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ABSTRACT

Software systems play a vital role in modern society, supporting everything from
mobile applications to enterprise solutions and critical infrastructure. As these sys-
tems continue to grow in size and complexity, software engineers face increasing
challenges in maintaining their quality, reliability, and maintainability. Core tasks
such as bug triaging, code search, and change impact analysis require a deep and
comprehensive understanding of heterogeneous software artifacts, including source
code, textual documentation, graphical user interfaces (GUIs), and structural de-
pendencies. Traditional learning-based techniques, often limited to a single data
modality, struggle to capture the rich, interconnected context necessary for accu-
rate and scalable analysis in these domains.

This dissertation explores multimodal learning as a promising direction for address-
ing long-standing challenges in software engineering. By integrating multiple com-
plementary data modalities, this research improves automation, accuracy, and ro-
bustness in critical software maintenance tasks. Specifically, it investigates the use
of modern deep learning architectures, such as vision transformers, graph neural
networks, and code-specific language models, in constructing multimodal represen-
tations of software artifacts. Three novel techniques are proposed, each demon-
strating how multimodal integration can significantly improve the effectiveness of
automated software engineering tools.

The first contribution, Janus, is a technique for detecting duplicate video-based bug
reports, which are increasingly prevalent in GUI-centric mobile applications. Janus
combines vision transformer-based scene understanding with sequential frame align-
ment to capture visual, textual, and sequential patterns on GUI screens, enabling
nuanced comparison across video reports. Evaluation on an extended real-world
benchmark demonstrates that Janus outperforms prior work by 9%, supported by
both quantitative metrics and qualitative interpretability through hierarchical GUI
representations.

The second contribution, Athena, addresses the critical task of change impact anal-
ysis. Traditional impact analysis techniques often rely on historical co-change data
or dynamic execution traces, which can be brittle or expensive to collect. Athena
instead introduces a hybrid framework that integrates conceptual coupling, derived
from Transformer-based code embeddings, with structural dependencies encoded in
program dependence graphs. This fusion enables more accurate and fine-grained im-
pact predictions without the need for historical or run-time information. To support
a reliable evaluation, we construct the first large-scale benchmark for impact anal-
ysis based on fine-grained untangled commit data, revealing that Athena achieves
a performance gain of over 10% compared to state-of-the-art baselines.



The third contribution tackles the pressing issue of trustworthiness in deep code
models, particularly in the face of out-of-distribution (OOD) inputs. As software
models are deployed in open-world settings, they are increasingly exposed to in-
puts that differ from their training distribution, potentially leading to unreliable
behavior. To address this, we propose COOD and COOD+, the first multimodal
OOD detection frameworks tailored to code-related tasks. These techniques leverage
contrastive learning and binary rejection mechanisms across both code and natural
language comment modalities to detect anomalous inputs and recover performance
degradation in critical downstream SE tasks such as code search.

Together, these contributions demonstrate the power of multimodal learning to over-
come key limitations of traditional software engineering tools. By capturing the full
complexity of real-world software artifacts, which span code, text, visuals, and struc-
tural dependencies, this research offers a unified and robust foundation for the next
generation of intelligent software development tools. The proposed systems, mod-
els, and benchmarks not only improve automation and scalability, but also pave
the way for more trustworthy, accurate, and context-aware solutions in software
engineering.
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Chapter 1

Introduction

Software systems are essential to modern life, driving innovation and e�ciency in areas

ranging from mobile applications to enterprise solutions and critical infrastructure. How-

ever, as these systems grow in scale, functionality, and complexity, developers face increas-

ing challenges to maintain their quality and reliability. Tasks such as understanding the

cascade impacts of code changes, managing extensive repositories of diverse artifacts, and

diagnosing complex issues require substantial e�ort and expertise. To address these chal-

lenges, researchers and practitioners have increasingly turned to advanced learning-based

techniques to automate and optimize various stages of software development. Traditional

approaches based on machine learning, which often rely on single data modalities [22,215],

have proven useful but often fail to capture the global context required for sophisticated

software engineering tasks. In fact, these tasks often span multiple modalities, requiring an

integrated understanding of various forms of data. For example, a screenshot of the mobile

app contains both visual demonstrations and textual information about the components,

requiring tools capable of simultaneously processing and understanding both.

Software engineering is inherently multimodal, encompassing diverse artifacts that

contribute to the development and maintenance of software systems. The key modalities

include textual data, source code, visual data, and structural information, each o�ering

distinct insights. Textual artifacts, such as bug reports, commit messages, and documenta-
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tion, are ubiquitous in software engineering, providing context and descriptions of system

behavior. The source code, a distinct modality, combines syntax, semantics, and structural

relationships. E�ectively representing and understanding code requires techniques that

capture its meaning, structure, and context. The rise of graphical user interfaces (GUIs)

has introduced visual artifacts such as screenshots [211], video-based bug reports [55],

etc., which often depict the visual behavior of software systems, providing insights that

textual descriptions alone cannot convey. Structural information, characterized by de-

pendencies and relationships between modules of software systems, plays a critical role

in understanding interconnectivity. Represented through methods like data 
ow graphs

and control 
ow graphs, structural data provide a global view of software module inter-

actions. Together, these modalities enable for more comprehensive analysis and informed

decision making in software development. Using their complementary strengths, multi-

modal learning produces richer representations of software artifacts, improving prediction

accuracy and automation.

Despite its signi�cant potential, multimodal learning in software engineering faces sev-

eral challenges. The heterogeneity of the modalities is a primary concern, as each has

distinct characteristics that require specialized processing techniques. Textual data are

typically sequential, visual data are based on spatial relationships, and structural data

is graph-based, necessitating tailored approaches for e�ective integration. Aligning in-

formation across modalities presents another complexity; for example, correlating local

code semantics with global structural dependencies demands a nuanced understanding

of how semantic and structural information interact. Scalability further complicates the

application of multimodal learning, as software systems often involve large-scale data, in-

cluding large volumes of code, numerous bug reports, and complex dependency graphs.

Multimodal models must process this data e�ciently without compromising performance.

Lastly, software engineering tasks frequently require domain-speci�c expertise, such as

pro�ciency in programming languages, knowledge of software design principles, and un-

derstanding of bug manifestation patterns. Integrating this expertise into multimodal

2



frameworks is crucial to ensuring their e�ectiveness in real-world scenarios.

Recent advances in deep learning have accelerated the adoption of multimodal ap-

proaches in software engineering. Transformer-based models such as CodeBERT [72] and

GraphCodeBERT [81] have achieved strong performance by modeling data from both nat-

ural language (NL) and programming language (PL). For structural data, graph neural

networks (GNNs) [84] are widely used to process program dependence graphs, enabling the

integration of global structural information into localized representations. Meanwhile, vi-

sion transformers (ViTs) [62] have proven to be highly e�ective for processing visual data,

such as screenshots and GUI components, capturing critical layout patterns for tasks such

as GUI comprehension. These advances have collectively improved the ability to represent

and integrate multimodal information, paving the way for more sophisticated solutions in

software engineering.

This dissertation explores how multimodal learning can improve essential software en-

gineering tasks, such as bug triaging and impact analysis. These tasks are chosen for

their relevance and complexity as they represent core challenges in maintaining modern

software systems. Bug triaging involves e�ciently identifying, categorizing, and address-

ing software defects, while impact analysis predicts the cascading e�ects of code changes

across a software system. Despite their importance, these tasks remain labor intensive,

time consuming, and error-prone, particularly as software systems evolve. Addressing

these challenges requires innovative approaches that integrate advanced computational

techniques into software engineering work
ows. To this end, this dissertation proposes

several novel techniques, such asJanus and Athena , which exemplify how the combina-

tion of various data modalities can signi�cantly improve automation and e�ectiveness in

software development.

Speci�cally, Janus is designed to address the growing challenge of managing video-

based bug reports, which are increasingly used to document issues in mobile and GUI-

based applications. By combining visual representation learning, information retrieval

and sequence-based algorithms,Janus analyzes the visual, textual, and sequential in-

3



formation present in video-based bug reports, improving the detection of duplicate bug

reports. Athena , on the other hand, focuses on impact analysis (IA), enhancing tradi-

tional IA techniques by integrating conceptual coupling, derived from transformer-based

neural models, with structural dependencies extracted from program dependence graphs.

This hybrid approach enables more accurate and scalable impact predictions without re-

lying on historical commits or execution traces.

Beyond improving performance on these core tasks, this dissertation addresses a broader

concern in modern ML-driven SE: the trustworthiness of deep code models. Speci�cally,

we examine the problem of out-of-distribution (OOD) detection, which is essential in

open-world settings where models encounter data that deviates from their training distri-

bution. Failing to recognize such input can lead to unreliable or erroneous predictions.

Motivated by the gaps in current SE research on OOD detection, we introduce COOD

and COOD+, the �rst multimodal OOD detection frameworks tailored for code-related

tasks. These techniques enhance the robustness of a key downstream task, namely code

search, by accurately identifying and managing OOD inputs.

In general, this dissertation contributes novel methods, systems, and evaluation bench-

marks that advance the �eld of multimodal learning in software engineering. By integrat-

ing heterogeneous sources of information, including text, code, visuals, and structural

relationships, these contributions demonstrate how SE tools can become more intelligent,

trustworthy, and more aligned with the complexities of real-world software development.

1.1 Task Focus and Contributions

1.1.1 Detecting Duplicate Video-based Bug Reports through Multimodal

GUI Scene Learning

Video-based bug reports have become a promising alternative to text-based reports for

programs centered around a graphical user interface (GUI), as they allow for seamless

documentation of software faults by visually capturing buggy behavior on app screens.

4



However, developing automated techniques to manage video-based reports is challenging,

as it requires identifying and understanding often nuanced visual patterns that capture

key information about a reported bug.

To this end, we propose a new approachJanus , which adapts the scene learning capa-

bilities of vision transformers to capture subtle visual and textual patterns that manifest

on GUI screens of the application - which is key to di�erentiate between similar screens for

accurate duplicate detection. Our approach also makes use of a video alignment technique

capable of adaptive weighting of video frames to account for sequential bug manifestation

patterns. We created a comprehensive benchmark for evaluation (the largest benchmark

to date) by drastically extending a prior dataset with real bugs as opposed to injected

bugs from prior work. The evaluation results demonstrate that our approach outperforms

previous work by 9%, with statistical signi�cance. Additionally, we qualitatively illus-

trate how the improved performanceJanus 's bene�ts from its scene-learning capabilities

through interpretable hierarchical GUI representations.

1.1.2 Code Change Impact Analysis via Multimodal Coupling

Impact analysis (IA) is a critical software maintenance task that identi�es the e�ects of

a given set of code changes on a larger software project with the intention of avoiding

potential adverse e�ects. IA is a cognitively challenging task that involves reasoning

about the abstract relationships between various code constructs. Given its di�culty,

researchers have worked to automate IA with approaches that primarily use coupling

metrics as a measure of \connectedness" of di�erent parts of a software project. Many of

these coupling metrics rely on static, dynamic, or evolutionary information and are based

on heuristics that tend to be brittle, require expensive execution analysis, or large histories

of co-changes to accurately estimate impact sets.

To address these challenges, we introduceAthena , a novel approach that �rst com-

bines graph information from the (structural) dependence of a software system with a

conceptual coupling approach that uses advances in deep representation learning for code
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without the need for change histories and execution information. The code embeddings

are augmented through a graph-based propagation strategy to integrate global dependence

information into local code semantics. Prior benchmarks are small and su�er from tangled

commits, making it di�cult to measure accurate results. Therefore, we built the �rst large-

scale impact analysis benchmark based on �ne-grained commit information from bug �xes.

On this more reliable benchmark,Athena shows a signi�cant improvement of 10% over

the baselines. In collaboration with Cisco Systems [1], this work has revitalized research

on impact analysis, a fundamental SE task that has been largely overlooked since 2018.

1.1.3 Towards More Trustworthy Deep Code Models by Enabling Mul-

timodal Out-of-Distribution Detection

When developers utilize state-of-the-art deep code models for various understanding and

generation tasks (e.g., code search, conceptual coupling used in ourAthena approach),

it is crucial to ensure that the predictions produced by these models are trustworthy.

However, these models are typically developed under the assumption that training and

testing data come from the same distribution, which is often violated in the open world

since deployed models may frequently encounter OOD instances (OODs) that are not

seen in the training. Hence, when confronted with OODs, a reliable and trustworthy code

model must be capable of detecting them to either abstain from making predictions or

potentially forward these OODs to appropriate models handling other distributions or

tasks. Although OOD detection has been studied in the machine learning �eld, it has not

yet been explored in the SE context for code-related tasks.

Pre-trained natural language Transformers have been shown to be vulnerable to OODs,

so we hypothesize that pre-trained Transformer-based code models are similarly suscep-

tible. To verify this, we systematically investigate the ability of pre-trained code models

to detect OODs and the impact of OOD detection on a downstream code task (i.e., code

search). Our �ndings reveal that the performance of a code search model drops by around

5% due to the presence of OODs. Therefore, we developed the �rst multi-modal (i.e., com-
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ment and code) OOD detection framework for pre-trained code models using contrastive

learning in both unsupervised (COOD) and weakly-supervised settings (COOD+) [7].

As distribution shifts can occur in either modality (comment or code) or both, COOD+

integrates an improved contrastive learning module with a binary OOD rejections mod-

ule and devises a new scoring metric to fuse their prediction results. For evaluation, we

constructed the �rst OOD benchmark tailored for the code context with multiple (four)

scenarios. Extensive experimental results demonstrate the e�ectiveness of our COOD and

the integration of two modules in COOD+ for detecting OODs from di�erent scenarios in

two modalities. More importantly, the performance loss of the code search model caused

by the presence of OODs is recovered by utilizing our COOD/COOD+ detector.

1.2 Organization

The remainder of this dissertation is organized as follows. Chapter 2 reviews the back-

ground relevant to this work, focusing on existing learning-based techniques for deriving

representations of software artifacts to support key tasks such as bug triaging and change

impact analysis. Chapter 3 presents the design and implementation ofJanus , a system to

detect duplicate video-based bug reports in GUI-intensive mobile applications. It describes

how Janus leverages vision transformers and adaptive video alignment to model multi-

modal patterns, and reports the evaluation results on an extended benchmark. Chapter 4

introduces Athena , a novel framework for the analysis of change impact that integrates

deep code representation learning with structural dependency information to predict the

cascading e�ects of code changes. This chapter also details the creation of a new large-scale

benchmark and demonstratesAthena's improvements over state-of-the-art approaches.

Chapter 5 turns to the challenge of ensuring the reliability of deep-code models in real-

world software engineering environments. It presents COOD and COOD+, the �rst mul-

timodal out-of-distribution (OOD) detection frameworks designed for code-related tasks.

These systems integrate contrastive learning and binary OOD rejection across code and
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natural language modalities to identify anomalous inputs and improve the robustness of

downstream tasks in open-world settings. Finally, Chapter 6 concludes the dissertation by

summarizing the key contributions of this work and rea�rming the value of multimodal

learning in enabling more intelligent, trustworthy, and scalable software analysis tools.
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Chapter 2

Background

This chapter provides the necessary background for understanding the learning-based tech-

niques central to the dissertation proposal. We begin by discussing methods for visual rep-

resentation learning, highlighting both convolutional and Transformer-based approaches.

Next, we examine optical character recognition (OCR) techniques used to extract textual

information from GUI screens. Finally, we explore advances in code representation learn-

ing, focusing on both traditional and deep learning-based methods that enable semantic

understanding of software artifacts.

2.1 Visual Representation Learning

CNN-based Techniques. Visual Representation learning has become a popular �eld in

the Computer Vision domain [131]. The purpose of this research area is to learn high-

quality visual representations that are helpful for downstream tasks such as image clas-

si�cation [135], object detection [250], or image captioning [101]. Generally, this visual

representation task is performed unsupervised, self-supervised, or supervised [50, 176].

Most recently, a focus has been on contrastive methods [50, 176] and distillation meth-

ods [42]. While there has been a wealth of work on visual representation learning, it is

important to understand the techniques employed by past work on duplicate detection for
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video-based bug reports. The most closely related work toJanus is the Tango approach

introduced by Cooper et al. [55], where the authors used a self-supervised contrastive

method called SimCLR [50]. This technique uses data augmentation to generate di�erent

views of a given image by training a Siamese network based on the temperature-scaled

cross entropy loss in order to learn representations that are invariant to image changes.

However, there are notable downsides of this approach including: (i) the need for large

collections of negative examples to facilitate the contrastive loss function, and (ii) limita-

tions related to the traditional Convolutional Neural Networks (ConvNets), upon which

SimCLR is built, which can have di�culty in distilling subtle visual patterns from the

learned representation that are essential for video de-duplication.

Figure 2.1 : The Vision Transformer (ViT) Architecture.

Transformer-based Techniques Recent advancements in deep learning from visual

data have, similar to other �elds such as natural language processing, embraced the Trans-

former architecture [62] to learn visual representations. A popular recent approach, called

DINO [42], is capable of learning explicit information about the semantic segmentation
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of an image (i.e., object boundaries), which is likely a direct consequence of adopting the

Vision Transformer (ViT) architecture [62] and a self-supervised learning procedure. We

posit that learning object segmentation within an image will be particularly useful for

images of app GUIs, given their structured, component-based nature. An overview of the

ViT architecture is shown in Figure 2.1. As illustrated, it is made up of a standard Trans-

former encoder model [60] but instead of lexical tokens, \patches" of the images are fed

into the network. These image patches are treated the same way that tokens are treated

in lexical transformers: they are linearly transformed and have added positional embed-

dings. Given that image-level supervision requires laborious annotations and limits the

information that can be learned during training to a single concept with a few categories

of objects, Caron et al. [42] proposed a self-supervised training methodology for DINO,

which utilizes a student-teacher knowledge distillation training scheme [100].

2.2 Optical Character Recognition

Optical Character Recognition (OCR) is the process of converting images of typed, printed,

or handwritten text into machine-encoded text through text localization and recognition.

Text localization identi�es textual regions, i.e., it distinguishes text from the background

by using object detection models that are capable of localizing text bounding boxes at

the word or text line level. The content in these regions is then recognized and converted

into natural language tokens based on an encoder-decoder architecture [198]. Historically,

OCR techniques have combined learning-based techniques with a number of heuristics to

aid in pruning false positives or merging neighboring image regions, making technique

pipelines quite complicated [196]. In prior work onTango , the authors used the popular

Tesseract OCR [2] library, which segments components of the screen likely to contain text

by generating binary maps of the images to �rst obtain image regions and then uses the

long short term memory (LSTM) [78] model to recognize text on them.
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2.3 Code Representations Learning

To generate vectorized code representations, information retrieval (IR) approaches (e.g.,

LSI, term frequency - reverse document frequency (TF-IDF), latent dirichlet allocation

(LDA)) were �rst used to support SE tasks. They typically require building a corpus from

all documents (code artifacts) and then representing code by measuring the importance

of each code token to a document in the corpus and/or exploiting co-occurrences of code

tokens based on singular value decomposition (SVD) or Bayesian topic modeling. However,

these IR approaches treat the code asbag-of-words, ignoring the order and semantics of

code tokens. Thus, neural networks have been used to obtain more meaningful code

representations. For example, word2vec [163] takes into account each individual token

and its context tokens by using a sliding context window during training. Furthermore,

doc2vec [138] could learn a paragraph vector for variable length code, instead of using an

average representation of code tokens as word2vec does. Subsequently, more and more

end-to-end deep models (e.g., Bi-RNN [52], TextCNN [125], Self-Attention [209]) have

been used to extract code embeddings.

Representation learning refers to the process of learning a parametric mapping from

raw input data to a low-dimensional latent space with the goal of extracting more ab-

stract and useful features that enhance performance across various downstream tasks. In

recent years, self-supervised representation learning has gained signi�cant traction in the

machine learning community, largely due to the success of large pretrained models. The

pretraining-then-�netuning paradigm [31,60,177,237] has proven particularly e�ective in

natural language processing (NLP), where models are �rst pretrained on massive text

corpora in a self-supervised manner to learn general-purpose representations, and then

�ne-tuned on task-speci�c datasets. The Transformer [209] architecture stands out as the

most representative encoder backbone for this scheme. With the advent of large-scale

code datasets (i.e., CodeSearchNet [107]), this scheme has also been increasingly applied

to learn code representations and auto-build software engineering tasks [17, 80, 216, 218].
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CodeBERT [72] was one of the �rst transformer-based pre-trained models to support var-

ious code-related tasks. It distinguishes between the programming language (PL) and the

natural language (NL) modality and captures their semantic connection during pretrain-

ing. However, it only utilizes the sequential information of the bi-modal data while ignor-

ing the inherent structure of code. Therefore, GraphCodeBERT [81] further incorporates

data 
ow information within methods into sequenced code snippets during pre-training,

resulting in enhanced code embeddings. Other pretrained models like UniXcoder [80] that

encode abstract syntax tree (AST) information to produce syntax-aware code embeddings.

2.3.1 Multimodal Contrastive Learning

Contrastive learning [85] is an emerging technique that learns discriminative representa-

tions from data organized into similar / dissimilar pairs. It has been developed over mul-

tiple sub�elds, such as computer vision (CV), NLP, [50, 122], and SE [80, 108]. Recently,

researchers have developed multimodal approaches that combine contrastive learning with

multiple data modalities, achieving superior performance over unimodal models in various

tasks [150, 176]. Due to the prowess of contrastive learning in discriminative tasks (e.g.,

classi�cation and information retrieval), it naturally �ts the OOD detection domain, as

shown by studies on unimodal and multimodal data [67,165,175]. Inspired by this, we ap-

plied contrastive learning to NL-PL data to learn representative and discriminate features

to train our OOD detector.
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Chapter 3

Detecting Duplicate Video-based

Bug Reports through Multimodal

GUI Scene Learning

Video-based bug reports are increasingly being used to document bugs for programs cen-

tered on a graphical user interface (GUI). However, developing automated techniques to

manage video-based reports is challenging, as it requires identifying and understanding

often nuanced visual patterns that capture key information about a reported bug. In this

project, our goal is to overcome these challenges by advancing the bug report management

task of duplicate detection for video-based reports. To this end, we introduce a new ap-

proach, calledJanus , which adapts the scene-learning capabilities of vision transformers

to capture subtle visual and textual patterns that manifest on the application UI screens

{ which is key to di�erentiate between similar screens for accurate detection of duplicate

reports. Janus also makes use of a video alignment technique capable of adaptive weight-

ing of video frames to account for typical bug manifestation patterns. In a comprehensive

evaluation on a benchmark containing 7,290 duplicate detection tasks derived from 270

video-based bug reports from 90 Android app bugs, the best con�guration of our approach

14



achieves an overall mRR/mAP of 89.8%/84.7%, and for the large majority of duplicate

detection tasks, outperforms prior work by � 9% to a statistically signi�cant degree. Fi-

nally, we qualitatively illustrate how the scene learning capabilities provided by Janus

bene�t its performance.

3.1 Introduction

Video-based bug reports are becoming increasingly popular for mobile applications [48,

70, 71, 137]. As mobile app bugs are typically manifested visually via the graphical user

interface (GUI), recording videos depicting bugs is more natural compared to textual bug

reports [43, 48, 69, 71, 197]. App users can easily record app bugs through the recording

features of mobile operating systems (e.g., Android [6]) or through third-party recording

apps [5]. In addition, popular issue trackers, such as GitHub [11], o�er easy-to-use features

for users to submit these videos to app developers. Recent studies have documented the

rapidly increasing use of videos in mobile app issue trackers [70,137]. Fenget al. studied

open source apps hosted on FDroid [9] and reported the usage of more than 13k video

recordings on issue trackers between 2012 and 2020, with a signi�cant increase in usage

during 2018-2020 (i.e., a 15% - 35% increase). Kuramotoet al. [137] reported a 13%

increase in videos-containing issues in 2017-2021 for 289k popular GitHub projects.

Although video-based bug reporting o�ers various advantages (easiness of recording

and submission, and visual details about app bugs [48, 55, 70, 71, 137]), it also presents

several challenges for developers during bug report management tasks, particularly in

scenarios where a high volume of bug reports is encountered [48,70,71,137].

One of the most challenging tasks for developers is determining whether video-based

bug reports depict the same app bug. This situation arises when multiple users inde-

pendently report identical problems with the application ( e.g., during crowd-sourced app

testing [55,63, 88,148]). In such scenarios, developers face the challenge of watching, un-

derstanding and assessing incoming and previously submitted video-based bug reports.
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This task can be extremely challenging, as these recordings typically show numerous steps

executed quickly, making it di�cult to recognize the bug-reproduction scenario from the

videos [48,55,71]. Additionally, the behavior of buggy apps may not be apparent in videos

of the various types of bugs that apps can show on their GUI [66]. Developers often need

to pause and replay the videos multiple times in order to fully understand the reported

problems [48, 71]. The task of detecting duplicate (video-based) bug reports is crucial

during the bug triage process, as it helps developers avoid excessive redundant e�ort to

investigate and resolve identical problems [55,63,88,211].

This challenge is particularly prominent in the crowd-sourced testing of mobile apps [63,

88], wherein software vendors engage a large distributed user base to test applications in

various operational environments, for example, encompassing various devices, locations

and mobile networks. Crowd-sourced app testing often leads to multiple users encounter-

ing and reporting the same app-related issues. In fact, previous research has found that

a substantial proportion (80%+) of bug reports submitted by users during crowd-sourced

app testing are duplicates [211]. Consequently, developers often spend considerable e�ort

on duplicate detection, which can impede the overall bug resolution process [55,63,88,211].

This dissertation proposesJanus , a novel automated approach designed to assist devel-

opers in identifying duplicate video-based bug reports.Janus combines visual represen-

tation learning, information retrieval, and sequence-based algorithms to analyze visual,

textual, and sequential information present in video-based bug reports. Through these

methods, Janus establishes the degree of similarity between videos when reporting the

same bug, enabling the automated detection of duplicate reports.

To model visual information within videos, Janus leverages the Vision Transformer

(ViT) architecture [62] and the DINO self-supervised training scheme DINO [42], which

extract rich hierarchical features that explicitly capture scene layout information related

to GUI screens. In addition, Janus analyzes the textual content of videos using the

E�cient and Accurate Scene Text Detector (EAST) [253] and a Transformer-based Op-

tical Character Recognition (TrOCR) model [143], which accurately localize and extract
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text from video frames. By encoding this textual content via an adapted vector space

model (VSM) [77], Janus assesses the textual similarity between two videos. Finally,

to encode the sequential aspect of videos,Janus incorporates an adapted version of the

classical longest common substring algorithm, giving higher weight to subsequent video

frames that show the behavior of the buggy app even if the videos show di�erent bug

reproduction scenarios.

We evaluated Janus using a comprehensive benchmark of 7,290 duplicate detection

tasks, constructed from 270 video-based bug reports that represent 90 unique bugs found

in nine Android apps. We created this benchmark by extending an existing data set

that relied mainly on synthetic bugs [55]. Speci�cally, we extended it by incorporating

90 video-based bug reports pertaining to 30 real bugs of di�erent kinds (e.g., crashes,

incorrect app output, and cosmetic issues) from three additional apps, resulting in a more

comprehensive, realistic, and diverse benchmark.

Through multiple ablation experiments, we systematically assess the performance of

the individual components of Janus and various combinations of these components. Our

evaluation demonstrates that the most optimal con�guration of Janus (when visual, tex-

tual, and sequential video information is combined) achieves an overall mRR / mAP of

89.8% / 84.7%, exceeding the performance of an existing duplicate detector by� 9% (with

statistical signi�cance). These results suggest thatJanus can signi�cantly reduce the ef-

fort required to identify duplicate video-based bug reports, as developers would only need

to review fewer video reports to assess whether an incoming report depicts a known bug.

Furthermore, we conducted a qualitative analysis to understand the reasons behind

Janus ' performance compared to prior work. In particular, Janus exhibits an inter-

pretable representation of video frames, e�ectively capturing nuanced patterns related to

the style, composition, and layout of the GUI component, which are crucial in accurately

distinguishing duplicate video-based bug reports.
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3.2 Related Work

GUI Comprehension . Understanding GUI can help with many software engineering

tasks related to mobile applications, such as GUI reverse engineering [24, 46, 166, 248],

software testing [25,155,167,174,241], and GUI search [26,45,47]. Most GUI understanding

techniques need to detect GUI elements �rst to understand the information provided by

the GUI. Chen et al. [49] show that deep learning-based object detection models [64,179,

180] and scene text detector EAST [253] outperform old-fashioned detection models [169]

and the OCR tool Tesseract [195], respectively. Fuet al. [75] utilize the Transformer

architecture for GUI element detection, but only based on limited pixel words. The most

closely related work to our own [55] uses the self-supervised approach SimCLR [50] based

on ResNet [90] to understand the visual GUI and use OCR to obtain textual information

in order to detect duplicate video-based bug reports.

Duplicate Video Retrieval. To retrieve similar videos, traditional techniques in the

computer vision domain �rst extract global and/or local features of video frames, then

aggregate extracted features to represent a whole video, and �nally calculate similarity

scores between videos. Visual features are extracted by hand-crafted image processing

methods, such as Local Binary Patterns (LBP) [113,227], Scale-Invariant Feature Trans-

form (SIFT) [225, 249], or Convolutional Neural Networks (CNN) [90, 203]. The features

can then be aggregated based on global vectors [225], bag-of-words [53, 132], or deep

metric learning [133]. Kordopatis-Zilos et al. [134] conducted a comprehensive experi-

mental study comparing feature extraction methods, CNN architectures, and aggregation

schemes, showing that CNN+BoVW is the best performing combination, which is the rea-

son why the most relevant work [55] chose this strategy to obtain video representations.

3.3 The J ANUS Duplicate Detector

This section describes the architecture and design details behindJanus , our approach to

detect duplicate video-based bug reports.
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3.3.1 Problem Formulation and Challenges

We formulate the problem of duplicate detection as an information retrieval (IR) problem,

as is typical for textual bug reports [120, 147, 173, 246]. A newly submitted video-based

bug report (the query) is compared to the set of previously submitted video reports in the

issue tracker (the corpus) using a retrieval engine (e.g., Janus ), which retrieves and ranks

the corpus reports according to their similarity to the query. The higher a video-based

report is ranked, the more likely it is to depict the same bug as the query. A developer

would then watch the ranked videos in a top-down manner, marking the new video as

duplicate if they �nd a video depicting the same bug. Video-based bug reports depict the

incorrect behavior of an application (e.g., GUI screens showing a crash, layout problems,

or functional misbehavior), and the actions performed by the user on the GUI screens that

lead to such misbehavior (i.e., steps to reproduce the bug). Duplicate video-based bug

reports are pairs of two reports,e.g., the query report and one corpus report, that depict

the same buggy behavior, possibly showing di�erent GUI steps, as multiple sequences of

steps can lead to the manifestation of the same buggy behavior. An advantage of an IR

formulation over other methods (binary classi�cation e.g., as (non-)duplicate reports [44])

is the fact that a ranked list gives higher 
exibility to developers, because multiple bug

reports are recommended as possibly showing the same bug.

Although the primary goal of a duplicate detector is to identify whether two distinct

videos depict the same incorrect app behavior, there are multiple challenges that make

this task particularly di�cult. For example, duplicate videos may vary in length and

display di�erent reproduction steps, originating from various reproduction scenarios exe-

cuted by users or the omission of certain steps during recording. Even if the reproduction

steps appear to be the same or highly similar in all videos, users can execute them at

varying speeds. Distinguishing between di�erent videos that display distinct yet similar

unexpected app behavior and reproduction steps can pose challenges to detectors. Fur-

thermore, certain applications may display dynamic content. For example, a mobile web
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browser allows users to navigate websites with varying layouts and content.

Figure 3.1 : Overview of the Janus duplicate detector.

3.3.2 Janus Overview

An overview of Janus is shown in Fig. 3.1. Janus receives as input two video-based bug

reports and outputs a similarity score that indicates how similar they are to depict the

same app bug.Janus can be used to compute the scores between a new video-based bug

report and a corpus of videos that represent previously submitted bug reports. The scores

allow for ranking the corpus videos as a list of potential duplicate candidates. The goal

of Janus is to rank higher in this list the actual duplicates for the new video.

Internally, Janus begins sampling a number of frames from the two videos at a given
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