qwen-32B 23.36 17.92 2.06 7.59 29.21 1355 1.32 3.84 28.53 1812

Vanilla DeepSeek-32B | 22.47 17.34 1.94 7.13 28.84 11.39 1.07 3.32 28.47 18.44
Qwen-VL-32B 22.83 17.51 1.88 6.84 27.63  13.42 0.91 3.13 27.69  16.39
Qwen3-VL-30B | 24.32 194 4.23 11.53 29.68  21.83 2.26 7.44 30.04  23.55

Qwen-32B 50.82 41.75 29.59 40.62 51.1 43.04 | 28.78 35.29 51.88  42.62

RAG DeepSeek-32B | 47.73 39.02 29.41 40.52 50.73  45.59 | 31.83 37.66 53.04 4742
Qwen-VL-32B 46.53 37.86 24.85 33.87 4513 39.07 | 2441 34.92 47.51  39.64
Qwen3-VL-30B | 46.98 37.88 25.11 34.42 4579 3928 | 24.78 35.38 48.41  40.05

ANADROID Qwen-32B 86.39 83.14 73.47 8186 82.45 82.62 | 80.32 86.48 85.77 84.16

DeepSeek-32B | 87.34 83.86 74.52 82.3 82.87 82.43 | 80.74 87.52 86.45 84.37

evaluations. These results indicate that general-purpose LLMs only achieve inferior effectiveness
in analyzing the failed mobile application tests.

Second, ANADROID consistently outperforms all compared baselines across various tasks and
metrics, regardless of the model scale. Specifically, for LLMs with fewer than 10B parameters,
ANADRoID achieves accuracy improvements ranging from 87.7% to 104.8% and Macro-F1 improve-
ments from 130.9% to 143.8% over Seq2Seq, Transformer, and RAG in classification. Furthermore,
in the human evaluation of RCA and RR, ANADROID surpasses the top-performing baseline by an
average margin of 64.3% and 74.0%, respectively. In RAG, DPR proved to be the most effective. In
the HE evaluation for the RCA task, using Qwen-7B as the base model, AnaDroid achieved relative
improvements of 98.5%, 111.2%, and 176.1% over DPR, ColBERT, and SentenceBERT, respectively.
The experimental results underscore the effectiveness of ANADRoOID. Through a customized train-
ing strategy that incorporates mobile testing knowledge and enables the LLMs to capture critical
contextual information, ANADROID substantially boosts the performance of LLMs in the analysis
of failed mobile tests.

Third, we found that scaling up the model size does not significantly enhance the effectiveness of
both Vanilla and RAG. This observation suggests that when a model lacks the requisite knowledge,
simply increasing its scale is insufficient to achieve satisfactory performance, further underscor-
ing the necessity of developing tailored training strategies. Moreover, our experimental results
indicate that utilizing all raw screenshots for end-to-end reasoning with VLMs actually leads to a
decline in overall effectiveness. Specifically, in the RCA task, ANADRoID integrated with Qwen-7B
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Table 3. Cross-project effectiveness on different techniques. CLS, RCA, and RR represent classification,
root cause analysis, and repair recommendation, respectively; SBCS represents the cosine-based semantic
similarity calculated by SentenceBERT.

Techniques ‘ Models ‘ CLS RCA RR

| | ACC Macro-F1 || BLEU ROUGE SBCS HE || BLEU ROUGE SBCS HE
Traditional Neural Models

Seq2Seq / 27.59 2077 1258 2164 3518 243 || 1533 2491 3744 2278

Transformer / 304 2349 1406 2283 3633 2482 || 1893 3032  40.25 2336
Open Source Model (<10B)

ChatGLM-6B | 24.52  17.94 647 1246 2962 1953 || 497 1134 3059 16.74

RAG Qwen-7B 2677 1978 829 1428 2844 1914 || 557 1196 2986 172

Qwen-VL-7B | 20.16 1431 772 1392 2873 19.22 || 523 1182 2733 1638

ChatGLM-6B | 53.74 40.68 40.83 55.18 62.47 58.74 || 46.22 60.67 66.82 62.27
ANADRoOID Qwen-7B 54.33 41.24 41.24 56.2 64.05 60.28 || 48.51 62.74 68.49 64.54
Qwen-VL-7B | 50.14 36.11 38.66 52.87 60.32 55.35 || 42.63 57.11 63.25 58.6

Open Source Model (>10B)

Qwen-32B 32.77 25.87 14.09 22.8 38.68  28.74 16.58 25.24 37.32 3152

RAG DeepSeek-32B | 33.45 26.23 17.52 26.69 39.07  30.81 18.14 28.39 38.97 33.62
Qwen-VL-32B 26.59 20.65 13.24 21.55 3548  24.62 12.08 20.49 33.47  26.54
Qwen3-VL-30B | 26.63 20.72 13.95 22.12 3593 24.77 12.13 20.64 34.03 2641

ANADROID Qwen-32B 61.5 51.33 H 48.36  60.47 66.59 64.72 H 51.58 67.24 70.36 68.83

DeepSeek-32B | 62.61 52.49 48.82 61.12 66.72 64.78 || 51.74 67.13 70.21 68.79

outperformed Qwen-VL-7B by 8.4% in terms of HE. Notably, even Qwen2.5-VL-32B yields worse
performance than the text-only Qwen2.5-7B optimized by AnaDroid. Furthermore, the perfor-
mance of the state-of-the-art Qwen3-VL-30B still fails to surpass that of our AnaDroid-optimized
Qwen2.5-7B baseline. A plausible explanation is that processing multiple raw screenshots rapidly
inflates the context length, which induces attention dilution and consequently impairs the model’s
reasoning capabilities. Thus, we convert screenshots into descriptions in ANADRoOID rather than
directly input into the VLMs.

4.3 RQ2: Cross-Project Effectiveness

In RQ2, we further evaluate the effectiveness of ANADROID in a cross-project scenario. Table 3
presents the comparison results between ANADROID and different baselines. Note that for the
Vanilla method, the results for cross-project and within-project scenarios are identical, as both
involve directly inputting the data requiring inference into the model without utilizing the training
set. From Table 2 and Table 3, we observe that the performance of traditional neural models, RAG,
and ANADROID experience a certain degree of decline in the cross-project scenario. For example,
there is a 24.18% decrease in the human evaluation of ANADRoOID in RCA. This is reasonable
because, in a cross-project scenario, the screenshots, logs, and other features involved in failed
tests differ significantly from the distribution in the training set. Furthermore, we observe that
traditional neural models exhibit the most significant performance degradation. Specifically, the
performance of Seq2Seq and Transformer on the HE of RCA tasks decreased by 48.5% and 45.3%,
respectively. This decline may be attributed to the insufficient capability and capacity inherent in
traditional models. Despite a performance decline, ANADROID still outperforms other baselines.
For instance, ANADROID with Qwen-7B shows improvements of 62.42% and 57.22% in accuracy
and Macro-F1 compared with the strongest baseline, RAG with DeepSeek-32B. Similar trends are
observable across other tasks and metrics. This result demonstrates that the pre-training and direct
preference optimization stages enable the model to more effectively learn how to reason from
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Table 4. Comparison of cross-project RCA perfor-  Table 5. Comparison between our reversal strategy
mance between ANADRoID and ANADRoID w/ RAG. with sliding window attention.
Method BLEU ROUGE SBCS HE Strategy BLEU ROUGE SBCS HE
ANADROID 4124 5620 64.05 60.28 SWA 57.36  64.73 67.61 70.79
ANADROID w/ RAG 47.65 59.44 67.49 66.52 ReversalStrategy 65.43  73.15 74.26 78.52

the available data, thereby enhancing its generalization ability in cross-project scenarios. We also
introduced few-shot examples from a new project into the Qwen-7B model trained via AnaDroid
to evaluate to what extent these examples can improve cross-project RCA performance during
inference. Specifically, with the integration of RAG, the Qwen-7B model trained by AnaDroid
achieved BLEU, ROUGE, SBCS, and HE scores of 47.65, 59.44, 67.49, and 66.52, respectively, on the
RCA task. From the experimental results, we observed that this approach yielded an additional
relative improvement of approximately 10.3% in the human evaluation metrics for RCA.

4.4 RQ3: Ablation Study

Effect of Different Components. In particular, we consider the following five variants of
ANADRoID: ANADROIDF only conducts fine-tuning. ANADROIDpr removes the DPO. ANADROIDFp
removes the bidirectional pre-training. ANADROIDFy removes the backward dataset in pre-training.
ANADROIDgyy removes the forward dataset in pre-training. Figure 3 shows the experimental results,
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Table 6. Ablation study of DPO negative example Table 7. Sensitivity analysis of log lengths.
selection strategy.

CLS RCA RR

Length Range —
RCA BLEU ROUGE SBCS HE Accuracy HE HE
SentenceBERT 65.43 73.15 74.26 78.52 < 5000 82.37  78.66 81.52
Random 37.42 50.52 58.23 61.82 5000 - 15000 82.06 7831 81.44
EditDistance 47.25 60.37 62.82 67.87 > 15000 82.25 7843 81.26

and we have the following observations. First, removing any training stage in ANADROID leads
to a decline in effectiveness. This indicates that each training stage of ANADROID contributes to
its effectiveness. Second, when comparing ANADROIDF, ANADROIDpr, ANADROIDFp, we found
that pre-training is the most important stage among the three training processes, as the variants
without pre-training showed the largest performance loss. Specifically, ANADROIDpf achieves an
improvement of 15.3% and 9.6% in HE on the RCA task compared to ANADROIDF and ANADROIDFp,
respectively. This is because pre-training is the most crucial process for injecting knowledge
into LLMs, effectively improving the model’s effectiveness in analyzing failed tests. Furthermore,
ANADROIDpf achieves a 13.98% reduction in HE for the RR task compared to ANADRroID. This indi-
cates that DPO enables the model to more effectively capture critical information within the input,
thereby enhancing its overall effectiveness. Third, by comparing ANADROIDFy and ANADROIDgyy,
we observed that both forward and backward data contribute to performance improvements. This
indicates that our proposed bidirectional pre-training can, to a certain extent, enhance the model’s
performance in analyzing failed tests.

Effect of Different Features. We also conducted ablation studies on different features. Specifically,
we considered the following five variants: excluding screenshots, excluding documentation, exclud-
ing logs, excluding stack traces, and incorporating UI structural information. Figure 4 shows the
experimental results, and we have the following observations. First, each feature contributes to the
overall performance. Specifically, the accuracy of classification follows an ascending order across
the variants, excluding logs, screenshots, documentation, and stack traces, respectively. Similar
trends are observed across other metrics. These results indicate that the relative importance of these
features, from highest to lowest, is as follows: logs, screenshots, documentation, and stack traces.
Second, we observed that incorporating UI structural information leads to a marginal decline in
the model’s effectiveness. For instance, on the RCA task, the performance in terms of HE decreased
by 3.84% after adding structural information. This may be attributed to the inherent complexity of
UI structures; moreover, when multiple screenshots are involved, the simultaneous insertion of
structural information for each interface significantly increases the context length. Recent stud-
ies [17, 65] indicate that such expansion can lead to attention dispersion, thereby degrading the
model’s performance during inference.

We also evaluate the per-modality contribution across failure types. We evaluate this by mea-
suring the model’s classification performance across different failure types after removing each
modality. From the experimental results in Figure 5, we observe the following: First, removing
screenshot information causes the most significant drop in the model’s classification accuracy
for script/test case issues and implementation issues. This indicates that the textual information
derived from screenshots effectively assists the model in evaluating actions or behaviors within the
scripts, as well as identifying potential flaws in the application’s implementation. Second, the re-
moval of log information results in the most pronounced degradation in classification performance
for testing framework and test environment issues. This is likely because logs contain extensive
records regarding the framework and environment; consequently, their removal leads to a sharp
decline in performance across these two categories. Third, documentation is crucial for the model
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Table 8. Practical evaluation results of ANADROID-
trained ChatGLM3 during a one-month deployment  Table 9. Training time cost of different training
period. stages.

CLS RCA RR Training Stage PT FT DPO TOTAL

ACC Macro-F1 HE HE Training Time 8.85h 7.31h 14.28h 30.44h

84.38  78.28  78.44 81.83

to determine whether an issue stems from requirement changes, as it records detailed testing speci-
fications. Finally, introducing structural information does not yield performance improvements
in any specific issue category, which aligns with our previous analysis that incorporating extra
context can distract the model’s attention.

Comparison of the Sequence Reversal Strategy with Sliding Window Attention. We con-
ducted an ablation study on the RCA task using Qwen2.5-7B to compare the sequence reversal
strategy with sliding window attention (SWA). The experimental results are presented in Table 5.
From the table, we observe that the reversal strategy is more effective than sliding window attention.
A plausible explanation is that the reversal strategy operates at the data level to encourage the
model to learn associations in both directions, thereby better enhancing its reasoning capabilities on
domain-specific problems. In contrast, sliding window attention requires restricting the attention
window for each token; while this extends the supported context length, it may inadvertently
compromise the model’s reasoning ability.

Effect of the DPO Negative-Example Selection Strategy. We compared three negative-example
selection strategies for DPO on Qwen2.5-7B and root cause analysis (RCA): SentenceBERT-based
semantic retrieval, random sampling, and edit-distance-based selection (Levenshtein distance).
Table 6 shows the experimental results. From the table, we observe that under the same DPO
training framework, the SentenceBERT-based strategy improved human evaluation scores for
RCA by 27.0% over random sampling, and by 15.6% over edit-distance-based selection. We further
observed that random sampling can introduce noisy pairs and even degrade overall performance.
Conversely, edit-distance-based selection is highly susceptible to superficial lexical differences
rather than capturing true semantic relevance. These empirical observations directly motivated
our decision to utilize SentenceBERT for constructing negative examples.

Sensitivity Analysis of Log Lengths. We categorized the applications into three groups based on
their log lengths: fewer than 5,000 lines, between 5,000 and 15,000 lines, and exceeding 15,000 lines.
Subsequently, we evaluated the same top-k setting on each group independently using Qwen2.5-7B.
Table 7 shows the experiment results, and we find that the maximum variation gap across the
three log-length groups is merely 0.35 percentage points in RCA, 0.26 percentage points in repair
recommendation, and 0.31 percentage points in failure classification. These minimal variances
indicate that our log simplification strategy remains stable across different log-length distributions.

4.5 RQ4: Practical Evaluation

To further evaluate the effectiveness of ANADRoID, we deployed an LLM trained with our frame-
work into the testing system of our industrial partner to assess its performance in a real-world
production environment. Specifically, we collected the outputs from the LLM during its first month
of deployment and had the partner’s engineers manually evaluate their accuracy. In total, we
collected 11,304 failed mobile tests for this evaluation. Noted that during the deployment period,
the executed mobile tests involved new application versions and features. Consequently, the data
distribution encountered during deployment deviated from that of our original training set. Table 8
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presents the results of the manual evaluation. From the table, we can observe that the model trained
with ANADROID achieved promising results in this practical deployment. In particular, ANADROID
achieved an accuracy of 84.38% on the failure classification task. For root cause analysis and repair
recommendations, the model achieved accuracies of 78% and 81%, respectively, based on the manual
evaluation by our partner’s engineers. These results confirm the effectiveness of ANADROID in
a real-world setting and demonstrate its generalization capabilities. Complex mobile testing in
industrial settings often involves analyzing a vast number of failures, each potentially containing
tens of thousands of log lines and several screenshots, posing a significant challenge for engineers.
We also measured the impact on the engineer analysis efficiency before and after the model’s
deployment. Before deployment, an engineer analyzed an average of 8.5 failed tests per day; this
number increased to 16.3 per day after the model was deployed. This result demonstrates that
ANADROID can effectively enhance the analytical efficiency of engineers. Through an informal
interview, developers confirmed the practical usefulness of ANADROID.

4.6 RQ5: Efficiency

This RQ empirically analyzes the efficiency of ANADRoID. Table 9 presents the time cost of each
training stage of ANADROID. As shown in this table, the complete training on the full dataset (284k)
takes approximately 30 hours, with the direct preference optimization process taking the most time,
nearly half of the total duration. This is because the optimization process is more complex, requiring
the model to output chosen and not output reject. Nevertheless, it is important to emphasize that
ANADRoID achieves significantly better performance in analyzing failed tests than the baselines, as
demonstrated in Section 4.2. Therefore, we believe the time cost of ANADRoID is worthwhile for
achieving better models. Furthermore, considering that the training process is offline, the training
time of ANADRoOID is also acceptable in practice.

5 Discussion

Threats to Validity. The main threat to internal validity lies in the technical implementation
of ANADROID, the compared approaches, and experimental scripts. To mitigate this threat, we
developed ANADROID based on widely used libraries and employed the original implementations of
the compared approaches and base models. We have reviewed the source code of ANADRroOID and
experimental scripts thoroughly. The main threat to external validity may be tied to the benchmark
used in our study. To reduce this threat, we perform experiments on an industrial dataset provided
by our industrial partner, which contains 284k failed tests from 278 software and covers diverse
functionalities. Furthermore, we compare ANADRoID with four baselines across six open-source
LLMs in our experiments. The main threat to construct validity lies in the parameters in ANADROID
and metrics used in experiments. To mitigate this threat, we present the detailed parameter settings
on our project site. To reduce the threat from metrics employed, we employed various metrics that
are widely used in prior text generation studies [49, 58] and multi-class classification [41].

Generalizability of ANADROID. ANADROID has demonstrated remarkable effectiveness in analyz-
ing failed mobile tests. Nevertheless, we believe its key insights can also be further generalized to
other domains in the future. The generalizability of ANADROID comes from two aspects. First, our
experiments demonstrate that models trained with ANADROID can effectively and automatically
analyze failed mobile tests in industrial scenarios, achieving promising results. The large-scale
dataset we used contains 284K samples, covering over 200 applications and a diverse range of error
types, thereby spanning a wide spectrum of mobile application testing scenarios. Therefore, we
believe the framework provided by ANADROID can also be applied to other mobile application
testing datasets from industrial contexts. Second, the key insight of ANADROID concerns how to
preprocess data and use it to train LLM for solving analysis problems, in a manner that is decoupled
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from specific platforms or UI frameworks. Thus, even if new Ul standards, testing frameworks, log
formats, or other platforms similar to mobile devices (such as smart TVs) emerge in the future, the
principles of ANADROID can still be applied. By using relevant, problem-specific datasets, LLMs
can be trained to address the unique challenges of these new environments.

6 Related Work

LLM for Mobile Testing. As LLMs exhibit outstanding performance in natural language un-
derstanding and logical reasoning, SE researchers have widely applied them to various SE tasks,
achieving significant progress. Despite the extensive application of LLMs in mobile testing, these
efforts have predominantly focused on GUI testing rather than the automated analysis of mobile test
failures—specifically, classifying failures and providing root cause analysis and repair suggestions
in natural language. Consequently, existing research on LLMs for GUI testing is difficult to adapt to
our task. To date, existing LLM-based research has primarily concentrated on automatic GUI test-
ing [35], test script migration [3, 67], test script generation [29, 64], bug report reproduction [14, 21],
and text input generation [36, 37]. To the best of our knowledge, no prior work has utilized LLMs to
classify failures in mobile testing and to generate root cause analyses and repair recommendations
in natural language. ANADROID is the first to utilize three different training tasks in LLM for mobile
testing, injecting the knowledge and reasoning abilities required for analyzing failed tests into
the LLMs, enabling it to effectively classify failure, provide root cause analysis, and give repair
recommendations.

Specialized LLM. Training specialized LLMs has been widely applied in various fields, such as
finance [54, 62], law [10, 40], code [39, 47], and IT operations [17]. The most common approach
to training LLMs in specific domains is to fine-tune a pre-trained general LLM using a small
domain-specific dataset. LawGPT [40] fine-tunes GPT-3 using legal domain data, enabling the
model to answer legal questions, generate legal documents, and provide legal advice. Additionally,
another common strategy is to continue pre-training the LLM on domain-specific data. CodeL-
lama [47] pre-trains the model through code infilling tasks, such as predicting missing parts of
programs, thereby training a large code model capable of code completion, type inference, and
more. BloombergGPT [54] collects English financial documents from the past 20 years, including
news, filings, and press releases, and uses this data as a training corpus to pre-train a LLM for tasks
such as sentiment analysis and news classification. To the best of our knowledge, we are the first to
employ three distinct training processes on domain-specific tasks to enhance the model’s reasoning
capabilities on domain data, and also the first to leverage a specialized LLM to address the problem
of failed mobile test analysis.

7 Conclusion

In this paper, we propose ANADROID, a novel LLM training framework, designed to effectively
analyze the failed mobile tests to classify failure, provide root cause analysis and repair recommen-
dations. The training process of ANADROID consists of three steps. First, we inject domain-specific
knowledge into the LLM through pre-training and a bidirectional dataset, enhancing the model’s
reasoning ability for domain-specific tasks. Second, we fine-tune the model through instruction-
following to expose the knowledge and capabilities acquired during pre-training and teach the
model the desired interaction style. Finally, we apply direct preference optimization to help the
model better capture key contents in the input that could significantly influence the analysis results,
further improving the LLM’s effectiveness in analyzing failed tests. Our experimental results show
that after training with ANADRoOID, the LLM’s performance in providing root cause analysis and
repair recommendations is significantly improved, demonstrating the effectiveness of ANADROID.

Proc. ACM Softw. Eng., Vol. 3, No. ISSTA, Article ISSTA006. Publication date: October 2026.



Automated Classification, Root Cause Analysis, and Repair Recommendations for Failed Mobile Testing...  ISSTA006:21

8 Data Availability

ANADRoID is publicly available at https://github.com/pppppkun/AnaDroid/. The complete RAG
experimental results are located in the data directory.
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