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Android apps currently dominate the smartphone app market, and their reliability will significantly affect user experience and
even induce security risks. Since Android Gradle Plugin 3.4.0 (April 2019), the R8 compiler serves as the default infrastructure
in the Android build process. It transforms JVM bytecode from the Java layer into semantic-equivalent DEX bytecode,
ensuring compatibility with the Android Virtual Machine. Additionally, R8 incorporates advanced features like shrinking
and obfuscation to reduce app size and enhance security. However, R8 suffers from substantial bugs, some of which can
cause severe issues. This motivates us to conduct a preliminary study into R8 bugs. We collect and analyze 945 bug reports
for R8. Through detailed statistical analysis, we obtain several valuable findings. For example, we identify Optimization as
the most error-prone component. To substantiate our findings, we develop an automated testing tool named R8Scan. It
utilizes a novel idea to synthesize seeds from prioritized real-world functions and construct the corresponding arguments
empowered by Large Language Models (LLMs) to test R8, thus enabling the exploration of a broader range of semantics.
Finally, R8Scan detects 17 R8 bugs. It also detects 10 bugs in OpenJDK and 6 bugs in Android Runtime. Among the R8 bugs,
11 are assigned priority P1, the highest developer-assigned priority level. Extensive experiments demonstrate the superiority
of R8Scan over state-of-the-art JVM fuzzers. We believe this study is valuable to enhance the security of the R8 compiler.

CCS Concepts: » Software and its engineering — Software testing and debugging.

Additional Key Words and Phrases: Android R8 Compiler, Compiler Testing, Large Language Model

1 INTRODUCTION

Android apps currently dominate the smartphone app market, with over 2.44 million apps on the Google Play
Store [49]. A key factor behind Android’s widespread success is its open-source ecosystem, which promotes
robust developer participation and continuous innovation. R8 compiler, the default infrastructure for the Android
build process, now undertakes multiple tasks including shrinking, optimization, and obfuscation. It has been
the built-in compiler since Android Gradle Plugin 3.4.0 (April 2019) [68]. A recent study [62] shows that most
open-source Android apps enabled full features of R8 to build project.
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As the most important compiler in the Android ecosystem, R8 compiler differs from conventional compilers in
several key aspects. (1) Environment: Unlike traditional compilers that generate executable code for specific
hardware architectures, R8 focuses on transforming JVM bytecode into DEX bytecode for the Android VM. This
process must account for constraints unique to the Android ecosystem, such as addressing the incompatibility
between advanced Java features (e.g., ‘varhandle’ in Java 9) and ART. (2) Security and Optimization: Beyond
compilation, R8 further integrates advanced shrinking, obfuscation, and other features to reduce app size and
enhance app security. If these processes contain bugs, they can introduce security vulnerabilities or make apps
susceptible to attacks. (3) Compatibility Focus: R8 is designed for Android systems of multiple versions and
devices. Therefore, it employs a process called “desugaring” to transform modern JVM syntax features (e.g., lambda
expressions) to a compatible format that can run on older Android devices. In contrast, compilers for desktop or
server scenarios seldom face such extensive compatibility demands.

Due to the dominant role of R8 in the development of Android apps, R8’s bugs could result in widespread
unintended behaviors. In severe cases, this may even cause the app to crash at runtime [30] or induce security
issues, leading to significant financial losses. To quantify the prevalence of this problem; we find that the official
R8 issue tracker [55, 56] contains 2,769 reported issues as of September 2025, of which 945 have been confirmed
and fixed by developers. Among them, 303 (32.1%) are assigned priority P1, the highest developer-assigned
priority level in Google’s issue tracker. These numbers indicate that R8 bugs are not isolated corner cases but
a persistent and widespread concern. In severe cases, R8 bugs may cause apps to crash at runtime or induce
security issues, leading to significant financial losses. For example, in Issue-147411673 [25], developers report that
R8’s incorrect optimizations make OkHttp randomly crash in an app when simultaneous requests are running. In
particular, when clicking the “Make Requests” button, the app crashes after a few seconds. This issue significantly
affects the stability of the app.

Despite the severity and prevalence of these bugs, no research has yet investigated the characteristics of R8
bugs. For instance, which components of R8 are more likely to contain bugs? What are the characteristics of
the test cases that trigger such bugs? Answers to these questions are essential as they can guide comprehensive
bug detection in R8 and provide insights for future research. Motivated by these observations, we systematically
analyze the 945 confirmed bugs recorded in the official issue tracker [55, 56] following existing compiler bug
studies [42, 43]. Specifically, we focus on three key perspectives:

» Bug Priority and Symptoms. We inspect bug priority levels and categorize bugs by their symptoms to
identify common patterns. Understanding these distributions aids in designing test oracles based on symptom
types.

« Bug Distribution over Components. By examining bug prevalence across compiler components and buggy
files, we identify source files that are most prone to contain bugs. This insight helps guide directed fuzzing and
resource allocation to the most problematic parts of the compiler.

+ Characteristic of Bug-Revealing Test Cases. Users often provide artifacts to help developers reproduce the
bugs. We analyze the types of artifacts that users provide. Understanding these patterns helps find bug-detection
practices in real-world app development.

Through our analysis, we make several significant findings, including: (1) Among the 945 collected R8 bugs,
P1-priority bugs account for 32.1% (303/945) and remain non-trivial in recent years, highlighting persistent
deficiencies in R8’s implementation. Notably, 360 bugs (38.1%) fall under Miscompilation, indicating that the
DEX bytecode generated by R8 often fails to maintain semantic equivalence with the original JVM bytecode.
(2) Optimization is the most error-prone, accounting for 39.0% bugs. Many of these bugs stem from incorrect
semantic analysis or insufficient context resolution. The top three error-prone components Optimization, D8,and
Shrinking collectively contribute to 90.8% bugs. (3) Triggering bugs requires specific code features. Optimization
bugs depend on diverse code structures that activate its optimization passes, D8 bugs correlate with advanced
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JVM language features, and Shrinking bugs often stem from complex user-defined rules. This reveals the challenge
of existing mutation-based fuzzing tools in effectively exposing R8 bugs.

Our empirical findings reveal unique challenges in testing R8 and directly guide the design of R8Scan.
Specifically, the finding indicates that triggering R8 bugs requires highly diverse, component-specific code
features (e.g., optimization-triggering structures and advanced JVM features). This presents the first challenge
(C1): how to generate test cases containing such complex structural features that existing mutation-based fuzzers
struggle to produce? Furthermore, even with the correct structural features, the bug-triggering semantics remain
dormant unless specific execution paths are covered, presenting the second challenge (C2): how to effectively
instantiate arguments that explore the deep semantics of these complex structures without relying on heavy traditional
symbolic execution? To address these challenges, R8Scan incorporates two core designs. (1) Utilizing prioritized
real-world code (Addressing C1). We extract prioritized functions from real-world open-source projects, which are
then synthesized into seed programs to perform fuzzing. Unlike previous mutation-based approaches [31, 59, 63]
that generate test cases based on carefully designed mutators, real-world code exhibits greater complexity and
diversity in language features and control flow structures. (2) Utilizing LLMs’ powerful inference capabilities to
substantiate function arguments (Addressing C2). To explore the deep semantics of these prioritized functions,
we need to substantiate several sets of arguments that can achieve high code coverage of the functions when
injecting function invocations into seed files. It helps explore a wider range of semantics of the injected function.
Specifically, it generates arguments using LLM-inferred argument expressions. Then, target path conditions can
be satisfied when infilling caller variables that can hold any non-null value. Moreover, these expressions are
computed once per function, significantly reducing the cost compared to existing LLM-based techniques that rely
on repeated model interaction. Therefore, the proposed approach canenhance the diversity and effectiveness of
test case generation.

We develop a differential fuzzing framework based on the above insights, R8Scan, to test R8. Specifically,
we extract a large number of functions from top real-world Java projects and utilize a prioritization strategy
to identify those that are more likely to trigger compiler optimizations or contain advanced JVM features. We
retain such functions to activate various compilation behaviors of R8. Subsequently, we insert these prioritized
functions into seeds by injecting function calls: The arguments for these functions are substantiated based on
pre-generated argument expressions inferred by LLMs to synthesize effective test cases, which are then used for
differential fuzzing. Ultimately, R8Scan detects 17 R8 bugs. It also detects 10 bugs in OpenJDK and 6 bugs in ART.
Among the 17 R8 bugs, 11 are assigned priority P1, the highest developer-assigned priority level. Notably, all the
test cases that trigger these bugs primarily originate from the diverse structural features found in real-world
code, further confirming our observation. Our results demonstrate that R8Scan surpasses state-of-the-art JVM
JIT fuzzers. It achieves superior code coverage and bug detection capabilities.

We summarize our key contributions below:

« Originality: We are the first to investigate R8 compiler bugs. We derive valuable findings from the analysis,
which can aid in detecting R8 bugs and ensuring the safety of the Android ecosystem.

« Approach: We propose an approach to synthesizing prioritized functions from real-world projects to
detect bugs. Additionally, we utilize a novel argument expression construction strategy empowered by LLMs to
substantiate arguments for these functions and further devise a differential testing framework to test R8.

« Evaluation: We implement our approach as R8Scan. This automated testing tool detects 17 R8 bugs. It also
detects 10 bugs in Open]JDK and 6 bugs in ART. Notably, 11 of the R8 bugs are assigned priority P1.

« Open-Source: We make R8Scan and all reported bugs publicly available. This facilitates future research.
The artifacts are accessible at https://github.com/R8Scan/R8Scan.
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2 BACKGROUND

Android apps are usually developed in JVM languages such as Java and Kotlin, but they eventually run on the
Android Runtime (ART), which executes DEX bytecode rather than standard JVM bytecode. Moreover, many apps
must remain compatible with older Android versions that do not directly support some modern Java language
features. R8 bridges these gaps by translating JVM bytecode into DEX bytecode and rewriting feature-related
bytecode patterns into forms that can execute correctly on Android devices. Beyond this translation work, R8
also performs shrinking, optimization, and obfuscation during the Android build process. Since Android Gradle
Plugin 3.4.0 (April 2019) [68], R8 has served as the default compiler in the Android build pipeline.
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Fig. 1. Workflow of the R8 Compiler

Figure 1 illustrates the main workflow of R8 compiler, which includes the following main steps by taking JVM
bytecode as input.

 Parsing Input (D8): This process parses the input bytecode into an internal representation (IR). Because
older Android versions (e.g., Android 5.0) lack native support for modern JVM language features, R8 identifies
and transforms these high-level features into equivalent low-level instructions compatible with the target
Android VM. This process is known as desugaring. For instance, lambda expressions are typically represented
by invokedynamic instructions at the bytecode level. To ensure compatibility with Android 5.0, D8 rewrites
these dynamic calls into static method invocations and synthetic classes, avoiding any dynamic code generation
at runtime.

Shrinking (Srk): To reduce the application’s size, R8 employs a tree shaking strategy. It begins by identifying all
entry points of the app. From these roots, R8 analyzes the code to construct a reachability graph encompassing
all resources, classes, methods, and fields that could be accessed at runtime. Any code or resources absent from
this graph are deemed unreachable and are subsequently discarded to minimize the app footprint.

« Optimization (Opt): This stage applies a wide range of advanced techniques aimed at improving runtime
performance: Similar to “passes” in LLVM [21], R8 implements over 50 specific optimization passes (e.g., In-
lining and Loop Unrolling) on the IR. Errors in their implementation can degrade application performance or
even introduce security risks. For example, Issue-147411673 [25] was caused by an incorrect Class Inlining
optimization, leading to a crash in the OkHttp network library.

Obfuscation (Obf): This component involves techniques such as package flattening and identifier renaming.
Package flattening consolidates classes from multiple packages into a single one, disrupting the original code
hierarchy. Identifier renaming translates the names of classes, methods, and variables into meaningless short
strings (e.g., ‘x’), significantly increasing the difficulty of reverse engineering.
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+ Generating Output (D8): Finally, D8 converts the optimized and obfuscated IR into DEX bytecode for execution
on ART. It can also export JVM bytecode to allow the code to run on standard JVMs. By effectively bridging
JVM languages and the Android runtime environment, the generated executable can run seamlessly across
diverse Android devices.

Among the four main components, D8 provides the fundamental code transformation functionalities. To
enable other components, users need to specify “minifyEnabled true” in the “build.gradle” configuration
file. According to a previous study [62], 41.1% of app developers have enabled all R8 features, highlighting the
importance of ensuring R8 reliability.

R8 Bugs. Unlike traditional compilers that mainly focus on general-purpose optimization, R8 must additionally
handle Android-specific compilation requirements, such as translating JVM bytecode into DEX bytecode and
rewriting modern Java/Kotlin features for compatibility with older Android versions. A concrete example
helps illustrate this difference. Listing 1 shows a minimal Java program from Issue-166485528 that triggers
an R8 crash. Although the source code is simple, the method reference Target: : foo is compiled into JVM
bytecode that requires special handling before it can run on older Android devices. To‘ensure compatibility, R8
(specifically D8) must desugar this feature into equivalent lower-level instructions supported by ART. In this
issue, that compatibility-processing step caused R8 to crash during compilation. This example shows that, beyond
conventional optimization, R8 must correctly process modern language features for Android compatibility, and
even a small feature-related program may expose compiler bugs.

1 interface Target {

2 static void foo() { /x do something =%/ }
5 3

i public class Test {

5 static void call(Runnable fn) {

6 fn.run();

7 }

8 public static void main(String[] args) {
9 call(Target::foo);

Listing 1. A small Java feature example that triggered an R8 crash (Issue-166485528).

3 BUG COLLECTION AND ANALYSIS

To obtain a comprehensive understanding of R8 compiler bugs, we first collect historical data from the issue
trackers. Next, we aim to perform systematic investigations on the collected bugs. Following existing studies [42,
43], we focus on three key perspectives: bug priority and symptoms, bug distribution over components and
characteristic of bug-revealing test cases.

3.1 Bug Collection

We collect bug reports from the two official Google issue trackers associated with the R8 project (i.e., the trackers
for R8 and D8 [55, 56]) up to September 2025. We include both trackers because D8 is a core component in the
R8 compilation pipeline, and many compiler bugs reported by developers are filed under the D8 tracker. We
implement an automated crawler to retrieve all publicly accessible issue reports together with their metadata,
including issue ID, title, status, priority level, report text, comments, attached reproducer, and linked fix commits
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Table 1. Statistic of the Collected R8 Bugs

Version #Reported, #Fixed, #Patches #Reproducer Duration
8.13.3 2,769 945 1,764 388 July 2017-Sep 2025

when available. This process yields a raw dataset of 2,769 issue reports in total. We then filter the raw dataset to
retain only fixed bug reports. Specifically, we retain a report if it is labeled as “Fixed” and has corresponding public
fixing commits linked on the issue page. We exclude unresolved reports because they may include duplicates,
intended behaviors, or feature requests. Finally, our dataset contains 945 fixed issues and 1,764 corresponding fix
commits in total. We also record whether a publicly accessible reproducer (e.g., a minimal Java program or a
Gradle project) is available and obtain 388 bug-revealing test cases. The remaining ones do not have a publicly
accessible reproducer, mainly due to the commercial nature of Android apps. The latest R8 version is 8.13.3, and
Table 1 summarizes the statistics of our collected bug reports.

Manual Analysis and Labeling. We follow an open-coding process [36, 47] to analyze the retained 945
fixed bugs. Two authors of this paper with experience in compiler testing first perform a pilot review on a small
subset of issues (100 issues) to derive an initial coding schema for bug symptoms and associated artifacts. Based
on this pilot phase, we define six symptom labels, namely Miscompilation, Crash, Configuration Error, Incorrect
Syntax, Performance Issues, and Error Omission. For example, if an issue reports a “VerifyError” when running
on Android devices, we identify it as a syntax error (classified as Incorrect Syntax). After the coding schema is
established, two researchers independently examine each retained issue, including its report text, stack traces,
comments, and linked fix commits, and assign labels accordingly. Disagreements are resolved through discussion,
and a third researcher with compiler expertise joins when consensus cannot be reached directly. The inter-rater
agreement measured by Cohen’s Kappa is 0.85, indicating strong agreement. The final labels are determined only
after full agreement is reached.

=== P1 Bug P3Bug ®=smP2Bug =—e=Cumulative Percentage of P1 Bugs

70.0%
60.0%
50.0%
40.0%
30.0%
20.0%
10.0%
0.0%

Fig. 2. Quarterly numbers of fixed R8 bugs by priority level and the cumulative ratio of P1 bugs over time. For quarter g, the
cumulative ratio is the fraction of P1 bugs among all fixed bugs reported up to g.

3.2 Bug Priority and Symptoms

3.2.1 Bug Priority. In the official issue tracker, developers assign priority levels in the form of Px to indicate
the urgency of a bug. Smaller numbers denote higher urgency: P1 is the highest priority, followed by P2 and P3.
Figure 2 shows the quarterly number of fixed R8 bugs by priority level together with the cumulative ratio of
P1 bugs over time. The initially high values (approximately 60%—80% in 2017) are expected: during R8’s early
development, the total number of reported bugs was small and the majority of them were P1 bugs, resulting in a
high P1 ratio. As more bug reports accumulated, this ratio gradually became more stable and finally converged
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to 32.1% (303 out of the 945) over the full dataset. Overall, although the total number of fixed bugs decreases
after the early years, the proportion of P1 bugs remains non-trivial, which highlights the importance of detecting
high-priority R8 compiler bugs.

3.22 Bug Symptoms. Error symptoms represent the observable effects of bugs during compilation or execution.
We identify bug symptoms through the manual labeling process described above. Specifically, the two authors
independently review each bug report (i.e., error messages, stack traces, failure scenarios, developer comments,
and reproducer information) and the associated fixes (i.e., commit messages and relevant pull requests). We
assign a symptom according to the primary externally observable failure: semantic mismatch for Miscompilation,
unexpected compiler termination for Crash, incorrectly applied keep or configuration rules for Configuration
Error, invalid generated bytecode or runtime verification failure for Incorrect Syntax, excessive compilation time or
memory usage for Performance Issues, and missing expected diagnostics for Error Omission. When a bug appears
to match multiple symptoms, we use the failure that is directly reported by users or confirmed by developers as
the primary label. For uncertain cases, the annotators consult a third researcher with compiler expertise. The
final label is recorded only after agreement is reached. We conduct a detailed review to identify the symptoms
exhibited by each bug:

Symptom 1: Miscompilation (360 bugs, 38.1%). This refers to cases where the output generated by R8
(i.e., DEX bytecode) does not maintain the expected semantic equivalence with the original JVM bytecode.
Miscompilation bugs are the most common ones. This can lead to unexpected runtime behavior, such as producing
incorrect outputs that deviate from the original intent. Such a bug is more severe for users compared to compiler
crashes, as the program can be successfully compiled but instead behaves unexpectedly, making it harder to
be detected and resolved. The previously mentioned Issue-147411673 falls under this category since the unsafe
behavior exhibited in the release app. Therefore, we need a robust test oracle capable of verifying semantic
equivalence.

Symptom 2: Crash (258 bugs, 27.3%). Crash bugs refer to cases where R8 terminates unexpectedly during
compilation. Such bugs result in the abrupt cessation of the compilation, typically followed by error alerts. Crash
bugs are common and critical, which prevent users’ apps from being successfully compiled. Listing 2 presents a
case where an R8 bug caused the Android build process to crash during IR conversion. This further exemplifies
the instability introduced by R8 crashes, which can disrupt the entire build workflow, delaying the app’s timely
release.

1 $ ./gradlew clean build
2 > Task :app:minifyReleaseWithR8

5 android-sdk. jar: NullPointerException during IR Conversion

Listing 2. NPE of R8 during App Build (Issue-150688800 [26])

Symptom 3: Configuration Error (164 bugs, 17.4%). This refers to bugs where the developer-specified
rules do not work as intended. As aforementioned, R8 replaces the previous obfuscator, ProGuard, and retains
compatibility by reusing ProGuard rule formats. These rules allow developers to specify which code elements
should be kept or renamed, providing fine-grained control over the final app. If R8 fails to parse and apply
the rules, it can lead to unintended behavior. For instance, in Issue-130135768 [23], the developer specified the
rule “~keeppackagenames customview.extrax” to preserve package names, but R8 still renamed the specified
package to a different one, failing to adhere to the specified rules.

Symptom 4: Incorrect Syntax (61 bugs, 6.5%). This symptom occurs when R8 successfully compiles DEX
bytecode, but syntax errors lead to a VerifyError during execution by the ART. These errors prevent the app
from running, causing runtime crashes.
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Symptom 5: Performance Issues (57 bugs, 6.0%). This denotes that the R8 compiler fails to produce results
within the expected time or memory limits. Such bugs can significantly impact the developer’s workflow, leading
to extended build times.

Symptom 6: Error Omission (45 bugs, 4.8%). This scenario occurs when R8 fails to issue an expected warning.
It does not report or handle the necessary diagnostic message. For example, when a developer specifies invalid
rules, R8 is expected to issue a warning. Failing to report such diagnostics leaves developers unaware of issues
that could affect the final output.

Finding 1: Among the 945 collected R8 bugs, P1-priority bugs remain non-trivial in recent years. Moreover,
360 (38.1%) are classified as Miscompilation, while 258 (27.3%) cause Crashes. To effectively detect these bugs,
a comprehensive test oracle that is capable of verifying output correctness through semantic equivalence and
identifying runtime failures is necessary.

3.3 Bug Distribution over Components

To identify the parts most susceptible to bugs within the R8 compiler, we analyze how the 945 bugs are distributed
across components. Following prior work [58], we use the source files modified by fixing commits as a practical
approximation of buggy files. Although the files touched during bug fixing do not always exactly coincide with
the unique root-cause files, we find that R8 bugs are often localized to a small number of files. Specifically, 50.4%
of the bugs are fixed within a single file, and 73.1% are fixed within no more than five files. This high degree of
localization suggests that the modified files provide a reasonable proxy for characterizing bug-prone locations
in R8. By mapping patch locations to specific compiler components, we categorize each bug accordingly (e.g.,
Shrinking in “com/android/tools/r8/shaking”). Due to the collaborative interaction between components, a single
bug may involve multiple components and source files. Therefore, the total number of bugs involving these
components exceeds 945.

Table 2. Bug Location and Bug-Revealing Test Case Distribution over Four Main Components.

Components | Optimization D8 Shrinking Obfuscation
#Bugs (Ratio) | 369 (39.0%) 319 (33.8%) 245 (25.9%) 87 (9.2%)
#Reproducer 169 78 105 46

3.3.1 Overall Distribution. Table 2 presents the bug distribution across the R8 components. We find that Opti-
mization contains the highest number of bugs, accounting for 39.0% (369/945). Following Optimization, D8 has
319 bugs (33.8%); Shrinking has 245 bugs (25.9%). Lastly, Obfuscation has relatively fewer bugs (9.2%). We also
found that the top 3 error-prone components (i.e., Optimization, D8, Shrinking) account for majority of the bug
(858 bugs, 90.8%) . This suggests that testing techniques can prioritize these components.

Compared to other traditional compilers, such as LLVM and GCC, which focus on efficient compilation and
optimization, features like Desugaring, Shrinking, D8, and Obfuscation are specific to the R8 compiler. These
features are closely tied to the Android ecosystem. For example, the inconsistency between the Java/Kotlin API
and the Android API requires the R8 compiler to address compatibility in the generated code. These unique
characteristics introduce new challenges in bug detection, which can hardly be effectively addressed by previous
studies.

Cross-Analysis of Symptoms and Components. To further investigate how bugs manifest across compiler
components, we analyzed the distribution of bug symptoms in each component. As shown in Figure 3, the
symptom distributions differ across components. Overall, Miscompilation is the most prevalent symptom and
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Fig. 3. Distribution of Bug Symptoms across Different Components.

Table 3. Top buggy files identified from the fixing commits of the 945 bugs

Component Buggy Files #Bug LOC #Bug/KLOC Description
IRConverter.java 93 1,272 73.1 Manages and executes IR optimization passes
Optimization CodeRewriter.java 67 3,972 16.9 Simplifies and rewrites instructions
(369 bugs) Inliner.java 33 1,392 23.7 Replaces invocations with callee’s body
Instruction.java 26 1,767 14.7 Defines IR instructions for optimization
MemberRebindAnalysis.java 21 647 32.5 Analyzes and optimizes method rebinding
R8.java 41 1361 30.1 Orchestrats the overall R8 compilation
D8 DexEncodedMethod.java 31 1777 17.4 Represents encoded method definitions
(319 bugs) DexItemFactory.java 23 3531 6.5 Provides afactory to manage DEX items
R8Command.java 18 1660 10.8 Defines'and manages command of R8
DexClass.java 16 1249 12.8 Manages DEX class information
Enqueuer.java 103 5902 17.5 Maintains a queue for reachability analysis
Shrinking ProguardConfigurationParserjava 52 2435 214 Parses Proguard configuration rules
(245 bugs) RootSetUtils.java 38 2446 15.5 Initials a root set for tree shaking
AppInfoWithLiveness.java 20 1310 15.3 Encapsulates liveness info for shrinking
AnnotationRemover.java 19 445 42.7 Removes unnecessary annotations
MethodNameMinifier.java 18 430 41.9 Minifies method names for obfuscation
Obfuscation ClassNameMir}ifjler.ja‘sz 18 483 37.3 M%n?ﬁes class names for obfuscation
(87 bugs) ProguardMapMinifier.java 17 /604 28.1 Minifies Identifier on Proguard rules
FieldNameMinifier.java 9 383 235 Minifies field names for obfuscation
SourceFileRewriter.java 8 112 71.4 Rewrites source file attributes

accounts for more than 36% of the bugs in every component. In particular, D8 has the highest proportion of
Miscompilation (44.2%), while Optimization is also dominated by this symptom. This suggests that bugs in these
components often silently change program semantics rather than causing immediate failures. In contrast, Crash
bugs are more prominentin Optimization, Shrinking, and Obfuscation.

Finding 2: Optimization is the most error-prone component (39.0% of the bugs). Moreover, the top 3 error-
prone components (i.e., Optimization, D8, and Shrinking) are responsible for 90.8% of bugs, which suggests
that testing efforts can prioritize these components.

3.3.2 Distribution over Buggy Files. To provide a detailed breakdown of the bugs, Table 3 further lists the top 5
buggy files in each component. For each buggy file, we present its name, the number of bugs (#Bug), the lines
of code (LOC), together with a brief description. Additionally, we include the bug density metric, which is the
number of bugs per thousand lines of code (#Bug/KLOC) following an existing study [42], which reflects the
bug density among these buggy files.

(1) Optimization Buggy Files. Optimization analyzes and rewrites code to improve runtime performance.
In each optimization pass, R8 analyzes the program to extract the context (e.g., call chains and control flow),
independently checks whether the code meets the required conditions for triggering potential optimizations, and
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further applies them. However, incorrect semantic analysis or insufficient context resolution can lead to bugs or
security issues.

We find that IRConverter (93 bugs) contains the most of bugs in Optimization. Note that IRConverter is
responsible for coordinating the sequence of optimization passes (e.g., Inlining) for converting IR. However,
this process involves complex code transformations and the resolution of dependencies between code elements,
which contributes to the high number of bugs. In Optimization, other files prone to error are CodeRewriter (67
bugs), Inliner (33 bugs), Instruction (26 bugs), and MemberRebindAnalysis (21 bugs). These bugs are induced by
code rewriting, function inlining, IR instruction, and analyzing method rebinding. This distribution is reasonable
since optimization tasks often involve complex code transformations that require accurate context and semantic
analysis.

A Case Study for Optimization. As shown in Listing 3, the ‘IRConverter’ model fails to perform correct
semantic analysis and context resolution, causing a crash. The ‘main’ method calls ‘noNormalExits’ (Line 5),
which throws an exception and returns abnormally. When the ‘IRConverter’ attempts to summarize optimization
information during the pass converter process, it fails to recognize that ‘noNormalExits’ would return abnormally.
However, the optimizer assumes that the method works normally and eventually generates incorrect optimized
code. During execution, the exception thrown by ‘noNormalExits’ is not handled properly; thus causing the
crash.

1 @interface CuAn {

2 enum MyEnum{

3 T1("Foo”), T2("Bar");

4 private final String str;

5 // R8 fails to encode param annotation
6 MyEnum( @uAn String str){this.str = str;}
7  String getStr() {return T1 + str;}

8 }

9 public class Main {

10 public static void main(String[] args){

1 class Main{
2 public static void main(String[] args){

3 try {

4 // R8 fails to analyze callee's semantic
5 KeptClass.noNormalExits();

6 System.out.println("world!");

7 } catch (Exception e) {

8 System.out.println("Exception”);

9 11

10 static class KeptClass {

X . . 11 MyEnum val = System.nanoTime > 0
11 public static void noNormalExits(){ y y O
. . 12 ? MyEnum.T1: MyEnum.T2;
12 throw new RuntimeException(); .
) 13 System.out.println(val);
13 }} w1

Listing 3. A Test Case that Triggers a Crash During the

L Listing 4. A Test Case that Triggers a Crash of D8 During
Optimization Phase (Issue-131619590)

Generating Output (Issue-235733922 [28])

(2) D8 Buggy Files. D8 is a key component in the R8 compiler, where the IR is converted into DEX bytecode,
aiming to ensure that the generated DEX files execute correctly on the Android VM. Typically, bugs in D8 include
non-compliant DEX formats and flaws in conversion, all of which can lead to DEX file format issues.

In D8, DexEncodedMethod (48 bugs) is the most error-prone file. In particular, it manages encoded method defi-
nitions for method-level transformations. The complexity of handling method signatures, parameter processing,
and bytecode instruction conversion can lead to erroneous bytecode modifications, causing abnormal method
behaviors or compilation failures. These bugs are typically caused by misunderstandings of method semantics
or inadequate support for the bytecode instruction set. Additionally, other components such as DexItemFactory
(36 bugs), DexClass (25 bugs), Application Writer (15 bugs), and DexProgramClass (14 bugs) also contain many
bugs. These bugs are primarily caused by improper DEX code management and errors in class information
management.

A Case Study for D8. As shown in Listing 4, R8 encounters an issue when handling the replacement of method
parameter annotations, thus leading to a NullPointerException (NPE). Specifically, when encoding the constructor
of the MyEnum enum, R8 fails to handle annotated parameters in Line 6, causing the annotation information to
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be improperly cleared. This incomplete annotation handling interferes with the correct passing of parameters,
disrupts the enum class’s initialization process, and ultimately results in an NPE.

(3) Shrinking Buggy Files. Shrinking reduces the app size by removing unused code. R8 determines the entry
points of an app based on user-configured rules and analyzes the code to construct a reachability graph, removing
irrelevant parts. However, inaccurate code reachability resolution or improper handling of configuration rules
can lead to potential bugs.

The Enqueuer (103 bugs) contains the most bugs in Shrinking, which is responsible for maintaining a queue
for reachability analysis, determining which classes, methods, and fields may be accessed. This process involves
complex code dependency resolution and graph construction. Any inaccuracies in analysis or mismanagement
of dependencies can result in incorrect code removal, leading to semantic inconsistencies or functionality loss.
Additionally, ProguardConfigurationParser (52 bugs), RootSetUtils (38 bugs), AppInfoWithLiveness (20 bugs), and
AnnotationRemover (19 bugs) also have a significant number of bugs. These bugs are primarily/caused by errors
in improper handling of configuration rules, leading to incorrect code removal.

1 abstract class Base implements Runnable {
abstract void foo();

3 public void run() { foo(); }}

+ //R8 fails to rename two foo as same name

5 class Subl extends Base {

6 void foo() { /*...*%/ }}

7 class Sub2 extends Base {

8 void foo() { /*...*x/ }}

9 public class Main {

10 public static void main(String[] arg) {

11 Runnable r = System.nanoTime() > @

12 ? new Sub1() : new Sub2();

13 r.run();

140
Listing 6. The test case that triggers a crash during

obfuscation phase (Issue-133686361 [24])

1 interface Uitf { void foo(); }

2 class UserOfUitf {

3 public static void bar(Uitf i) {/*..=*/}

L}

5 class Main {

6 public static void main(String[] arg){
if (System.nanoTime() < @) {

8 // R8 fails to mark the expr as live

9 User0fUitf.bar ( ()-> System.out.println("unused") )

10 } else {

11 System.out.println("Hello");

12333

Listing 5. The test case that triggers a crash error within
Enqueuer module (Issue-232379893 [27])

A Case Study for Shrinking. As shown in Listing 5, The Enqueuer module mishandled the code analysis,
causing a NPE error. The lambda expression on Line 8 implements the functional interface defined on Line 1.
However, R8 fails to correctly interpret the process of implementing the functional interface using the lambda
expression, mistakenly identifying the contents of the lambda as unreachable and removing it. As a result, when
checking the parameters in the UserOfUitf.bar method, it is found that the foo method of the Uitf interface has
not been implemented, leading to a runtime error.

(4) Obfuscation Buggy Files. Obfuscation increases code complexity through techniques such as identifier
renaming and package flattening to prevent reverse engineering. For example, identifier renaming changes class,
method, and variable names to meaningless characters. These complex operations are prone to semantic errors
and improper handling the mapping and dependencies of class/method/field before and after obfuscation.

Within Obfuscation, MethodNameMinifier (18 bugs) and ClassNameMinifier (18 bugs) are the most error-prone
files. The former must ensure that method renaming does not break call relationships, as any mistake could cause
method invocation failures. The latter must maintain inheritance and reference relationships between classes, and
renaming errors can trigger class loading errors. Additionally, ProguardMapMinifier (17 bugs), FieldNameMinifier
(9 bugs), and SourceFileRewriter (8 bugs) also involve bugs. These bugs primarily stem from misinterpretation of
code structures and incorrect resolution of dependencies during the renaming process.

A Case Study for Obfuscation: As illustrated in Listing 6, the test case triggers a crash during the Obfuscation
phase. This bug primarily stems from the failure to correctly track the renaming status of certain methods
during the renaming process. Specifically, the abstract method foo in the Base class is implemented in subclasses
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Sub1 and Sub2. A critical error occurs if the renaming process assigns divergent names to the parent method
and its subclass implementations. This inconsistency breaks the method override relationship, resulting in an
AbstractMethodError.

Finding 3: Analysis of the top buggy files reveals distinct bug patterns for each component. Optimization
bugs often stem from incorrect semantic analysis during complex code transformations. D8 bugs typically
involve improper bytecode conversion and handling of method definitions. Shrinking bugs are commonly
caused by inaccurate reachability analysis, and Obfuscation bugs relate to flawed dependency resolution
during renaming.

3.4 Characteristic of Bug-Revealing Test Cases.

In this section, we analyze the publicly accessible bug reproducers. Although many bugs do not provide publicly
available bug-revealing test cases, this subset can still cover all major components and is sufficient for revealing
meaningful code patterns that trigger them. Based on prior researches [31, 43], test case characteristics can be
analyzed from multiple perspectives. For instance, we could examine code featureslike the number of for loops.
However, a more effective approach is to analyze the key factors that trigger bugs based on the unique functionality
of the R8 component. In this study, we focus our analysis on the three error-prone components (i.e., Optimization,
D8, Shrinking) according to Finding 2. These three components jointly ‘account for 90.8% of the reported bugs.
Focusing on these components allows us to cover the vast majority of bug-prone areas while keeping the analysis
useful. The remaining component, Obfuscation, accounts for only 9.2% of bugs and is thus excluded from this
detailed analysis.

Specifically, we observe three key factors that are likely to trigger R8 compiler bugs. (1) Factor#1: code
structures to trigger optimization passes. Optimization employs 50 different passes. This involves handling
complex, multi-stage analyses and transformations. Notably, these passes are only triggered when the test case
includes specific code structures. (2) Factor#2: advanced JVM features. D8 manages the generation of IR to
ART/JVM bytecode and the parsing of input JVM bytecode. This process involves supporting many advanced JVM
features. Essentially, parsing and desugaring these features requires processing their corresponding advanced
instructions. Therefore, for D8, inadequate support for high-level JVM features can lead to format errors. A
representative example is Issue-235733922 [28], in which R8 crashes because it mishandles the instructions
for method parameter annotations, leading to a NullPointerException. (3) Factor#3: user-defined keep rules
guiding the shrinking process. Keep rules are user-defined configuration directives (written in ProGuard
rule format) that instruct R8 which program elements (e.g., classes, methods, and fields) should be preserved
during shrinking and obfuscation. These rules allow developers to prevent accidental removal of critical code
elements. When test cases involve complex rules, R8 may misinterpret them, leading to unexpected behavior or
even crashes. A representative example is Issue-236691999 [29], where intricate keep rules led to the stripping of
enum member; causing a NotPresentException.

To evaluate how such factors contribute to bug exposure, we perform a quantitative analysis of the bug-
revealing test cases. As a comparison, we apply JavaFuzzer [2] to randomly generate 500 test cases and analyze
their characteristics as well. We choose JavaFuzzer since it has been widely used by existing JVM testing
approaches [34, 59, 63]. Then, we evaluate from the perspective of the three dimensions:

For Factor#1, we assess whether the 169 Optimization-related test cases (marked as Reprog ;) include code
structures that trigger optimizations. Specifically, R8 provides an option, “extensivelogg
ingFilter=<funcy;...>” to print the IR changes for specified functions. After a pass, if the IR changes, the
updated IR is printed; otherwise, “Unchanged” is printed. We measure the total number of distinct passes triggered
when compiling these test cases using R8. Figure 4 shows the results. We find that each test case in Reprog

ACM Trans. Softw. Eng. Methodol.


https://issuetracker.google.com/issues/235733922
https://issuetracker.google.com/issues/236691999

Understanding and Detecting Android R8 Compiler Bugs « 13

0

] 1.0

0 20 *? 0.89 ¥1.00

E E‘ 0.8

.g. 101 'E 0.6 1

(o) 4 = o

* oL = o 0 P04l —2 .
Reproop;a\'a\__uzze\' Reprooi;a\'a\._“zzer

Fig. 4. Triggered Optimization Passes in Repro, Fig. 5. The Bytecode Similarity in Repropg

opt

triggers at least one optimization pass. Moreover, the full set of Reproopt cases covers all 50 optimization passes
in R8. In contrast, tests generated by JavaFuzzer struggle to trigger passes in R8. This suggests that detecting
bugs in Optimization necessitates test cases with certain structures that activate optimization passes.

For Factor #2, we evaluate the extent to which the 78 D8-related test cases (marked as Repropg) involve
advanced JVM bytecode features by analyzing their desugaring transformations. Specifically, we apply only D8
to process the JVM bytecode into two types of ART bytecode: desugared bytecode (by,z) and non-desugared
bytecode (bnodsg)- bnodsg is produced via a R8 option “—no-desugaring”. We then compute the similarity between

distance(bsg.bnodsg)
max(len(bdsg),len(bnadxg))
Specifically, a lower similarity indicates more extensive transformations, suggesting the test case involves a richer
set of advanced JVM features. Figure 5 illustrates the similarity distribution. Many test cases cluster at 0.89 or
below. In contrast, test cases generated by JavaFuzzer show minimal change, as they lack advanced bytecode
features. These findings suggest that incorporating complex JVM features plays a key role in triggering D8’s
desugaring mechanism, making such test cases valuable for testing.

For Factor #3, we investigate whether each bug requires specific keep rules to be triggered. Since R8 requires at
least one keep rule to identify the program’s entry point (i.e., the main method), the presence of a basic rule alone
is not informative. Instead, we examine whether triggering a bug also requires additional rules that preserve other
program elements. If such additional rules are present, it suggests the bug is dependent on keeping those elements.
Finally, we find that among the 105 Shrinking-related test cases, 63 (60.0%) involved additional rules. This indicates
that many bugs in Shrinking are sensitive to the rule set, underscoring the importance of incorporating diverse
rules when generating test cases.

basg and bpogsg using the Levenshtein Distance metric (ie., 1 — ), following prior work [3, 32].

Finding 4: Triggering R8 compiler bugs requires specific code features. Bugs in Optimization are often
triggered by diverse code structures that activate its various optimization passes. Bugs in D8 are closely
related to advanced JVM features. Meanwhile, bugs in Shrinking often depend on complex user-defined keep
rules.

3.5 Insights and Approach Design

Our findings directly motivate the design of R8Scan. Finding 2 shows that Optimization, D8, and Shrinking
dominate the historical bug distribution, while Finding 4 shows that bugs in these components are triggered
by different kinds of code features rather than generic random mutations. These observations reveal two main
challenges. First, generated tests should preserve the component-specific structures required to exercise the
dominant buggy components (C1). Second, even when such structures are present, the bug-triggering semantics
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may remain dormant unless the injected calls receive suitable arguments (C2). To address these challenges, we
design R8Scan as follows.

(1) Utilizing prioritized real-world code to synthesize test cases (Addressing C1). According to Finding
4, Optimization bugs are often exposed by optimization-triggering structures, D8 bugs are closely related to
advanced JVM features, and Shrinking bugs are sensitive to additional user-defined keep rules. Therefore, instead
of randomly mutating seed programs or randomly harvesting code fragments, we extract standalone real-world
functions and prioritize those that are more likely to exercise these component-specific behaviors. In particular,
we retain functions that can activate optimization passes or contain feature patterns related to desugaring, and
we augment synthesized tests with additional keep rules to better exercise Shrinking. We call these retained
functions Prioritized Functions.

(2) Utilizing LLMs to construct function arguments (Addressing C2). When injecting functions into
seed files, we aim to construct several argument sets that improve the coverage of the injected functions and
better explore their semantics. Finding 1 shows that miscompilation bugs are common in R8 compilers. Such
bugs do not necessarily cause crashes; instead, they surface only when the relevant execution paths are actually
exercised. Traditionally, covering more branches requires symbolic execution to solve path constraints and
generate argument values. However, the real-world functions collected in our study often use advanced Java
syntax that existing symbolic execution tools struggle to support. In contrast, LLMs have recently shown
promising capability in code inference tasks [8, 33]. Therefore, rather than using LLMs as end-to-end generators,
we use them to produce argument expressions that help activate target path conditions and facilitate broader
path exploration.

1 /* Argument Expression Set 1: 1 public class Test {
2 l=int_varl; text=String_varl.substring(0,Math. 2
min(String_var.length(),9)) 3 <place the real-world function>
3 Argument Expression Set 2: 4
4 l=Integer .MAX_VALUE; text=String_varl + " 5 public static void main(String[] args){
abcdefghijk”.substring(0,10) =*/ 6 String s1 = "ssssssssssssssss”;
5 static String func(int 1, String text) { 7 int i1 = 1510218867;
6 StringBuilder sb = new StringBuilder(); 8
7 if (text.length() < 10) { 9 // Infill typed vars on argument set 1
8 try { sb.append(text, 0, 1); 3} 10 int 1.1 = i1;
9 catch (Exception e) { 11 String text_1=s1.substring(@,Math.min(s1.length(),9));
10 System.out.println(e); 12 s1 += func(1_1, text_1); // trigger the bug
13} 13
12 return sb.toString(); 14 // Infill typed vars on argument set 2
15} 15 int 1.2 = Integer.MAX_VALUE;
16 String text_2=s1+"abcdefghijk".substring(0, 10);
(a) A Real-World Function from Apache Hadoop 17 s1 += func(l_2, text_2);

public class Test {

public static void main(String[] args){
String s1 = "sS5S5SSSssSssssss”;
int i1 = 1510218867;

5 System.out.println(s1);

6 1}

19 System.out.println(s1);
20 }
21}

(c) The Synthesized Test Case

(b) The Seed Program

Fig. 6. Example of inserting an optimization-triggering function (a) to seed (b), and generating a test case in (c). The inserted
part is highlighted in jorange. This triggers an Miscompilation bug (Issue-380182105).

Illustrative Example. By integrating our insights, we propose R8Scan. Figure 6 presents a motivating exam-
ple of how the above insights are translated into a concrete synthesized test case. It shows a concrete example that
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R8Scan inserts a real-world function to the seed program and the generated test case triggers an Miscompilation
bug. R8Scan first extracts a real-world function from Apache Hadoop, as shown in Figure 6(a). This function is
prioritized because it contains optimization-triggering structures, including a branch, exception handling, and a
library call whose behavior depends on argument ranges. To activate different paths of this function, R8Scan con-
structs two argument expression sets in advance. One set satisfies the constraint ‘text.length()<10’ and allows
the try-catch branch to be executed; the other drives the library call with a large bound. Figure 6(b) shows the orig-
inal seed program, and Figure 6(c) shows the synthesized test case after infilling the expressions with live variables
from the seed. In particular, the first injected call uses ‘text_1 = s1.substring(@, Math.min(s1.length(),
9))’, which guarantees that the branch guarded by ‘text.length() < 10’ is executed. This path is crucial for
exposing the bug. Theoretically, if ‘1’ exceeds the length of ‘text’, an IndexOutOfBoundsException is expected
to be thrown within the function in Figure 6(a). However, during optimization, R8 incorrectly reasons that the
‘StringBuilder.append(String, int, int)’ call does not require range checking and removes necessary
exception-handling logic. As a result, the R8-compiled program prints a result that is semantically inconsistent
with the original JVM execution. This example illustrates why both components of R8Scan are necessary: priori-
tized real-world functions provide bug-relevant structures, while argument expressions-activate bug-relevant
semantics.

We also find that such cases are difficult for existing mutation-based compiler fuzzing tools to generate. These
tools typically modify seeds using optimization-triggering mutators. For instance, JITFuzz [59] integrates four
mutators to trigger JVM optimizations, such as function inlining and escape analysis. However, these mutators
do not effectively construct many bug-revealing patterns that are important for R8 (e.g., advanced JVM features
and optimization-triggering code structures). Specifically, triggering Issue-380182105 requires a unique code
structure involving string concatenation and exception handling. Unfortunately, the current implementations of
existing tools lack support for such features.

4 APPROACH

The workflow is shown in Figure 7. (1) Initialization. This phase extracts prioritized functions from real-world
projects. Then, we utilize LLMs to infer argument expressions to explore more code semantics for these functions,
and thus effective fuzzing seeds can be further generated. (2) Synthesizing. This phase is pivotal, which injects
the above prioritized functions into seed programs. This allows R8Scan to generate test cases that can cover
a broad range of paths, thus improving the exposure of potential bugs in R8. (3) Bug Detection and Report.
R8Scan employs differential testing to detect bugs. In particular, it utilizes Crash and Miscompilation test oracles.
More importantly, this fuzzing processinvolves three major compilers: R8, VM, and ART. Once a bug is detected,
R8Scan reduces the size of test case before reporting it.

' | Real-World | profie 3 Argument + Crash
Prioritized Functions =220 02| Expressions | | + Miscompilation Bug Reduce

i
i

i i

R s i R il RETIIlY test oracles !
i

i

1| execute | JVM OpenjbK

R8+ART

Fig. 7. Workflow of R8Scan
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4.1 Initialization

We first extract candidate functions from real-world open-source projects and retain a subset for later test
synthesis. A prioritized function is an extracted standalone function that is more likely to exercise bug-prone R8
behaviors identified in our empirical study. Specifically, we prioritize functions containing optimization-triggering
structures, advanced JVM features related to desugaring, or patterns relevant to user-defined keep rules. We
focus on this subset because not all real-world functions are equally useful for R8 testing. Our findings show that
the dominant buggy components of R8 are exposed by component-specific features rather than arbitrary code
fragments. Therefore, R8Scan prioritizes functions that are more likely to activate the historically error-prone
components, thereby improving both testing effectiveness and generation efficiency.

Candidate Functions Extraction. To collect candidate functions, we select the top 500 Java projects from
GitHub sorted by the number of “Stars”. These projects are selected to ensure a diverse and high-quality set of
code features to trigger various compiler behaviors. We aim to extract a comprehensive collection of real-world
function database 2 from these projects. Specifically, we leverage Spoon [45], a well-known Java code parsing
tool, to retrieve functions from source code. To facilitate the following step of seed synthesizing and fuzzing,
each function in 2D should satisfy the following criteria: (a) The function must.involve only primitive types and
built-in library types (i.e., Java and Android library types). For example, the function caninclude only library
function calls and should not invoke any user-defined functions. This can enable us to compile and execute
functions without parsing deep classes dependencies. (b) The function must generate deterministic outputs to
avoid non-deterministic operations (e.g., randomness) to facilitate differential testing. We complete the function
extraction process in the following steps:

Step 1: Remove user-defined types. We first remove any parameter with user-defined types. We then traverse all
statements following the control flows of the function, and retain a statement only if: (1) it does not reference
user-defined types (e.g., user-defined functions); (2) it does not depend on a previously eliminated local variable
(i.e., a parameter with a user-defined type). Additionally, if a statement references an external variable (e.g., a
primitive type field), R8Scan replaces the external variable with a concrete value. Finally, if the function returns
user-defined types, we replace it with void and rewrite all return expr statements as a plain return in the
function body. The above strategy ensures that only operations involving primitive or built-in library types are
retained.

Step 2: Remove non-deterministic operations. For each function, we randomly generate a set of arguments and
execute the function ten times, logging both the return and printed values. If the results differ across executions,
the function is deemed to exhibit non-deterministic behavior and is excluded from the database.

Although we adopt the above rigorous steps to filter out functions, those selected ones still retain high
complexity and contain a wide range of code structures (see Section 5.1).

Function Prioritization. We obtain a database 2 with 82,127 functions, with the likelihood of triggering
various R8 compiler behaviors varying. For instance, some contain only simple statements (e.g., int x = 0;), which
would increase testing overhead without any benefit. Since we focus on Optimization, D8 and Shrinking bugs,
triggering optimization passes and containing advanced JVM features are key indicators of a function’s capability.

First, we evaluate whether the function can trigger at least one pass by comparing changes in the IR before
and after each pass. This aligns with the setup in Section 3.4. If a function triggers any pass, we call it an
optimization-triggering function. Such functions are retained in the database 2D . Ultimately, Do, contains
41,230 functions. Second, we assess whether a function includes advanced language features that can activate
desugaring in D8. If the similarity between the ART bytecodes before and after desugaring falls below 0.89, we
call the function feature-enriched function. We set the threshold to 0.89 since it is the median similarity of
bug revealing test cases, as shown in Figure 5. Such functions are stored in database 2 pg, which contains 9,152
functions. All other functions that do not belong to either D¢ or Dpg are discarded.
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Few-Shot Example Real-World Function Example

[TASK] Analyze the following Java function and construct up to three sets of [TASK] Analyze the ...

argument expression using typed variables (e.g., int_var) to cover as many code [Java Function]

lines as possible. Assume the typed variables can hold any non-null value, and static String func(int I, String text) {
ensure the arguments are valid without exception.

[Java Function] if (text.length() <10) { ...}
<Example Java Function> return sb.toString();
[Function Argument Expression Sets]:
<Example Argument Expression Sets> [Function Argument Expression Sets]
Argument Expression Set 1:
[TASK] Analyze the ... Target Function B8 int_varl;

text = String_varl.substring(0, Math.min(String_varl.length(), 9));
Argument Expression Set 2:

| = Integer. MAX_VALUE;

text = String_varl + "abcdefghijk".substring(0,10);

[Java Function]:
<Java Function>

[Function Argument Expression Sets]:
[TO BE GENERATED]

(a) Prompt Template for Constructing Argument Expression Sets (b) Argument Expression Sets for Target Function

Fig. 8. Argument Expression Construction in R8Scan. (a) A prompt template, including few-show examples and function

pending analysis. (b) A few examples consist of a completed prompt with the LLM-generated argument expression sets.

When the expressions are infilled with variables that can take any non-null value, they are expected to satisfy the target
constraints.

Function Argument Expression Construction with LLMs: To inject functions into seed files, we need to
devise a set of arguments. In particular, we aim to construct arguments that can enhance the code coverage of
the injected functions within limited calls. This helps increase the chances of detecting Miscompilation bugs since
such bugs can only be triggered when related code is actually executed. Therefore, R8Scan leverages advanced
LLMs to infer the requirements for argument expressions that trigger diverse code execution paths. This process
hinges on the capability of the LLM to understand code semantics and reason about runtime behaviors. For each
function, we employ few-shot in-context learning to prompt the LLM to generate multiple sets of argument
expressions. Each expression consists of typed variables, such as ‘int_var’, combined with various operations.
Figure 8(a) illustrates the few-shot prompt template used for this purpose, along with the examples provided to
the LLM. The target function shares the structure of the few-shot examples but contains an empty argument
field for the LLM to populate. Moreover, since a function may have many different paths, we limit the number of
function calls to three at most to balance coverage exploration and execution overhead.

Take the prompt for a function in Apache Hadoop as an example. Its prompt is shown in Figure 8(b). Since
the function includes the constraint ‘text.length() < 1@’, the LLM generates two argument expression sets.
For instance, when argument ‘text’ is set to ‘String_var1.substring(@, Math.min(String_varl.length(),
9))’, it satisfies the above constraint. Later, during the synthesizing phase, R8Scan infills these expressions using
variables with the same types from the caller (i.e., seed program). For example, when a String-type live variable
(which can hold any non-null value) in the caller replaces the aforementioned String_var1, the constraint will
be satisfied. Moreover, using the variables from caller can strengthen the contextual relationship between caller
and the function. The unpredictable values from caller variables often trigger corner cases. Note that the inference
of LLMs only incurs a one-time cost for each function, and the resulting argument expression sets are stored for
use in later phases.

4.2 Seed Synthesis

In this phase, R8Scan injects prioritized functions into seed programs to construct the final test cases. The
objective is to exercise as many optimization passes and advanced JVM features as possible while maximizing
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code coverage within each function. Algorithm 1 outlines the general workflow of R8Scan. Specifically, the system
accepts a seed corpus € and the enhanced function databases Dg,; and D pg as inputs. It outputs synthesized
programs for subsequent differential testing. The key steps proceed as follows:

Algorithm 1: R8Scan’s Synthesizing Phase

1

2

Input :A seed corpus C; The enhanced function database Dg,, and Dpg
p < getSeed(C) // Obtain a seed file from €
for 1. MAX_ ITER do
// Randomly process a function from Dpg and Doy
p < Synthesize(p, choose(D, )
p < Synthesize(p, choose(Dpg))
end
Function Synthesize(p,func):
pos < p// Randomly select a line pos from p
{Arg:} < load LLMResult(f) // Load pre-generated argument expression sets from LLM
foreach Arg,, € {Arg,,} do
inpy,inps, ..., inp, < getArg(pos, p, func, Argy,) // Create arguments by reusing live variables or generating
new variables to infill the expression
ret < getReturn(pos, p, func) // Try to assign the return value to a live variable
p < insert(inpy,inp,, ....inpy, ret, pos, p) // Insert the function call and update program p
end
return p

end

(1) Randomly select a seed program p (Line 1).

(2) Randomly process a function from Dpg and Do, respectively, until reaching the maximum number of

iterations. In R8Scan, we set MAX_ITER to 20 to achieve a trade-off between performance and overhead (Line
2-6).

(3) Randomly pick a random position pos for injection (Lines 8) and load the function argument expression sets

pre-generated from LLMs(Line 8-9).

(4) For each argument expression set, we substantiate the arguments (inpy, inps, ..., inp,) either by reusing live

variables or generating new ones to infill the expression. For example, if the expression requires a String
type variable, we randomly select a String-type live variable from the caller to infill the expression. We also
randomly select a live variable to receive the return value, ensuring the changes caused by the function are
observable, as such changes can be reflected by printing the variable’s value (Lines 11-12).

(5) Insert a function call into p at pos using the selected inputs and return variable. It updates p for the next

iteration (Line 13).

We maintain syntactical and semantic correctness during function injection. For the injected functions, we

import the necessary Java and Android libraries into the seed file during function injection. Regarding the
generated arguments, if a function requires arguments of built-in types, the LLM generates matching expressions.
When an expression needs a library object that is not present in the seed code, R8Scan creates a new one based on
its constructor. For example, R8Scan might generate new java.util.Random(100) to create a Random object
according to the constructor Random(long seed). Section 3.5 has illustrated how these designs work together in
a concrete example.
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4.3 Bug Detection and Report

Bug Inspection. After generating test cases, we need to specify rules as the entry points of the program. Finding
4 reveals that triggering bugs in Shrinking often relies on complex rules. Therefore, R8Scan randomly specifies
rules to keep the inserted functions beyond the main function. As a result, all methods that are unreachable from
the entry points are removed, which helps in detecting Shrinking bugs. Subsequently, R8Scan identifies bugs
using the following test oracles:

+ Crash: First, R8Scan uses Javac to compile the test case into JVM bytecode. Then, R8Scan applies RS to compile
the JVM bytecode into DEX bytecode. A bug is detected if R8 crashes at runtime.

« Miscompilation: R8Scan uses JVM to execute the JVM bytecode and record the output Oy . Similarly, we
specify options for JVM to enable JIT compilation, aiding the detection of JVM JIT bugs. We then execute
the DEX bytecode on ART and record its output as Osgr- We compare Oagy with Ojyp to detect semantic
inconsistencies. However, inconsistencies might originate from any of the three compilers: R8, JVM, or ART. To
pinpoint the source of such discrepancies, we manually investigate to determine which compiler is responsible.

Test Case Reduction. R8Scan frequently generates complex test cases by injecting diverse real-world
functions into seeds. Consequently, these test cases expand in size and invoke a wider range of compiler behaviors.
However, this increased complexity hinders developers from identifying the root cause of defects. To facilitate
the debugging process, we employ the state-of-the-art tool perses [51] to minimize test cases prior to reporting
bugs.

5 EVALUATION
We evaluate R8Scan with the following research questions:

+ RQ1 (Usefulness): Can R8Scan successfully detect new bugs in the R8 compiler?

+ RQ2 (Effectiveness): Does R8Scan outperform state-of-the-art techniques in terms of code coverage and bug
detection capability?

« RQ3 (Components’ Contribution): How do the major design components contribute to the effectiveness of
R8Scan? We also evaluate the performance variations across different backbone LLMs.

5.1 Experiment setup

Target R8, JVM and ART. For R8; we compile its latest version (commit=740f37). For JVM, we select one of the
most popular JVM implementations, Open]JDK [44], as our test target. We compile the latest debug build of the
mainline version (OpenJDK 25) and configure it with the -Xcomp flag to mandate JIT compilation. Regarding
ART, we use the latest version of AOSP [19] (Android Open Source Project) as our target. We compile ART from
the latest AOSP source and specify the ‘-Xjitthreshold:@’ option to enforce JIT compilation.

Environment. We conduct our evaluation on a Linux server equipped with two Intel(R) Xeon(R) Gold 6248R
CPUs and 256GB of RAM. To construct function argument expressions with LLMs, we choose DeepSeek-V3 [13]
since it has been proven to exhibit superior performance in code-related tasks [20]. It is worth noting that we
also tried other LLMs, but found that DeepSeek-V3 helped the tool achieve higher coverage and discover more
bugs. Consequently, we chose DeepSeek-V3 (see Section 5.4.1 for details). The prompt templates can be found
in our repository. For each function in Do and Dpg, we prompt the LLM to generate expressions with the
temperature set to zero via the DeepSeek APIs. This LLM-based preprocessing stage incurs a one-time cost of
$6.27 in total, corresponding to 1.2 million input tokens. The entire inference phase took approximately 4 hours
of wall-clock time, and the generated expressions were saved and reused throughout the subsequent fuzzing
process. For code coverage comparison, we use the well-known Java coverage analysis tool Jacoco [1] to measure
the coverage.

Seed Pools. Following existing studies [31, 63], we obtain the initial seed pool using JavaFuzzer [2].
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Prioritized Function Pools. We quantify the number of lines and branches for the functions residing in
databases Do and Dpg (see Section 4.1). Figure 9 presents the results. We observe that the majority of functions
consist of fewer than 60 lines and 15 branches. On average, a function contains 15.07 lines and 2.95 branches. The
number of lines and branches in a function often correlates with its error risk. Complex functions can make it
more difficult for compiler to achieve correct compilation. Hence, such functions are non-trivial and useful for
detecting bugs.
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Fig. 9. Distribution of Lines and Branches in Functions

Table 4. Covered Unique Paths by Argument Expression Sets

#Unique #Functions
Paths size(AES)=3 size(AES)=2
3 9.6K, 85.7% -
2 1.0K, 9.0% 25.1K, 89.6%
1 0.6K, 5.3% 29K, 10.4%

The LLM-inferred Argument Expression Sets. We further evaluate whether the expressions inferred by
LLMs help explore different paths in the functions as expected. For each prioritized function, R8Scan infers at
most three Argument Expression Sets (AES), so that the injected function is invoked no more than three times in
a synthesized test case. We do not assume these LLM-inferred expressions are always perfect; instead, we later
assess whether they effectively guide distinct path exploration. Suppose that the LLM generates three AES for a
function. We use these AES to create three sets of arguments and invoke the function three times. Each typed
variable in the expression is assigned a random value. Next, we count how many distinct paths are covered across
these three executions. Executions that cover the same lines of code (measured by JaCoCo’s coverage data) are
considered the same path. In our analysis, we exclude functions whose AES size is 0 or 1, since these functions
contain only a single path. There are 46,159 distinct functions in Do and Dpg. Table 4 shows the results. The
statistics indicate that the expressions generated by LLMs can effectively cover multiple paths in most cases. For
example, when the AES size is 3, 9.6K functions (85.7%) cover three distinct paths with three calls. These results
suggest that LLMs can effectively guide broader path exploration.

Baselines. R8Scan is the first tool specifically designed for testing R8. We evaluate its bug detection capability
by comparing it with three leading JVM JIT fuzzers: JITFuzz [59], Artemis [34], and Fetris [71]. Note that these
tools are designed for testing JVM JIT compilers, not R8. In particular, Artemis mutates seeds at the source code
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Table 5. Statistic of Bugs Detected by R8Scan. ‘Detection’ indicates if any baselines can detect the bug

Bug ID Compiler Symptoms Cfn?‘;i::nt Status P;;o:eliy Detection
Issue-341618078 R8 Miscompilation ~Optimization Fixed P1 X
Issue-342067836 R8 Miscompilation ~Optimization Fixed P1
Issue-344363462 R8 Miscompilation ~Optimization Fixed P1
Issue-348499741 R8 Miscompilation D8 Fixed P1
Issue-354625681 R8 Miscompilation ~Optimization Fixed P1
Issue-354625682 R8 Miscompilation ~Optimization Fixed P1
Issue-358913905 R8 Crash Optimization Fixed P1
Issue-418568424 R8 Crash D8 Fixed P1
Issue-369739224 R8 Miscompilation D8 Fixed P1
Issue-371247958 R8 Miscompilation ~Optimization Fixed P1
Issue-384844007 R8 Miscompilation ~Optimization Fixed P1
Issue-379347949 R8 Miscompilation D8 Fixed P2
Issue-380109542 R8 Miscompilation ~Optimization Fixed P2
Issue-380182105 R8 Miscompilation ~Optimization Fixed P2
Issue-359102835 R8 Crash Optimization Fixed P3

Issue-353143650 R8 Miscompilation ~ Shrinking  InProgress P2
Issue-370217723 R8 Miscompilation Optimization InProgress P3

Issue-350540996  ART  Miscompilation JIT Optimization  Fixed P2
Issue-351868772  ART Crash JIT Optimization  Fixed P2
Issue-368984521 ART  Miscompilation JIT Optimization  Fixed P2
Issue-341476044  ART  Miscompilation JIT Optimization  Fixed P2

Issue-370303498 ART  Miscompilation LibCore In Progress ~ P3
Issue-347706992  ART  Miscompilation JIT Optimization Duplicate P2
JBS-9077400 Open]DK Crash JIT C2 Compiler  Fixed P2
JBS-9077067 OpenJDK Crash Javac Fixed P4
JBS-9078164 OpenJDK Crash JIT C2 Compiler In Progress P4
JBS-9077257 OpenJDK Miscompilation JIT C2 Compiler Duplicate P2
JBS-9077247 OpenJDK Miscompilation JIT C2 Compiler  Duplicate P2
JBS-9077393 OpenJDK Crash JIT C2 Compiler Duplicate P2
JBS-9077215 OpenJDK Crash JIT C2 Compiler ; Duplicate P2
JBS-9077593 OpenJDK Miscompilation JIT C2 Compiler Duplicate P3
JBS-9077754 OpenJDK Crash JIT C2 Compiler Duplicate P4
JBS-9077755 OpenJDK Crash Javac Duplicate P4

DX ] X X X X X ™ K XX X XK X XY™™ XXX NRR X XXX X XX

level to generate mutants, while JITFuzz and Jetris perform mutation at the Java bytecode level. To include these
tools for comparison, we select mutants generated by them for differential testing and reuse the three test oracles
mentioned in Section 4.3. For fairness, we assign the same javaFuzzer-generated seed pool to all baselines.

5.2 RQ1: Usefulness of R8Scan

Detected Bugs. We apply R8Scan to fuzz the latest version of R8 as the main target, and use OpenJDK and
ART as additional generalization targets. R8Scan detects 17 R8 bugs. Table 5 presents a detailed breakdown
of the bug statistics. Through manual root cause analysis, we find that Artemis also detects two of the R8 bugs
(Issue-354625682 and Issue-354625681). However, the remaining R8 bugs remain undetected by the baselines
because the key code structures that trigger them originate from real-world functions, which represent patterns
that are challenging for baselines to synthesize (see Section 5.3). Among the 17 R8 bugs, 14 are classified as
Miscompilation. Such bugs pose significant risks because they do not cause compiler crashes, which makes them
difficult to detect. Regarding priority levels, 11 R8 bugs are assigned priority P1. Moreover, there are 4 R8 bugs
with P2 and two with P3. This indicates that the R8 bugs detected by R8Scan are practically important. Since
these bugs could cause crashes during the build process, they might delay the app’s release if such bugs are not
detected and fixed. R8Scan also detects 10 bugs in OpenJDK and 6 bugs in ART. Moreover, fixing our detected
bugs is non-trivial. For example, ART developers comment in Issue-341476044, “We are still working on this issue.
The fix is harder than we originally thought.” Considering the importance of OpenJDK and ART in the Java and

ACM Trans. Softw. Eng. Methodol.


https://issuetracker.google.com/issues/354625682
https://issuetracker.google.com/issues/354625681
https://issuetracker.google.com/issues/341476044

22 .« Zifan Xie, Ming Wen, Shiyu Qiu, Maolin Sun, and Hai Jin

Android ecosystems, detecting their bugs is crucial for ensuring the stability, performance, and security of Java
and Android software.

Affected Components. The 17 detected R8 bugs span multiple R8 components, as detailed in Table 5. The
Optimization component accounts for the majority of these R8 defects (12/17). That is rational since Optimization
is the most error-prone component according to our Finding 2. Additionally, R8Scan detects 4 bugs in D8 and 1
bug in Shrinking. Regarding JVM and ART, R8Scan also identifies bugs related to Optimization. For example,
there are 8 bugs in the JVM JIT C2 compiler, and 5 bugs affect Optimization in ART. This demonstrates the
effectiveness of R8Scan in detecting bugs by injecting prioritized real-world code.

5.3 RQ2: Effectiveness of R®Scan

We evaluate R8Scan against the baselines using the same seed pool w.r.t. achieved code coverage and bug detection
capability. Regarding code coverage, we focus on the four main components of R8. To mitigate the effects of
randomness, we repeat each experiment three times and report the average values. For tools that employ iterative
mutation to generate test cases, we select the final output for differential testing. For instance, we utilize the
1,000th test case from JITFuzz, as it performs 1,000 mutation iterations per seed: It is worth noting that seed
processing throughput varies across tools. To ensure fairness, we standardize the fuzzing duration at 24 hours for
all tools.

Code Coverage. Figure 10 depicts the code coverage results averaged across multiple experimental runs.
The data reveals that R8Scan surpasses all baselines in terms of line coverage. Specifically, it attains 49.8%
line coverage across the four main components, whereas JITFuzz, Artemis, and Jetris achieve 29.6%, 40.6%, and
42.5%, respectively. Notably, the four main components of R8 comprise approximately 406.5K lines of code.
Consequently, even a 1% improvement in code coverage can translate to thousands of additional lines being
tested. The superior code coverage achieved by R8Scan demonstrates that our focus on using real-world code as
input seeds is effective for detecting deeper bugs. In Optimization, R8Scan significantly outperforms other tools,
achieving 65.9% coverage. In contrast, fITFuzz covers only 32.1%, while Artemis and Jetris attain 51.9% and 53.9%,
respectively. This substantial gap indicates that R8Scan triggers a broader range of code related to optimization
processes, showcasing its potential to uncover more compiler optimization bugs. For other modules, such as
Shrinking and D8, R8Scan maintains high coverage, achieving coverage of 45.9% and 47.4%, respectively. In
conclusion, the test cases generated by R8Scan induce R8 to trigger more optimization passes, thereby achieving
higher code coverage.
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Fig. 10. Comparison of Line Coverage in R8
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Comparison of Bug Detection Capability. We assess the bug detection efficacy of R8Scan relative to the
baselines by using a shared seed pool to count the bugs found within a 24-hour duration. As shown in Table 6,
R8Scan detects a total of 7 bugs. JITFuzz, Artemis and Jetris can detect 1 bug, 4 bugs, and 2 bugs, respectively.
We find that R8Scan can detect 4 bugs in R8. In contrast, the best-performing baseline, Artemis, is able to detect
only 1 bug in R8. We also examined whether the baselines expose bugs missed by R8Scan. According to our
root-cause analysis, we did not observe any baseline-unique bugs that were completely missed by R8Scan.
Therefore, R8Scan outperforms the baselines in terms of bug detection.

Table 6. Comparison of Bug Detection Capability. Numbers in parentheses indicate unique bugs detected by each tool
through manually checking the root causes.

Compiler R8Scan JITFuzz Artemis Jetris JavaFuzzer

RS bugs 103) 0(0) 1(0)  0(0) 0(0)
JVMbugs  2(2) 1(1) 3(3) 2 (2) 0 (0)
ARTbugs  1(1) 0 (0) 0(0)  0(0) 0(0)
Total 7 (6) 1(1) 4(3) 2(2) 0(0)

Through injection of prioritized functions via LLM-aided semantic exploration, R8Scan demonstrates high
effectiveness in uncovering complex bugs. Conversely, the baselines focus on a more limited spectrum of opti-
mization strategies. Specifically, Artemis concentrates on loop-related mutators to verify different JIT compilation
settings. These mutators render specific code parts “hot” to dictate their selection for JIT compilation. During this
process, Artemis also injects code snippets from JVM regression tests, but these snippets are limited in diversity
compared to real-world code. Additionally, the employed rule-based injection strategy fails to explore the rich
semantics of the real-world code as it can only cover limited execution paths. Jetris primarily learns bug-revealing
patterns from historical test cases but fails to incorporate structurally richer real-world code. JITFuzz, on the
other hand, focuses only on escape analysis, function inlining, and simplification. As a result, a broader range of
optimization passes is not sufficiently analyzed, leading to suboptimal bug detection.

5.4 RQ3: Contribution of the Major Designs

The key designs of R8Scan are (1) the prioritization strategy to retain only the optimization-triggering and
feature-enriched functions; (2) function argument expression inferred by LLM. We develop the following variants
to evaluate R8Scan based on four key metrics: bug detection capability, triggered optimization passes, achieved
bytecode similarity, test case code coverage. For a fair comparison, when injecting a function, we ensure that the
number of injected function calls matches the size of argument expression sets of that function. Other settings
are aligned with RQ2 (i.e., the same seed pool and a testing time).

« R8Scan,: This variant randomly inserts 40 functions selected from all functions extracted from real-world
projects, thus examining the effectiveness of the prioritization strategy. This variant helps determine whether
our prioritization strategy can accelerate bug detection.

« R8Scan: This variant disables argument expressions generated from LLM. It randomly reuses live variables or
creates new variables to form arguments. This variant helps determine whether the argument construction
strategy empowered by LLM is effective. Specifically, we measure the coverage of the synthesized test cases to
reflect to what extent the semantics of the injected real-world functions have been explored. Higher coverage
indicates more thorough exploration.

Results Analysis. (1) For bug detection capability, the results are shown in Figure 11(a). As time progresses,
R8Scan is able to uncover more bugs. In contrast, R8Scan, (4/7) and R8Scan,, (5/7) detect fewer bugs. This
shortcoming stems from R8Scan,’s approach to generating new test cases. Its function database contains many
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Fig. 11. Comparison of R8Scan and lIts Variants.

ordinary functions that are ineffective in triggering optimizations. As a result, within the same timeframe,
R8Scan, wastes resources executing these ordinary functions, increasing overhead. (2) For triggered optimization
passes, the results are shown in Figure 11(b). Concretely, R8Scan outperforms its variants by triggering more
passes. In contrast, R8Scan,, which utilizes all functions extracted from real-world projects, shows a noticeable
drop in the median (23.7% = (38-29)/38). This is because R8Scan,’s function database contains many ordinary
functions that are ineffective in triggering optimizations. (3) For achieved bytecode similarity, R8Scan can achieve
lower bytecode similarity than R8Scan,). This is because R8Scan employs feature-enhanced functions that
incorporate more JVM features, thereby activating more desugaring operations in D8. (4) For test case code
coverage, the results are shown in Figure 11(d). We can find that R8Scan outperforms R8Scan,, by covering
12.5% (51.4%-38.9%) more code lines. This is because R8Scan uses LLMs to construct arguments for injected
function calls. In contrast, R8Scan, randomly reuses variables or generates new ones to create arguments, often
failing to satisfy various constraints in each function, which leads to lower code coverage. Overall, such results
reflect that our ideas of utilizing prioritized real-world functions and argument expression construction strategy
can drive R8Scan to detect R8 bugs effectively.

5.4.1 Robustness across LLMs. We evaluate the performance of R8Scan across different language models for
checker synthesis. In addition to our default model, DeepSeek-V3, we test GPT-40 and Gemini-2.5-flash to generate
the AES for each function. The experiment is conducted on the same function database, and we measure the
impact of each LLM on both bug detection capability and average test-case code coverage over a 24-hour period.

LLM Selection. As detailed in Table 7, our default choice, DeepSeek-V3, yields the best results, detecting 7 bugs
and achieving the highest average test-case coverage at 51.4%. GPT-4o also performs strongly, detecting 6 bugs
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with 48.3% coverage, while Gemini-2.5-flash detects 5 bugs with 49.1% coverage. We attribute the advantage of
DeepSeek-V3 to its stronger code reasoning capability. Our inspection of sampled outputs shows that DeepSeek-
V3 yields fewer syntactically invalid/type-incompatible expressions than GPT-40/Gemini, which improves path
coverage and bug detection.

Table 7. The Impact of Different LLMs on R8Scan’s Performance

Variants #Detected Bugs Average Test Case Coverage
W/ DeepSeek-V3 (default) 7 51.4%
W/ Gemini-2.5-flash 5 49.1%
W/ ChatGPT-40 6 48.3%

6 DISCUSSION
6.1 Threat to validity

The primary threat to external validity lies in the effectiveness of argument expressions constructed by LLMs.
If these expressions fail to guide diverse path exploration, they might miss the semantics of injected functions.
To minimize this threat, we validated their effectiveness, proving LLMs can support broader path exploration
(see Table 4). Besides, our experiments show this strategy can enhance test case coverage and R8 bug detection
(see Section 5.4). More importantly, this strategy incurs only a one-time cost per function, and the resulting
expression sets can be reused, significantly cutting costs compare to inferring arguments during fuzzing.

A key threat to internal validity is our focus on three specific characteristics (optimization-triggering code
structures, advanced JVM features, and complex keep rules) within bug-revealing test cases. In fact, triggering a
bug also depend on other factors or contexts. For example, triggering Issue-380182105 requires not only code
structure to trigger optimizations but also specific context. However, the three factors are directly tied to the
core functionality of R8’s most error-prone components. Our quantitative analysis further confirms a strong
correlation between these factors and historical bugs. This suggests they are key factors of bugs, making our
findings a valid basis for guiding future testing efforts.

6.2 The Generalizability of R8Scan

Many modern compilers optimize the code to boost execution efficiency. For example, there are GCC [18] and
LLVM [21] for C/C++, rustc [14] for Rust, CPython [11] for Python and V8 [39] for JavaScript. The fundamental
concepts of R8Scan generalize to these compilers for the purpose of bug detection. To test other compilers
(e.g., rustc and V8), we can extract function-level snippets from representative projects and inject these calls into
the seed inputs. This method helps cover diverse language features. However, some parts of R8Scan are still
specific to R8. In particular, our prioritization strategy is based on R8 bug characteristics, and our differential
testing workflow is designed for the R8-to-ART compilation pipeline. Therefore, adapting R8Scan to other
compiler ecosystems still requires some ecosystem-specific changes, such as incorporating language-specific
constructs and compiler-specific execution oracles into the workflow.

7 RELATED WORKS

Understanding Software Bugs. Understanding bug characteristics is fundamental to various software engi-
neering tasks, notably automated testing [6, 15, 41, 50, 70] and debugging [7, 51, 54, 65, 69]. Empirical studies on
bugs primarily aim to investigate and extract these characteristics to enhance comprehension of the studied bugs.
Some research focuses on specific types of bugs. For instance, Xu et al. [64] investigates the silent security bugs
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induced by compilers. Lu et al. [41] describe the characteristics of concurrency bugs. Dietz ef al. [15] examine
integer overflow bugs. Additionally, some studies analyze bugs in specific real-world software systems. Jia et
al. [22] analyze bug patterns in the TensorFlow system. Garcia et al. [17] investigates bugs in autonomous driving
systems. In contrast, this paper focuses on RS, a critical infrastructure component in the Android ecosystem, and
presents the first large-scale empirical study of its bugs.

Compiler Testing. Compiler testing has been extensively studied across different execution environments and
programming languages [9, 72, 73]. For managed-language runtimes, Chen et al. [10] propose deep differential
testing of JVM implementations by systematically generating test programs and comparing execution results
across multiple JVMs. JITFuzz [59] introduces coverage-guided fuzzing for JVM JIT compilers with carefully
designed bytecode-level mutators to trigger optimization bugs, while SJFuzz [60] further improves JVM fuzzing
efficiency through seed and mutator scheduling. For JavaScript engines, Wang et al. [57] employ input encapsula-
tion templates to trigger JIT compilation and enable self-checking test cases, and Bernhard et al. [4] exploit the
interplay between the interpreter and the JIT compiler to uncover bugs.

Compiler testing has also been widely explored for other language ecosystems such as C/C++ and Rust [5, 16,
35, 37, 38, 40, 48, 52, 53]. For example, Aamodt et al. [35] compare compilation outputs across multiple compilers
to identify unstable code caused by undefined behaviors. Theodoridis et al. [52, 53] leverage dead code elimination
to analyze optimization effects and uncover missed optimization opportunities. In the Rust ecosystem, Sharma
et al. [48] develop a random program generator that respects Rust’s type, borrowing, and lifetime rules for
deterministic compiler testing.

Compared with these studies, R8Scan differs in three important aspects. First, it targets the Android R8
compiler, which contains unique components such as desugaring, shrinking, and obfuscation that are absent
from conventional JVM and JavaScript JIT compilers. Second, rather than relying solely on mutation-based
generation, R8Scan synthesizes tests by injecting prioritized real-world functions, thereby introducing richer
structural features. Third, R8Scan leverages LLMs to construct argument expressions for the injected functions,
enabling broader exploration of their semantics. More importantly, unlike prior compiler fuzzing approaches that
are mainly heuristic-driven, R8Scan is explicitly guided by empirical findings obtained from a large-scale study
of historical R8 bugs.

LLM-based fuzzing. Recent studies have explored the use of large language models to assist software testing
and bug detection in different ways [61, 66, 67]. Fuzz4All [61] uses LLMs together with dynamic autoprompting
to generate diverse edge-case test programs for compilers across multiple programming languages. WhiteFox [66]
targets deep learning compilers and employs a multi-agent LLM framework to synthesize test programs guided by
white-box optimization analysis. Beyond test generation, KNighter [67] uses LLMs to synthesize static-analysis
checkers for detecting kernel bugs. Other studies use neural models for probabilistic structure generation or
iterative feedback to repair syntactic and semantic errors in generated programs [12, 46]. Our work differs from
these studies in.both goal and usage of LLMs. Rather than relying on LLMs to generate complete test programs
or analysis rules end to end, R8Scan uses LLMs in a constrained role to construct argument expression sets for
prioritized real-world functions. This design helps activate bug-relevant execution paths after function injection,
while avoiding over-reliance on unconstrained model generation.

8 CONCLUSION

R8 is the default infrastructure for the Android build process. Despite the dominant role of R8, no prior research
has investigated its bugs. To fill this gap, we conduct an investigation of R8 bugs. By analyzing 945 reported bugs,
we find that the Optimization, D8, and Shrinking components of R8 are error-prone. Finally, we develop R8Scan,
the first testing framework for R8. R8Scan synthesizes test cases by injecting prioritized functions derived from
real-world code into seeds empowered by LLM-aided semantic exploration. R8Scan detects 17 R8 bugs. It also
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detects 10 bugs in OpenJDK and 6 bugs in ART. We believe this study offers valuable insights into the security of
the R8 compiler.
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