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Abstract

Modern runtimes face fundamental trade-offs between peak performance,
warm-up performance, and application size: AOT compilation enables fast
warm-up by pre-compiling code. JIT compilation dynamically optimizes hot
code paths to achieve high peak performance, while cold paths are executed in
a less-optimized mode or even interpreted. However, AOT compilation typi-
cally yields large binaries, while profiling and optimizing at run time introduce
warm-up costs for JIT compilation. These trade-offs can be mitigated by hy-
brid execution models, which combine multiple execution modes. While exe-
cution modes are specific to the language implementation, some systems en-
ablemixed-mode execution, for example, via native extensions. However, this
approach requires developers to explicitlymanagemode selection by strategi-
cally choosing language implementations for different code segments.

This work, in contrast, shows that automatically mixing execution modes un-
locks missed optimization possibilities. On the one hand, it is demonstrated
how to reduce binary executable size: Rarely executed code is not compiled to
highly optimized machine code, but can instead be kept as compact bytecode,
executed by a lightweight interpreter. On the other hand, this work shows that
mixing executionmodes can achieve peak andwarm-up performance benefits.

Evaluations on DaCapo, Renaissance, lxml and ujson benchmarks show that it
can pay off to automatically mix execution modes. While static heuristics are
a feasible choice and can be applied quickly, dynamic heuristics achieve better
results inmost cases. When heuristics are developed and tuned, it is important
to consider code that is by design bound to run in a certain mode. Also, exper-
iments indicate that the characteristic properties of initialization code affect
performance and code size in a different way than other code does.

This work has been implemented on top of GraalVM, a high-performance,
production-grade and multi-language runtime that is also widely used in in-
dustry. This demonstrates the feasibility of this work in state-of-the-art sys-
tems and shows its impact on an already highly optimized environment.
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Kurzfassung

ModerneLaufzeitumgebungen stehenvor grundlegendenKompromissen zwi-
schen Höchstleistung, Dauer der Aufwärmphase und Größe des Programms:
Ahead-of-Time-Kompilierung ermöglicht einen schnellen Start durch das
vorzeitigeKompilierendesCodes. Just-in-Time-Kompilierungoptimiert häu-
fig genutzte Codepfade zur Laufzeit, um eine gute Höchstleistung zu erzielen.
Selten genutzte Pfadewerden hingegenweniger optimiert ausgeführt oder so-
gar interpretiert. Allerdings führt eine vorzeitige Kompilierung in der Regel zu
großen Binärdateien, während die Analyse und die Optimierung zur Laufzeit
Aufwärmkosten für die JIT-Kompilierung verursachen. Diese Kompromisse
lassen sich durch hybride Ausführungsmodelle, die mehrere Ausführungsar-
ten kombinieren, abschwächen. Da die Implementierung einer Programmier-
sprache eines Codes den Ausführungsmodus bestimmt, ermöglichen manche
Systeme eine Ausführung mit gemischten Modi, etwa über Native Extensions.
Dieser Ansatz erfordert jedoch, dass Entwickler:innen die Implementierungen
der Programmiersprachen für verschiedene Codesegmente strategisch explizit
auswählen, um die entsprechenden Ausführungsmodi festzulegen.

Diese Arbeit zeigt hingegen, dass das automatisierte Kombinieren verschie-
dener Ausführungsmodi neues Verbesserungspotential ermöglicht. Einerseits
wird gezeigt,wie sichdieGrößeder kompiliertenProgrammdateien reduzieren
lässt: Selten ausgeführter Codewirdnicht zuhochoptimiertemMaschinencode
kompiliert, sondern kann stattdessen als kompakter Bytecode behalten und
von einem einfachen Interpreter ausgeführt werden. Andererseits zeigt diese
Arbeit, dass Programme durch das Kombinieren verschiedener Ausführungs-
modi Verbesserungen bezüglich Höchstleistung und Aufwärmphasen erzielen
können.

Auswertungen anhand von DaCapo-, Renaissance-, lxml- und ujson-
Benchmarks zeigen, dass es sich lohnenkann,Ausführungsmodi automatisiert
zu kombinieren. Während statische Heuristiken eine praktische Möglichkeit
darstellen und sich schnell anwenden lassen, erzielen dynamischeHeuristiken
in der Regel bessere Ergebnisse. Beim Entwickeln und Optimieren von Heu-
ristiken ist es wichtig, Code zu berücksichtigen, der zwangsläufig in einem
bestimmten Modus ausgeführt werden muss. Außerdem zeigen Experimen-
te, dass die charakteristischen Eigenschaften von Initialisierungscode die
Leistung und die Codegröße anders als durchschnittlicher Code beeinflussen.

Die Implementierungen dieser Arbeit basieren auf GraalVM, einer leistungs-
starken undmehrsprachigen Laufzeitumgebung, die auch in der Industrieweit
verbreitet ist. Dies zeigt die Umsetzbarkeit dieser Arbeit in modernen System
des aktuellen Stands, und verdeutlicht, dass trotz bereits hochoptimierter Sys-
teme mit den Ansätzen dieser Arbeit noch Verbesserungen erreicht werden
können.
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Chapter 1

Introduction

A compiler is a tool that generatesmachine code from source code. This trans-
lation process can happen at various times: Ahead of time (AOT) compilers
transformthe source code tomachine codeprior to any execution. Interpreters,
in contrast, execute a programwithout first compiling it tomachine code [63].

For a long time, AOTcompilationhas been the standard compilation technique,
producing binaries with instant warm-up [3, 63]. For dynamically typed lan-
guages, however, certain optimizations are difficult to perform AOT, since the
behavior of the programmay depend on run-time data.

Therefore, just in time (JIT) compilation has been developed to improve peak
performance: Since a JIT compiler optimizes the program during an ongoing
execution, it has access to run-time information such as actual data types,
branchprobabilities, and frequently used code [48]. Thus, it canproducehighly
optimized machine code that a static compiler might not be able to generate.
However, JIT compilation usually comeswith longer and unpredictable warm-
up times [3, 7] resulting from run-time optimization. Although there are ap-
proaches to reducewarm-up times [4, 59], these systems cannot competewith
the instant warm-up of AOT-compiled code.

So, AOT and JIT compilation as well as interpretation can be considered as dif-
ferent executionmodes, each comingwith different advantages and disadvan-
tages. Thus, modern runtimes encounter fundamental trade-offs among peak
performance, warm-up performance, and application size. Figure 1.1 shows
AOT compilation, JIT compilation and interpretation as the corners of a trian-
gle. Mixing two of these execution modes usually leads to the advantage listed
on the edge, while leading to the trade-off between the other two edges.

As an example, the JavaHotSpot™VMstartswith interpretation andoffers dif-
ferent levels of JIT compilation [64]. This keeps file sizes low and tries to bal-
ance a fast warm-up, while still reaching high peak performance eventually.
Still, it is hard to achieve both at high level, a fast warm-up aswell as high peak
performance. A recent possibility for that came up with project Leyden [83],
where profiling runs are performed ahead of time. However, this requires ef-
fort for profiling.

As another example, optimizing AOT compilers such as GraalVM Native Im-
age produces executables with fast warm-up and high peak performance [110].
However, this comeswith the disadvantage that the size of resulting binary ex-
ecutables are significantly larger than their intermediate representation for-
mat used for interpretation.

1



2 1 Introduction

Interpretation

JITAOT
high peak

performance

Figure 1.1: Three execution modes (AOT compilation, JIT compilation and in-
terpretation) and their advantages.

By and large,we are envisioning a system thatmixes different executionmodes
tobalance the trade-offsmentionedabove. Sucha systemshould automatically
decide how to execute certain code, which requires that the same source code
can be executed in different modes.

1.1 Problems

The various drawbacks of different execution modes can lead to the following
problems:

Large Binary Executables of AOT-Compiled Code Ahead-of-time executables
are ready-to-execute applications. This means, they need to have everything
included that is necessary at run time. Thus, they also contain code that is never
or only rarely executed, which leads to large binary files.

Achieving both fast warm-up and high peak performance simultaneously is a
known difficulty [110]. One solution is an extensive code analysis followed by
highly aggressive optimization and compilation ahead of time (as a JIT com-
pilerwould introducewarm-up again). However, that extensive analysis, opti-
mization and AOT compilation, is also applied to rarely or never executed code.
This does not only increase compilation effort, but also typically increases the
size of the resulting binary executable evenmore.

Warm-up Times of JIT-Compiled Code JIT compilation, which optimizes hot
codepaths forhighpeakperformance, introduceswarm-upcosts due toprofil-
ing and run-time optimization. Especially for continuous deployment, where
services are restarted up to 30 times per day, high warm-up costs negatively
affects the overall performance of applications [27, 28].

Mixing Execution Modes: Possible, but not Trivial To combine the respective
advantages of different executionmodes, systems have arisen that allow com-
bining multiple languages [36, 64]. Popular use cases are native extensions:



1.1 Problems 3

Computationally intensive code is written as a native extension in a lower-
level language such as C and compiled AOT. In contrast, the remainder of the
application is written in a higher-level language like Python. This combines
the warm-up advantages of native execution together with the flexibility of
higher-level languages.

However, mixing execution modes in such a way requires a mechanism to
change execution mode during ongoing execution. Depending on the imple-
mentation, either all modes need to use the samememorymodel. Otherwise, it
is necessary to convert between different memory representations as soon as
the same heap object has to be accessed from different executionmodes.

ProgrammersManuallySelectingExecutionModes Anapproach like native ex-
tensions still requires the programmer to decide the executionmodemanually
by selecting inwhich language towrite the code. However, such amanual deci-
sion how to execute code requires the programmer to be familiar with the sys-
tem and to have compiler knowledge in general.

Additionally, certain native extensions are used in libraries such as numpy for
Python [67]. As their code is used indifferentprojectswithdifferent contexts, it
is impossible for the programmerof the library to optimize for all future usages
of such a library. Therefore, it is still possible to miss optimization opportuni-
ties even for compiler experts.

Mixing Execution Modes May Bring up Existing Problems of AOT-/JIT-Compiled
Code To avoid disadvantages such as high warm-up times, one can start to
transition execution from onemode to another over time. As an example, a JIT
compiler can cache compilation results and reuse it in future runs [59]. This re-
duces warm-up costs of future runs on the one hand. On the other hand, it has
the drawback of not avoidingwarm-upwork for early iterations. Also, eventu-
ally, every executed code is compiled tomachine code again, which leads to the
existing problem of large binary files. Thus, mixing execution modes does not
automatically remove drawbacks of the individual modes.

Constraints for Automatic Mixing In a system that automatically mixes exe-
cution modes, the selection which mode to use for certain code can be taken
at different points within the compilation toolchain. It is not trivial to decide
where this point should be: An earlier decision means that less information is
available, such that the overall decisions are of lower accuracy. A later decision,
in contrast, might lead to better choices. However, later decisions can cause a
higher compilation effort, as assumptions about an execution mode cannot be
made for earlier parts of the compilation toolchain, which leaves less opportu-
nities for optimization.

Additionally, there can be some parts within the application that cannot run in
a certainmode, especially runtime code ofmanaged executionmode such as an
interpreter, a JIT compiler, or a garbage collector (GC). Such code parts have to
be excluded from analysis. However, there are systems that merge application
and runtime code to apply global optimizations [110]. In such systems, such a
separation is hard to do, if possible at all.



4 1 Introduction

1.2 Goals

In general, we want to mix execution modes in order to combine the differ-
ent advantages of various execution modes, and to tackle the problems listed
above. As objectives, we want to keep the properties of the executionmode tri-
angle inmind:Warm-up, peak performance, and binary application size.More
concretely, our research has the following goals:

Goal 1: Reduce Size of Executables While Keeping Performance As mentioned,
AOT-compiled executables offer both, a fast start-up as well as high peak per-
formance. However, our goal is to keep these properties as good as possible,
while reducing the file size at the same time.

Goal 2: Improve Performance ofManually Selected ExecutionModes As written
above, native extensions require a manual decision in which language to im-
plement each part of the application. This can lead to suboptimal decisions by
programmers. Thus, our goal is to find previouslymissed optimizations in ap-
plications with native extensions and improve performance by mixing execu-
tionmodes within code of native extensions as well.

Goal 3: Automating the Selection of Execution Modes For both goals listed
above, it is necessary to select anexecutionmode for every code segment.How-
ever, manual decisions might miss optimizations. Thus, our goal is to have an
appropriate executionmode selected automatically for specific code segments.
Of course, the selection should consider the mentioned objectives high peak
performance, low warm-up time, or small binary executable size.

1.3 Approach

Toachieve thegoalsmentionedabove,wesee twocentral approaches tobenec-
essary: First, one needs to solve existing problems of a hybrid executionmodel
itself. This includes theway of the differentmodes and the interaction between
themwithin the runtimesystem.Second, it isnecessary to identify andevaluate
heuristics to automatically mix these execution modes, as proposed by goal 3:
Insteadofmanual intervention, the systemhas to automatically determine and
apply themost suitable executionmode for different parts of the code. For that,
it is necessary for which objectives to optimize: While warm-up performance
is important for rather short-running applications, peak performance might
bemore important than a fast warm-up for a long-running server application.
Therefore, the optimization goal always depends on the context.

Concretely, we propose approaches for two different scenarios:
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Reducing Size of Binary Executables To shrink the size of an AOT-compiled
executable and achieve goal 1, we propose a prototype that enablesmixing AOT
compilation and interpretation.While AOT compilation guarantees fast execu-
tion, a lightweight interpreter enables rarely or never executed code to be run
without having to be fully compiled to large binaries. To automatically select
an appropriate execution mode and achieve goal 3, we propose static heuris-
tics based on properties of the corresponding code. As a check what is possible,
we can compare those results to a mode selection based on run-time profiling
data. This approach is fully discussed in Chapter 3.

Combining ExecutionModes in aMulti-LanguageApplication To achieve goal 2,
we propose a hybrid execution environment for native extensions in multi-
language applications, enabling different executionmodeswithin a single lan-
guage.This also includes solutions forheapaccess andmemoryobjecthandling
to ensure correct interactionbetweenaccesses fromdifferent executionmodes.
The general hybrid executionmodel for native extensions, including the tech-
nical challenges and solutions, is discussed in Chapter 4.

To also apply automated heuristics and achieve goal 3, we propose to analyse
the corresponding code and design heuristics for automatically selecting the
execution mode for functions in native extensions. This is discussed in Chap-
ter 5.

1.4 Supporting Publications

In the following,we list supportingpublications of this thesis. Thepublications
are sorted by the approaches defined above.

Reducing Size of Binary Executables Concerning the approach of mixing ex-
ecution modes to reduce the file size of binary executables, we published the
following two papers:

[80] Christoph Pichler et al. 2025. Fast and Compact: Reducing Size of AOT-
Compiled Java Code without Sacrificing Performance. In Proceedings of the
22nd ACM SIGPLAN International Conference on Managed Programming Lan-
guages and Runtimes (MPLR ’25). Association for Computing Machinery,
Singapore, Singapore, pp. 12–22. ISBN: 9798400721496. DOI: 10.1145/37
59426.3760976

[79] Christoph Pichler et al. 2026. To Compile or Not To Compile: Evaluating
StaticHeuristics toReduceBinarySizeofHybridExecutionSystems. InPro-
ceedings of the 23rd ACM SIGPLAN International Conference on Managed Pro-
gramming Languages and Runtimes (MPLR ’26). Association for Computing
Machinery, Brussels, Belgium. DOI: 10.1145/3828170.3828171

While the first one [80] covers the technical implementation and uses dynamic
heuristics to mix execution modes, the more recent one [79] analyses static
heuristics.

https://doi.org/10.1145/3759426.3760976
https://doi.org/10.1145/3759426.3760976
https://doi.org/10.1145/3828170.3828171
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Combining ExecutionModes in aMulti-LanguageApplication Wefirst proposed
the idea of hybrid execution for native extensions at the student research com-
petition at the International Symposiumon Code Generation and Optimization
(CGO):

[77] Christoph Pichler et al. 2023. Interoperability between ExecutionModes on
GraalVM. In ACM Student Research Competition (SRC) at IEEE/ACM Interna-
tional Symposium on Code Generation and Optimization (CGO). https://ssw.jk
u.at/Research/Papers/Pichler23/Pichler23SRC.pdf

Then, we investigated what such an approach requires concerning the tech-
nical implementation. The approach itself and a proof of concept to show its
performance improvements has been published in:

[76] ChristophPichler et al. 2023.HybridExecution: CombiningAhead-of-Time
and Just-in-Time Compilation. In Proceedings of the 15th ACM SIGPLAN In-
ternational Workshop on Virtual Machines and Intermediate Languages (VMIL
2023). Association for ComputingMachinery, Cascais, Portugal, pp. 39–49.
ISBN: 9798400704017. DOI: 10.1145/3623507.3623554

Afterwards,weenhancedour systembyextending theflexibility of possible ex-
ecutionmodes to choose. We analyzed different features and properties of dif-
ferent execution modes and their implementations, and found and evaluated
heuristics that optimize for performance. This has been published in:

[78] Christoph Pichler et al. 2024. On Automating Hybrid Execution of Ahead-
of-Time and Just-in-Time Compiled Code. In Proceedings of the 16th ACM
SIGPLAN International Workshop on Virtual Machines and Intermediate Lan-
guages (VMIL ’24). Association for Computing Machinery, Pasadena, CA,
USA, pp. 1–11. ISBN: 9798400712135. DOI: 10.1145/3689490.3690398

Non-Dissertation Contributions I also made a peer-reviewed publication out-
side the scope of this thesis. In quantum computing, computation results of-
ten have a probability below 100% of being correct. Error-correcting codes in-
crease this probability. Concretely, an input program ismodified in a way such
thatwrong computation results correct themselves automatically in the output
program, as long as the error probability does not exceed a certain threshold.
The following publication introduces a framework for applying and evaluating
error-correcting codes:

[39] Thomas Grurl, Christoph Pichler, Jürgen Fuß, Robert Wille. 2023. Auto-
matic Implementation andEvaluation of Error-Correcting Codes for Quan-
tum Computing: An Open-Source Framework for Quantum Error Correc-
tion. In 2023 36th International Conference on VLSI Design and 2023 22nd
InternationalConferenceonEmbeddedSystems (VLSID),pp. 301–306.DOI:
10.1109/VLSID57277.2023.00068

I contributed the implementation of automatically applying error-correcting
mechanisms to a given quantum programwithin the framework.

https://ssw.jku.at/Research/Papers/Pichler23/Pichler23SRC.pdf
https://ssw.jku.at/Research/Papers/Pichler23/Pichler23SRC.pdf
https://doi.org/10.1145/3623507.3623554
https://doi.org/10.1145/3689490.3690398
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1.5 Outlook and Outline

Overall, we demonstrate that automatically mixing execution modes within
a modern, high-performance runtime enables previously missed optimiza-
tion possibilities for balancing peak performance, warm-up latency, and bi-
nary executable size. By implementing and evaluating both static and dynamic
heuristics to automatically select a suitable execution mode for specific code
segments, we provide an approach that surpasses the limitations of manually
mixing execution modes as well as the limitations of the individual execution
modes themselves.

This thesis is structured as follows: Chapter 2 provides the necessary back-
ground for compilationand its heuristics ingeneral anddiscusses Java, Python,
LLVM, and the execution models of these languages. Also, it introduces
GraalVM, which is a polyglot execution ecosystem. As shortly mentioned
in Section 1.3, Chapter 3 describes our research about using hybrid execution
to reduce binary size of AOT-compiled executables while keeping peak perfor-
mance.While Chapter 4 covers necessary technical details for hybrid execution
of native extensions, Chapter 5 is about heuristics to improve performance of
systems described in Chapter 4. Then, Chapters 6 and 7 describe related and
future work, respectively. Finally, Chapter 8 concludes this thesis.





Chapter 2

Background

This chapter introduces and explains important approaches and concepts that
we use throughout subsequent chapters. These include program compilation,
different execution modes, compiler optimizations, as well as heuristics used
in compilers for different optimization tasks. Then, we describe dynamic link-
ing and its implementation concept, aswell as different languages, their inter-
mediate representations and their runtimes. We will also explain GraalVM, the
ecosystem on which our work is built.

2.1 ProgramCompilation and Execution

A compiler takes a program in a certain source language and translates it into
a semantically equivalent representation in a target language. The target pro-
gram consists of machine code, for example processor instructions for a spe-
cific target plaform, or another intermediate representation (IR) such as Java
bytecode [63, 113].

Whilemachine code can be executed on the target hardware directly, programs
in an IR or in a source language require an execution engine at run time. This
can either be an interpreter,which simulates amachine for the given represen-
tation, or a just in time (JIT) compiler or dynamic compiler,which produces the
machine instructions at run time when needed [63].

We will explain these different compilation techniques and their properties in
the following subsections.

2.1.1 Ahead-of-Time Compilers

Ahead of time (AOT) compilers are also known as static compilers. Compiling
codeAOTmeans that the compilationhappens before the code is executed. This
is not only the oldest compilation approach, but has also been the most com-
mon approach for a long time [63]. The first popular compilers for high-level
languages have been the Fortran compiler by John Backus [5] and Algol60, a
compiler for Algol by Peter Naur [66].

Since then, lots of efforthasbeen invested inAOTcompilation research, result-
ing in compilers that are able to produce codewith impressive performance [17,
33, 97]. This has also helped establish languages such as C and C++ that are
among the most widely used programming languages [104].

9



10 2 Background

AOT Compiler

Machine CodeSource Code
Intermediate

Representationfront-end back-end

optimization

build time run time

Figure 2.1: Basic structure of an AOT compiler: Source code is transformed into
binary machine code. A common, but optional step is to use inter-
mediate representations in between to enable optimizations.

The process of popular AOT compilers usually consists of different phases [63],
as shown in Figure 2.1: The front-end splits the source language into tokens,
parses and validates them, and creates an intermediate representation (IR),
such as an abstract syntax tree (AST). In the next phase, this IR can then be
analyzed and optimized. As a last step, the back-end translates the optimized
program in IR and emits code specific to the target platform. In such a case,
only the back-end has to be specific to the target platform,while the front-end
andmajor parts of the optimization are platform independent.

Single-pass compilers perform a single traversal of the source code, directly
emitting the target code. In contrast, multi-pass compilers process the code in
multiple phase, often applying more sophisticated optimizations that require
a global program analysis [113]. To support more complex optimizations and
cross-platform code generation, multi-pass designs dominate modern com-
pilers [63] such as clang [17] or gcc [33]. Nowadays, even languages that are
usually JIT-compiled offer solid AOT compilers, such as Java [110] or C# [60].

2.1.2 Interpretation

Interpretation is an execution model in which source code or an intermediate
representation (IR) is directly executed line-by-line by an interpreter, with-
out prior compilation to machine code [63]. Examples for popular, real-world
languages with an interpreter are Java [64], JavaScript [93] or Python [86].

Interpretation simplifies implementation, as it only executes code. As a conse-
quence, the size of program artifacts is usually smaller than the corresponding
compiled machine code. However, due to a per-instruction overhead and the
lack of global optimization, interpretation is usually slower than compiled ex-
ecution [93]. However, the flexibility of interpretation makes interpreted lan-
guages suitable in scripting or prototyping [109].

To achieve high peak performance, interpretation is often combined with JIT
compilation, which will be covered in the next subsection. Nevertheless, per-
formance of interpreters still has a high impact: Especially in continuous de-
ployment, some application servers are restartedmore than once per hour [27,
28]. Thus, runtimes that rely on interpretation in early iterations spend a sub-
stantial amount of time on interpretation.
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Virtual Machine / Interpreter

Source Code / IR Interpretation

Profiling

Run-time Data

Optimized

Machine Code

JIT compilation

Deoptimization

run time

Figure 2.2: Basic procedure of a JIT compiler combined with an interpreter:
The interpreter starts to execute the program. Profiling can de-
tect often-executed code or paths within the code, and can compile
them to optimized machine code. In case of a wrong assumption,
code can be deoptimized, and execution reverts back to interpreta-
tion again.

2.1.3 Just-in-Time Compilation

Just in time (JIT) compilation, also known as dynamic compilation, happens
at run time while the code is already executed by an interpreter [3]. The basic
principle is shown in Figure 2.2. During interpretation, the runtime can collect
informationabout the executedprogram, for example,whichmethods are exe-
cutedoften (hotmethods), orwhichbranches are taken. A JIT compiler can then
compile frequently executed, hot code segments into optimized machine code
at run time. As soonas JIT-compiled code is available, it replaces its interpreta-
tion, which leads to increased peak performance. It is even possible to replace
actively executed code, which is called on-stack replacement (OSR). However,
run-time optimization comes with the drawback of a workload at run time,
which usually leads to a worse warm-up performance compared to statically
compiled code.

Modern JIT compilers often employ speculative optimizations to achieve an even
higher performance [24, 26]. These optimizations generate code based on as-
sumptions about the program’s run-time behavior, such as frequently ob-
served types or execution paths. For example, a JIT compiler might inline a
polymorphic method call if a certain implementation is frequently executed,
assuming its behavior remains consistent [26, 64].

However, these assumptions may not always hold true throughout the pro-
gram’s execution. When a speculative assumption is invalidated at run time,
for example, when an unexpected type is encountered, the execution then falls
back to a less optimized version of the code, which could be the original in-
terpreted version or a less aggressively optimized compiled version [25]. This
fallback is called deoptimization [43] and ensures correctness, as the less opti-
mized code does not rely on the violated assumption. After deoptimization, the
JIT compiler might re-evaluate the code and potentially re-optimize it later
with new, more accurate runtime information, or with fewer speculative as-
sumptions [29, 64].
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Deoptimization is crucial for dynamic languages andenvironmentswhere run-
time behavior can be unpredictable. It allows JIT compilers to aggressively op-
timize for common cases, achieving significant performance gains, while still
maintaining correctness when those common cases are not true [8, 29].

2.1.4 Properties of ExecutionModes

Different execution modes have different advantages and disadvantages: Fig-
ure 2.3 shows AOT compilation, JIT compilation and interpretation as the cor-
ners of a triangle. Mixing two of these technologies usually leads to the advan-
tage listed on the edge, while leading to the trade-off between the other two
edges.

Interpretation

JITAOT
high peak

performance

Figure 2.3: Three execution modes (AOT compilation, JIT compilation and in-
terpretation) and their advantages, as in Figure 1.1.

Especially for Java applications, there is an effort to improve different execu-
tion modes in the Java Virtual Machine. As an example, Java HotSpot™ devel-
opment is located on the right edge between interpretation and JIT compilation
in Figure 2.3, tackling the trade-off between warm-up and peak performance.
However, an AOT compiler for Java bytecode, GraalVMNative Image [110, 117],
which is located at the bottom left in Figure 2.3, reduceswarm-up times of Java
applications by compiling ahead-of-time. However, as with most AOT com-
pilers, the produced binary executables cannot be modified easily after their
creation, and are often quite large compared to ordinary intermediate repre-
sentations. Concretely, GraalVM Native Image does not support class loading,
i.e., extending a running Java application with new types.

2.1.5 Native Extensions

A native extension is a module for a high-level programming language that is
implemented in a compiled, low-level language (typically C, C++, or Rust) and
loaded into the language runtime [38]. It exposes functions, classes, or types to
the high-level language through the runtime’s foreign function interface (FFI)
or a dedicated extension API. Themain reason besides getting access to certain
native libraries is that performance-critical application parts can be written in
optimized native code. In that way, they can combine interpretation and JIT
compilation with AOT compilation and native execution.
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2.2 Compiler Optimizations

Compiler optimizations are transformations that rewrite a program into a se-
mantically equivalent form that is in a certain way better than its original rep-
resentation [113]. The main goals are to reduce execution time, code size, and
energy use, improve cache and branch behavior. The optimizations can happen
at different levels: Source, IR and at machine code.

In this section, we briefly describe the most important optimizations that are
used in modern systems and relevant for our approaches. Both optimizations
presented below are no powerful optimizations if considered in isolation, but
enable many powerful follow-up optimizations.

2.2.1 Inlining

Inlining is an optimization regarding method calls. When a method call is in-
lined, it is replaced by the code of the callee [6]. Actual parameters of the func-
tion call are assigned to the formal parameters of the inlined method and thus
become local variables. Possible return values of the inlined method replace
values returning from the former method call.

To perform inlining correctly, the implementation of the inlined method has
to be known at optimization time, which is not always the case: In C++, Java
or Python, for example, methods defined in a superclass may be overridden in
a subclass. As a consequence, the dynamic type of the corresponding receiver
object is not always known at compile time, since it can be of multiple classes.
When such methods are virtual, i.e., the implementation is chosen by the dy-
namic typeof the receiver object, also the corresponding implementation is not
always knownat compile time [23]. Thus, inlining is not possible in such a case.

Inlining removesmethodcalls,which reduces stackandregistermanipulations
due to arguments andmethod scopes.Moreover, integrating amethod into an-
other enables further local optimizations, as the optimizer analysis can now
cover both method scopes at once [6].

However, inlining also has a disadvantage, which is the increase of code size.
In theworst case, everymethod call gets inlined atmultiple call sites, while the
original callee is still kept as its own method. As a consequence of larger code
size, the code itself has to be processed by subsequent optimizations,which re-
quires more memory and compilation time. Therefore, many optimizers trace
their inlining operations and stop inlining as soon as a certain limit, also called
inlining budget, is reached [84]. Inlining is also one of the reasonswhymachine
code is usually larger than its semantically equivalent IR. This motivates our
approach for hybrid execution to reduce code size, which is covered in Chap-
ter 3.
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Table 2.1: Overview of existing compiler heuristics and corresponding impor-
tant publications on which we build upon.

Approach Publication
Static branch prediction Wu and Larus [114]
Code size reduction by factoring out code Debray et al. [22]
Optimization combinations affect code size Foleiss et al. [30]
Automatic optimization selection Stephenson et al. [95],

Leather and Cummins [51]
ML for opt. level selection to reduce code size Cugurovic et al. [19]

2.2.2 Profile-Guided Optimization

Profile-guided optimization (PGO), also known as feedback-directed opti-
mization (FDO), is a compiler optimization technique that utilizes information
about a program’s run-timebehavior tomakeoptimizationdecisions. By com-
bining code analysis with profiling data, PGO can significantly enhance pro-
gramperformance and generate faster binaries [40, 54].While being an essen-
tial part of JIT compilation, PGO is also integrated into static compilers such as
GNU compiler collection (GCC), clang, and GraalVM Native Image as well [9,
31]).

The first step in PGO is to collect a profile of the program execution. This pro-
file contains information about control flow, branch predictions, and memory
access patterns. By knowingwhich parts of the code aremost critical, the com-
piler can then guide a variety of optimizations: Functions that are frequently
called froma specific call site can be inlined to eliminate the function call over-
head [31], as described above in Section 2.2.1. Also, code can be laid out more
effectively to benefit from caching effects [9, 94]. Moreover, PGO provides in-
sights into branch probabilities [54].

2.3 Compiler Heuristics

The approaches in this thesis describemixing executionmodes to balance dif-
ferent trade-offs, for which a selection process between execution modes is
necessary. Like many selection processes in compilers and runtimes, also our
approaches are based on heuristics. Therefore, before proposing new heuris-
tics, we revise and revisit existing heuristics that are relevant within our con-
text. We are aware that many of the heuristics we inherit from the litera-
ture were crafted for different architectures, benchmarks and objectives. This
makes published results often difficult to reconcile across papers. Still, we as-
sume certain insights of existing research to be transferable and extendable
to our hybrid execution approaches, and we will compare differences or unex-
pected outcomes.

An overview of existing compiler heuristics on which we build upon is given in
Table 2.1. The following subsections discuss these approaches in more detail
and highlight aspects which are relevant for our approaches.
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2.3.1 Foundational Concepts

One of the first contributions in compiler heuristics may have been done by
Backus et al. [5]. Since then, research has developed, and we will go through
approaches relevant to ours in the following.

Lattner and Adve [50] contributed LLVM, which is another important foun-
dational project for compilation. It is a flexible and widely-used infrastruc-
ture with a common IR (LLVM IR) that has become a standard for developing
and implementingnew compiler optimizations andheuristics. LLVM IR is low-
level and platform-independent, and it is used by popular compilers internally
such as clang [16, 17] or the Swift compiler [46]. We will described LLVM in
more detail in Section 2.5.1.

Our approaches in this thesis use LLVM aswell, namely for hybrid execution of
native extensions: When compiling C and C++ code to machine code, the clang
compiler can also emit the intermediate LLVM IR during the compilation pro-
cess. It is then possible to either execute the generated machine code, or in-
terpret and JIT-compile the LLVM IR by a managed runtime. We describe how
to mix these execution modes in Chapter 4, and we propose heuristics for an
automated hybrid execution in Chapter 5.

Historically, static heuristics preceeded the wide use of dynamic profiling.
Foundational techniques for static profiling were introduced by Wu and Larus
[114], on which many later approaches build upon. Dynamic profiling became
popular afterwards [34]. However, static profiling remains valuable, since it
does not require run-time instrumentation [55]. This relieves programmers
from instrumenting and profiling their code dynamically. In addition, stati-
cally estimated profiling data is available at compile time, providing informa-
tion that static compilers can exploit for optimization. For these reasons, static
heuristics are important for our work.

2.3.2 Optimizations Along the Trade-off Between Size and
Performance

Debray et al. [22] are one of the first authors proposing to use heuristics for
code compaction. Aggressive interprocedural optimization and the abstraction
of repeated code fragments led to a significant file size reduction of executa-
bles. They also present a flexible framework for identifying similar code frag-
ments tobe factoredout, relyingonheuristics todeterminewhat constitutes an
effective and beneficial abstraction.We are relying on the same idea as they do:
Especially optimized AOT-compiled code results in large binaries, and we can
reduce file size by not keeping the highly optimized binary code for all func-
tions.

Foleiss et al. [30] also investigate how different combinations of compiler op-
timizations affect the final code size. They argue that evaluating optimizations
in isolation is insufficient because their effectiveness is highly dependent on
their interactions with other optimizations. The importance for our work in
their approach is how they identify the complex relationships between opti-
mization techniques to achieve a code size reduction.
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2.3.3 Combining Different Optimization Levels

Code can be compiled and executed in differentways. There is also previous re-
searchon combining code resulting by compilationwith different optimization
levels, which is important for our work: The common aspect of our approaches
in this thesis is tomix executionmodes by combining different compilation re-
sults. Thus, we shortly describe approaches of combining different optimiza-
tion levels in the following:

Stephenson et al. [95] use an evolutionary algorithm to search the complex
space of possible heuristics. Their approach can create specialized heuris-
tics for specific applications, but can also generate effective, general-purpose
heuristics that improve performance on unrelated test sets. They inspire us to
relieve compiler designers from the difficult and tedious task ofmanually tun-
ing heuristics, which is the goal in Chapters 3 and 5.

Leather andCummins [51] provide a retrospective on the use ofmachine learn-
ing in compiler optimization,making it highly relevant to the topic of compiler
heuristics. They describe the evolution of the field from its beginnings, when
search-based techniques were used to find optimal optimizations, to the de-
velopment of machine learning models that could learn heuristics from those
searches to achieve similar benefits quickly. The paper reviews key develop-
ments and looks toward the future of the field, providing a broad overview of
howmachine learninghas been andwill be used to automate and improve upon
traditional, hand-crafted compiler heuristics.

While machine learning in compilers is often used for specific optimizations,
Cugurovic et al. [19] applymachine learning to predict the hotness of amethod.
They let hot code be highly optimized, while cold code is compiled to a less-
optimized version.Using the fact that higher optimization levels usually lead to
larger executable binaries, they try to reduce the total code size while keeping
performance as high as possible. Additionally, their implementation is based
on GraalVM Native Image, an AOT compiler for Java bytecode. While this in-
spires our approach in Chapter 3, we even go a step further: Instead of selecting
a lower optimization level for compilation, we do not even compile all code. By
aiming to interpret cold code instead of compiling it, we also aim for a reduc-
tion in binary size while keeping performance, but try to also keep compilation
effort low.

2.4 Linking and Lazy Function Resolution

Linking is the final phase of compilation, where parts of a program, such as
object files and libraries, are combined into a single executable or shared li-
brary. Thus, it is necessary to resolve references between those single parts.
The linker merges code and data sections, assignsmemory addresses, and en-
sures that function calls and variable accesses point to the correct locations.
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Executable A Executable B

Library L Library L

L::foo() L::foo()

fn foo() {…}fn foo() {…}

(a) Static Linking: Dependencies are
embedded into a standalone exe-
cutable.

Executable A Executable B

Library L

fn foo() {…}

L::foo() L::foo()

L::foo() L::foo()

(b) Dynamic Linking: Dependencies
loaded at run time when needed.

Figure 2.4: Static and Dynamic Linking in comparison.

This process can occur in two different ways: For static linking, dependencies
are directly embedded into one binary and self-contained executable, as shown
in Figure 2.4a. Thus, it happens before run time. In contrast, dynamic link-
ing defers resolution to run time. On the first use of dependent code parts, the
dynamic linker loads the corresponding dependent libraries into memory, re-
solves symbols, and patches references to their actual addresses. This means,
functions are only looked upwhen first called. Dependent code is therefore not
copied into every executable. Instead, it is sufficient to be present once per sys-
tem, as shown in Figure 2.4b.

PLT (Procedure Linkage Table)

foo@plt jmp *GOT[foo]

bar@plt jmp *GOT[bar]

… …

resolve(fn) addr ← lookup(fn)
GOT[fn] ← addr
jmp addr

GOT (Global Offset Table)

foo resolve(foo)
0x<foo>

bar resolve(bar)

… …

Functions

0x<foo> <code of foo()>

0x<bar> <code of bar()>

… …

Call site of foo:

…
call foo@plt
…

1

2 3

4

5

5

6

7

8

Figure 2.5: Dynamic function resolution using PLT and GOT.

Such a lazy resolution, however, requires additional data structures to be
present, which will be explained in the following: The procedure linkage ta-
ble (PLT) as part of the code section, and the global offset table (GOT) as part of
the data section [1]. The way how they are used together will be shown in Fig-
ure 2.5 and explained in the following. Circled numbers within the explanation
refer to the numbers in Figure 2.5.
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For dynamic libraries, the implementations of our approaches use files in the
format of executable and linkable format (ELF). In such ELF files, every call of
a lazily resolved function is replaced by a call to the corresponding function
entry in the procedure linkage table (PLT). Upon a call 1⃝, execution continues
in the PLT, where its corresponding entries 2⃝ perform a lookup into the global
offset table (GOT). By default, every GOT entry points to the resolution stub in
the PLT.

If foo is called for the first time, the default GOT entry 3⃝ triggers the reso-
lution stub:

4⃝ First, the dynamic linker performs a lookup and fetches the actual ad-
dress of foo in memory.

5⃝ Then, the corresponding GOT entry is overridden with the resolved ad-
dress. This is possible as the GOT belongs to the data section, while the
PLT and other functions are part of the read-only text section.

6⃝ As a last step, a jump to the resolved address leads to the execution of
the actual function 7⃝.

If foo has been called before, the corresponding GOT entry 8⃝ already con-
tains the resolved address, such that the performed jump instruction in the
PLT 2⃝ directly leads to the execution of the called function 7⃝.

We can use these lazy linking to redirect calls at run time, which will be ex-
plained in more detail in Sections 3.5.2 and 4.5.3.

2.5 Selected Language Implementations

The implementations of our approaches described in Chapters 3 to 5 are based
on systems for concrete languages or IRs. This subsection therefore covers lan-
guage implementations that are relevant for our approaches, as well as their
executionmodes and engines.

2.5.1 LLVM

LLVM [50, 98] is a cross-platform compilation framework, built around its
low-level IR LLVM IR. LLVM IR is used by various compiler front-ends and
back-ends, and uses static typing and static single assignment (SSA) form [13,
21]. Usually, LLVM IR is compiled AOT.

Popular front-ends are e.g. clang [16, 17], which compiles C/C++ code to LLVM
IR, or the Swift compiler [46]. LLVM IR also comes with a semantically equiv-
alent, but more compact bitcode format, LLVM bitcode [98]. Our approach in
Chapter 4 uses LLVM as a common and platform-independent IR, since there
are existing systems for compiling and running LLVM bitcode in different ex-
ecutionmodes [17, 91].
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2.5.2 Python and its Implementations

Python [87, 107] has become a very popular programming language [104] and
is not only, but as well used inmachine learning [96]. Besidesmultiple Python
language implementations, CPython [86], which is written in C, serves as the
reference implementation.

While CPython prioritizes ease of use, its performance of the official Python
benchmarks is mediocre [99], especially for computationally-intensive tasks.
Another solution is to use the native extensions via the C API [89], allowing
high-performance C or C++ code to be executed from Python programs. Fur-
thermore, natively executed libraries such as NumPy [67] provide optimized
numerical operations, further enhancing their performance.

JIT Compilation for Python Another possibility to improve the performance
of Python is JIT compilation, as CPython offers since version 3.13 [88]. Also,
GraalPy [42] or PyPy [85] offer JIT compilation with a copy-and-patch ap-
proach. On the official Python performance benchmark suite [99], GraalPy is
3.4x faster and PyPy is 4.8x faster than CPython [42]. GraalPy is the Python
component of the GraalVM ecosystem and will be explained in more detail in
Section 2.6.7. PyPy [85] usesmeta-tracing,which can transforman interpreter
into a tracing JIT compiler [12]. As is typical for tracing JIT compilers, linear se-
quencesof operations in the interpreter are compiled. This concept can compile
loops containing linear sequences of code into highly-efficient machine code.
PyPy is written in a restricted subset of Python called RPython.

HPy Python’s existing C API is optimized for CPython. If another Python im-
plementation such as PyPy is used, the usage of the C API leads to a higher
overhead. The HPy [45] project addresses this problem by introducing a new
API layer that sits between the native extension and the Python runtime. Using
HPy reduces the complexity of native extensions in Python.

Cython Cython [20] aims toblendPythonandC:On theonehand,Cythonsyn-
tax is similar to Python, aiming for easy usage. On the other hand, Cython can
be compiled directly into C code, which leads to a high peak performance. An-
other commonuse case for Cython is to provide an interface for C/C++ libraries
that are used in Python projects [20].

2.5.3 Java Virtual Machine

Java is a popular, statically typed and object-oriented programming language.
Its standard toolkit, the Java development kit (JDK), includes the compiler
(javac), the runtime including a garbage collector, and standard libraries. Java
is used for server systems,Androiddevelopment (via the JVM/ARTandKotlin/-
Java), big data frameworks, andmany enterprise applications [10, 105].
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Java is compiled to Java bytecode that can be run on the Java virtual machine
(JVM), which is the runtime for running Java bytecode on many platforms.
The most widely used implementation is the Java HotSpot™ VM. It is the de-
fault JVM bundled with OpenJDK, the open-source reference for Java. It con-
tains an interpreter, different garbage collectors [47], and two JIT compilers:
The C1 compiler aims for fast startup and low compile time such that applica-
tions do not have to be run by the slower interpreter. The C2 compiler requires
higher compile times, but performs highly intensive optimizations to achieve
an eventually high peak performance instead [10, 105].

2.6 GraalVM

Operating System

Java HotSpot™ VM
JVMCI

Truffle Language Implementation Framework

SulongGraalPy…

GraalVM Compiler

GraalVM Native Image

Truffle Native 

Function Interface

exe

Figure 2.6: GraalVM ecosystem: Java bytecode can be used directly, whereas
other languages require a runtime based on the Truffle Language
Implementation Framework. The GraalVM compiler can serve as a
JIT compiler for Java bytecode, while GraalVM Native Image com-
piles Java bytecode to machine code ahead of time.

GraalVM is a high-performance and multi-language ecosystem, containing
different components shown in Figure 2.6. Its core is the GraalVM compiler,
an aggressively optimizing JIT compiler for Java bytecode. On the one hand,
the GraalVM compiler can be used as a JIT compiler when Java bytecode is run
via the Java HotSpot™ VM. By using the Java virtual machine compiler inter-
face (JVMCI), it can replace the C2 compiler. On the other hand, the Native Im-
age component of the GraalVM compiler enables AOT compilation to a stan-
dalone binary executable as well.

As Java bytecode is the input representation for the GraalVM compiler, Java,
Kotlin andScala code candirectly beprocessed. Forother languages, theTruffle
language implementation framework enables implementing an interpreter for
custom languages that is optimized for the GraalVM compiler. Common run-
times are GraalJS for ECMAScript-compliant code, GraalPy for Python code, or
Sulong as the engine for LLVM bitcode.
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2.6.1 GraalVMCompiler

The GraalVM compiler is a JIT compiler for Java bytecode, written in Java [115].
It can serve as a replacement for the C2 compiler of the Java HotSpot™ VM
via the Java virtual machine compiler interface (JVMCI). By using run-time
profiling information for aggressive optimization, it can achieve a high peak
performance: As a speculating compiler, it uses those run-time information
to make assumptions about branching behavior, types or values of variables.
This often allows subsequent optimizations,which further improves peak per-
formance. In case an assumption turns out to be wrong, the compiled code is
de-optimized, i.e., replaced by a less-optimized version, as described in Sec-
tion 2.1.3.

The IR of the GraalVM compiler is called GraalIR [24]. It is based on a sea-of-
nodes representation in SSA form [13, 18, 21], and is structured as a directed
graph of data and control flow nodes.

2.6.2 Truffle Language Implementation Framework

Truffle [65, 112, 115] is a language implementation framework which enables
developers to implement interpreters for programming languages [115], where
usually an AST or bytecode is used as a source. It is based on the GraalVM
compiler, thus the data structures produced by Truffle (and the correspond-
ing language implementation) can be compiled directly by the GraalVM com-
piler. Languages forwhichTruffle implementationsexist are for exampleRuby,
JavaScript or Python. The most important properties and tools of the Truffle
framework are described in the following.

Optimization In the GraalVM compiler, dynamic optimization techniques are
used for efficient compilation: Together with user code, the code of the Truffle
interpreter for a certain language canbecompiledusingpartial evaluation.This
is the principle offirst Futamura projection [32]. This enables compiling source
code data structures such as an AST or bytecode to machine code.

Rapid Prototyping of New Languages Before new languages can be adopted,
many things have to bemanually implemented, including an optimizing com-
piler, debuggers, etc. Therefore, when implementations of approaches in this
thesis are about to be extended to more languages, preexisting tools and the
optimizing GraalVM compiler can be leveraged with little additional effort.
Furthermore, if newdeveloper tools (debug support,monitoring,…) arise, they
only have to be implemented once in Truffle and can then be used by all Truffle
languages easily.

Polyglot Programming Different Truffle languages can interact with each
other without performance disadvantages. This cross-language concept is ex-
plained in more detail in Section 2.6.4.
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1 function parseTextTo2DPoint(inputstring) {
2 ...; return {x: xval, y: yval};
3 }

Listing 2.1: pointParser.js – JavaScript code that parses a string and returns
a JS object.

1 struct Point { int x; int y; };
2
3 void mirror(struct Point *p) {
4 p->x = -p->x; p->y = -p->y;
5 };

Listing 2.2: pointLib.c–C code thatmodifies fields of a point object. The code
is then compiled to LLVM IR/machine code (pointLib.so).

2.6.3 Sulong

Sulong can be used to execute code of native extensions, which is relevant for
our approaches in Chapters 4 and 5. It is the implementation of the LLVM bit-
code “language” on top of the Truffle framework, and thus serves as the LLVM
runtime in the GraalVM architecture [91]. As it is based on Truffle, Sulong
also supports features likehigh-performance compilation, debugging support,
monitoring, and cross-language interoperability (cf. Section 2.6.4). By run-
ning on a JVM, Sulong also offers safe execution for unsafe languages such as
C or C++ [91, 92]. Thus, errors can be observed more easily and automatically
(as additional safety checks do not have to be inserted by certain tools or even
manually).

Asmentioned in Section 2.5.1, LLVMbitcode is an intermediate representation.
Thus, Sulong is used to execute codeof languages that canbe compiled toLLVM
bitcode, such as C/C++ (as shown in Figure 2.6) or Swift [75].

2.6.4 Truffle Interoperability

Truffle enables running code written in different source languages within a
single runtime [37, 115]. Thus, it is possible to call functions across different
languages. For example, cross-language functioncalls are shown inListing2.3,
which contains themainmethodwritten in Python. Before invoking code from
a foreign language, the code itself has to be loaded in lines 2 and 3. After that, a
parser written in JavaScript is called, that parses text and returns a JavaScript
2D point object, as shown in Listing 2.1. This JavaScript object is then stored
in a Python variable p. Then, in line 10 of Listing 2.3, the C function shown in
Listing 2.2 is called with the JavaScript object p as a parameter. This C func-
tion is not called natively, but interpreted via Sulong and JIT-compiled by the
GraalVM compiler.
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1 #fetch references
2 jsFile = polyglot.evaluate(lang="js", src= "pointParser.js")
3 llvmFile = polyglot.evaluate(lang="llvm", src="pointLib.so")
4
5 #call a JS parser (returns JS object)
6 p = jsFile.parseTextTo2DPoint('{x:␣45,␣y:␣23}')
7 #p is now an object with fields x=45 and y=23
8
9 #call a C function from Python with JS obj
10 llvmFile.mirror(p)
11 #p.x is now -45

Listing 2.3: main.py – Example for Truffle interoperability: Python code that
calls JavaScript code (Listing 2.1) to parse and C code (Listing 2.2)
to modify the parsed data.

In contrast to other polyglot systems, Truffle language objects are not modi-
fied or marshalled when passed to a foreign language. This does not only keep
the original semantics of the corresponding source language, but it also al-
lows the dynamic compiler to perform optimizations across these boundaries,
which contributes to high performance. In our example, the point object from
JavaScript is neither converted to a Python object when it is stored in p, nor to
a C struct when it is passed to the C/LLVM function.

Since Truffle uses the same IR for all language implementations, the code
shown in the listings 2.1, 2.2 and 2.3 can also be JIT-compiled by the GraalVM
compiler. This shows how different source languages can interact seamlessly,
since cross-language function calls are compiled down to a single piece ofma-
chine code.

2.6.5 Truffle Native Function Interface

Truffle’s native function interface (NFI) [101] enables calling and executing
AOT-compiled functions natively from a Truffle language runtime [36], as
shown in Figure 2.6. Thus, the NFI can serve as a bridge betweenmanaged ex-
ecution on GraalVM and native execution. It is mostly used for running code of
existing native libraries, system APIs, or performance-critical code written in
languages other than the Truffle language itself.

It is based on libffi [53], a FFI library. Internally, the NFI is implemented as an-
otherTruffle language that canbeaccessedviaTruffle’s interoperabilitymech-
anism.

Key characteristics and functionalities of the Truffle NFI include [36]:

Efficiency and Flexibility It is designed to be faster andmore flexible than tra-
ditional methods like the Java native interface (JNI). While JNI requires all in-
terfaces to be known at compile time, the TruffleNFI enables calling functions
withouthaving to know the signature at run time [37]. The foreign functionand
memory (FFM) API [68] also enables calls without having to know the function
signature at compile time, and performs calls faster than via the JNI.
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Direct Native Code Invocation Truffle’s NFI enables direct calls to native code
from foreign language applications, which is neither possible with the JNI nor
theFFMAPI: Since theNFI is implemented as anotherTruffle language that can
be accessed viaTruffle’s interoperabilitymechanism, language candirectly in-
teract with native code without having to write boilerplate JNI code, FFM code,
or similar bridging technologies [37].

Performance Optimization It creates call stubs for native functions that the
GraalVM JIT compiler can optimize.

2.6.6 Sulong Toolchain

To conveniently work with Sulong, it has its own toolchain, which is based on
clang [16, 17, 92], a C/C++ compiler front-end for LLVM. Thus, it first compiles
C/C++ code to LLVM bitcode, which is then further compiled to machine code.
The Sulong toolchain, however, also adds the LLVMbitcode as a special section
to thegeneratedmachine codefile. Thus, the resultingfile contains both, LLVM
bitcode and native code as shown in Figure 2.7. The presence of the LLVM bit-
code, however, allows execution via Sulong, i.e. to interpret and/or JIT compile
those functions.

GraalVM Compiler + Further Components

Truffle Language Implementation Framework

Sulong
Truffle Native 

Function Interface

exe

loads loads

compiled to compiled to

one file

Figure 2.7: The Sulong Toolchain offers compilation of C/C++ code to machine
code and includes the corresponding LLVM bitcode as well.

When such a file is loaded, Sulong executes LLVM bitcode by default. Only for
functions that are not present as LLVM bitcode, the Truffle NFI is used to exe-
cuted the corresponding native code.
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2.6.7 GraalPy

GraalPy [42] is the Python language implementation on GraalVM, using the
Truffle framework. The language runtime is based on Java, which is different
fromother popular Python implementations. Asmentioned in Section 2.5.2, on
average GraalPy outperforms the reference implementation CPython [42].

However, CPython achieves higher performance when it is combined with na-
tive extensions, especiallywith theNumPy [67] library. This is becausemost of
the run time for NumPy is in the AOT-compiled native code, whereas the per-
formance of the JIT-compiled Python code only has a minor influence in such
applications.

Since C extensions are currently all executed via Sulong when LLVM bitcode
is present, i.e., interpreted and JIT-compiled, we therefore propose a hybrid
execution model for Sulong: Performance-relevant code parts of C extensions
should also be executed as native code. We explain this concept in Chapter 4.

2.6.8 Native Image

GraalVM Native Image is a technology which compiles Java bytecode into a na-
tive executable. Instead of requiring a Java Virtual Machine (JVM) to interpret
and compile code at run time, Native Image performs all compilation tasks
ahead-of-time (AOT), creating standalone binaries that can run directly on the
target platform [110].

Its instant warm-up capability enables applications to begin executing imme-
diately, eliminating the traditional JVM warm-up period where code verifica-
tion, class loading and interpretation typically occur. Warm-up times in a tra-
ditional JVM are usually two orders of magnitude longer than in Native Im-
age [110, 117].

Particularly in cloud environments, immediate peak performance and resource
efficiency are important criteria for software toolchains [27, 28, 73]. Thus, AOT
compilation is also an important technology also for modern software devel-
opment.

Creating a Native Executable

The process of creating a native executable from a Java bytecode application is
shown in Figures 2.8 and 2.9 and works as follows:

GraalVMNative Image takes the code of an application in the formof Java byte-
code. Certain aspects of a JVM aremissing at run time with Native Image, such
as a class loader. Thus, JDK code has to be provided as well. This is why not
only application code, but also code of libraries, JDK and the SubstrateVM as
shown in Figure 2.9 are fed into static analysis. SubstrateVM contains a min-
imal runtime for execution of the compiled program and will be further ex-
plained within this section.
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Figure 2.8: GraalVM Native Image compilation process from code perspective:
Method A gets compiled regularly. Method C gets inlined into B.
Method D could be proven to be dead code, so it is not included into
the final executable.
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Figure 2.9: Native Image build process [117]: Java bytecode, including runtime
code, is analyzedandoptimizedand thencompiled to anexecutable.
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Static analysis first performs a reachability analysis. These analysis steps are
performed in a fix-point operation, i.e., they are applied repeatedly until the
system stabilizes. Based on the result, further optimizations such as method
inlining are applied. As an example, method C in Figure 2.8 gets inlined into
method B. Since native imageworks on a per-method based compilation, every
compiledmethod is called a compilation unit. In Figure 2.8, the compilation unit
of B also contains code of method C. Once reachability analysis and optimiza-
tion is done, initializations which can be done at build time are run, and a heap
snapshot is taken.

After compiling those compilation units, they are laid out so that caching ef-
fects help with fast startup [9]. The heap snapshot after initialization is em-
bedded into the data section of this file.

It is important to mention that GraalVM Native Image does not contain a class
loader, so loading new types at run time is not possible. This is caused by the
fact that the type hierarchy is already known during static analysis, enabling
further optimizations. On the other hand, GraalVM Native Image has to guar-
antee that every reachable code on any branch has to be compiled and in-
cluded at build time. For example, Java allows dynamically bound (i.e., virtual)
method calls, which means that implementations of overridden methods of-
ten are reachable as well. Only if control flow analysis and type reachability
prove that certain code can never be executed, that code can be excluded from
the native executable. Due to trade-offs between precision and scalability dur-
ing static analysis in Native Image, actually unreached methods can still end
up in the final executable file [111]. Therefore, native executables produced by
GraalVM Native Image are usually much larger than the individual class files
that are loaded dynamically by the JVM.

SubstrateVM and its Debug Interpreter

SubstrateVMis a virtualmachine (VM)written in Java,which contains themin-
imally required runtime components that are necessary in an executable pro-
duced by Native Image [72], such as a garbage collector.

Although SubstrateVM contains certain JVM components, it lacksmechanisms
such as dynamic loading, reflection and deoptimization,making it simpler and
faster. Since a binary executable is harder to debug than bytecode, there is
the option to include the class files of an application into the executable, to-
gether with a lightweight bytecode interpreter that can then be used for de-
bugging [69].

Profile-guided optimization (PGO) within GraalVMNative Image

PGO has been described above in Section 2.2.2. Like other static compilers such
as GCC or clang, GraalVMNative Image uses PGO to optimize the produced ex-
ecutable1.

1To use PGOwith GraalVMNative Image, the enterprise version is necessary. PGO is not available
for the community edition [70].
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The PGO process involves multiple stages [110], starting with a special build
with profiling counters. This special build is then executed with representa-
tive workloads. During these agent runs the profiling counters collect data on
the behavior of the application. The agent records, for example, which classes
are loaded, which methods are invoked, which reflection tasks are performed,
or which files are accessed. More importantly, the profiler can collect control
flow information to improve branch prediction. Upon completion, these runs
generate a file in JSON format containing the collected profiling information.
Afterwards, a subsequent optimized build uses this generated profile data to
guide optimizations, such as inlining of frequently executed method calls or
removing code proven not to be used, to enhance application performance.

2.7 Statistics

In the following, we describe statistical concepts that will be used in the fol-
lowing chapters.

2.7.1 Box Plots

A box plot is a graphical way to show the distribution of numerical data. It is
based on dividing the data into quartiles: The box extends from the first to the
third quartile (i.e., the interquartile range) and thus represents themiddle 50%
of the data. The line in the box denotes themedian. The whiskers extend to the
farthest data point within 1.5× the inter-quartile range from the box. Circles
denote data points outside of the whiskers. Figure 2.10 shows sample data val-
ues {1, 3.5, 5, 5.7, 6, 6.6, 7, 8, 9} and their corresponding box plot.

1 2 3 4 5 6 7 8 9
values

raw data

box plot

outlier Q2 /
medianQ1 Q3lower

whisker
upper

whisker

Figure 2.10: Sample data values and their box plot with box, whiskers and one
outlier.
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2.7.2 Correlation Coefficients

To see whether two features correlate, which is important whenwe, for exam-
ple, compare method features, one can use correlation coefficients. Pearson’s
andSpearman’s correlationcoefficientsbothprovideaunitlessnumber:+1de-
notes a perfect positive linear correlation, −1 a perfect inverse, linear correla-
tion. 0 indicates that there is no correlation. While Pearson’s coefficient indi-
cates linear correlation, Spearman’s coefficient works on ranked data. To cal-
culate Spearman’s coefficient, the data has to be sorted, and data processing
is not continued with the raw data as such, but with the rank of every value
within the feature. Both coefficients are computed as shown in Equations (2.1)
and (2.2), respectively.

ρPearson(X, Y) =
cov(X, Y)
σX ⋅ σY

(2.1)

ρSpearman(X, Y) = ρPearson(R[X], R[Y]) (2.2)

2.8 Convention of the Terms Runtime, Run Time and
Run-Time

The terms runtime, run time, and run-time are closely related, but are usedwith
slightly different meanings throughout this thesis.

The closed compound runtime is used as a noun referring to the execution
environment. For example, the Java runtime provides memory manage-
ment.

The open compound run time is used as a noun referring specifically to the
duration of a program’s execution or a measured execution time. For ex-
ample, the run time of an application is 2 seconds, and profiling data is col-
lected at run time (i.e., dynamically).

The hyphenated form run-time is used as an adjective modifying another
noun. For example, we can perform run-time optimizations, i.e. optimiza-
tions at run time.

This convention is adopted consistently throughout the thesis for clarity and
readability.





Chapter 3

Mixing ExecutionModes to Reduce
Binary Size

Our thesis is about mixing execution modes to balance different trade-offs. In
this chapter, we look at the trade-off bewteen size and performance. Thus, this
chapter describes a hybrid execution approach for Java programs to reduce the
size of binary executables while keeping peak performance high.We tackle this
problem by storing less-frequently executed code in more compact represen-
tations. Performance-critical code is fully compiled tonative code and thus still
executed in a highly-optimized version.

The goal is to find heuristics to automate the decision whether to compile or
not to compile certain code. This decision should reduce the binary size while
keeping peak performance high. This chapter looks at both, static as well as
dynamic heuristics and their evaluation.

3.1 Motivation

As mentioned in Sections 1.1, 2.1.1 and 2.6.8, AOT compilation can produce
highly-optimized binary executables that achieve a high peak performance,
while start-up effort is reduced to a minimum. However, the resulting binary
files can get quite large: Every code gets optimized on a high level, even code
that is never called or only executed rarely. Shrinking the size of AOT-compiled
executables without sacrifying performance is an ongoing research task [19,
22, 81], which is also the goal of this chapter.

Our approach aims for smaller native executable files of Java programs by re-
placing compiledmethods. However, the calculation is not as simple, since in-
terpretation of the removed code requires it to be present as Java bytecode. The
total file size will only drop if the Java bytecode is smaller than its compiled
machine code. To validate that, the code of the DaCapo benchmark suite [11] is
analyzed in the following by comparing the corresponding code sizes per com-
pilation unit.

The result can be seen in the scatter plot shown in Figure 3.2. While the x axis
shows the size of Java bytecode, the y axis denotes the size of the compiled code
in bytes. The compiled code of themajority of themethods is roughly 3.1 times
as large as the corresponding bytecode.

The idea to tackle this problem is to include a lightweight interpreter into the
native executable, as shown in Figure 3.1: The standard compilation process is

31
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(a) Regular GraalVM Native Image compilation process as in Figure 2.8.

A
Interpreter

…

Executable

B C

[Savings]
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(b) Compilation process when replacing compiled code with bytecode.

Figure 3.1: Compilationprocess ofGraalVMNative Image,with andwithout our
approach.
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Figure 3.2: Comparing code sizes: bytecode vs. machine code. On average, ma-
chine code of a compilation unit is larger than its bytecode.

Table 3.1: Basic principle of hybrid execution.

Hot Code Cold Code
ExecutionMode AOT Compilation Interpretation

Runtime Environment Native Executable Runtime Interpreter

Results in High Peak Performance Reduced Binary Size

shown in Figure 3.1a and has been described in Section 2.6.8. Our approach is
to replace some of the compilation units by their smaller bytecode, as shown in
Figure 3.1b. To execute the bytecode, an interpreter is needed as well. Thereby,
not all code has to be included as native code in the executable, but some code
can be stored in a less-optimized andmore compact intermediate representa-
tion. Our goal is to reduce the size of the executable, while keeping peak per-
formance reasonably high. This is possible if less-frequently executed code is
interpreted, while performance-critical code is compiled AOT, as also shown
in Table 3.1.

The resulting executable can then be tuned between performance and image
size. In other words, if performance is critical, all code is AOT-compiled. If
storage is rather limited, less frequently executed code canbe interpreted. If the
decision to interpret certain code turned out to bewrong, code can be compiled
again. Our approach does not impair execution correctness, since only execu-
tionmodes are modified, while execution semantics do not change.

While it is better to aim for size reduction in memory-critical systems, there
are also scenarios where peak performance has a higher priority than resource
efficiency. Thus, the result of our approach does not only depend on the code,
but also on the context of its execution.
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3.2 Code Features and Correlations

As a first step, we analyze run-time metrics and static code features of com-
pilation units to identify promising correlations from which we can derive
heuristics in Section 3.4. The goal of the heuristics is to identify compilation
units that can be interpreted to shrink the executable sizewhile avoiding ama-
jor impact on run-time performance.

Wewill first introduce the investigated code features and run-time datawe use
in the analysis, and then discuss the correlations we found.

3.2.1 Methodology

In the analysis, we focus for most parts on the largest DaCapo [11] benchmark
fop. We chose fop since it has the most compilation units from the DaCapo
benchmarks, and thus, provides the best opportunity to identify correlations.
While focusing on a single benchmark may prevent us from seeing other use-
ful correlations, it also reduces the risk of overfitting heuristics to the over-
all benchmark set. Since the DaCapo benchmarks originate from different code
bases, they are likely to differ in their various characteristics from each other.

We extract the data for our analyses during the build process of a GraalVMNa-
tive Image executable. As shown in Figure 2.9, the Native Image compiler first
performs global analyses, for instance to determine code reachability with a
closed-world assumption. Then, the code is grouped into compilation units,
each unit consisting of a node graph of the Graal IR. These units are then com-
piled into relocatablemachine code. At this point, we collect the static features.
After that, only those compilation units are laid out and included into the final
executable where our heuristics (described in Section 3.4) decides them to be
used instead of interpreted.

While conceiving the analyses that we describe below, we ended up collect-
ing the following features. They are based on individual compilation units, i.e.,
method and all its inlined methods, and rely only on static information. Thus,
they are also candidate inputs for the heuristics that we will derive from our
analyses later on in Section 3.4.

nCycles: number of estimated CPU cycles, estimated by a static heuris-
tic [52, 61].

compiledSize: size of the compiled code (in bytes)

nPars: number of parameters

name: method name

minRetDist: shortest node distance from entry point to a return node

maxRetDist: longest node distance from entry point to a return node

nNullCmp: number of nodes that compare a pointer against null

3.2.2 Run-Time Data: Execution Time Ratio

Sincewewant to avoid amajor impact on run-timeperformance,we look at the
difference in execution time a compilation unit takeswhen it is executed on the
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Figure 3.3: Distribution of the ratio interpreter execution time
AOT execution time for compilation units of

the DaCapo fop benchmark. It includes all compilation units acti-
vated at least once. It shows that for more than 90%, the benefit of
AOT compilation is larger than a factor 400.

interpreter instead in its AOT-compiled form directly on the CPU. Specifically,
we assess the benefit of compiling a compilation unit by determining the ra-
tio between interpreted andAOT-compiled execution time, interpreted time

AOT execution time . The
AOT execution time is measured with perf [100], as functions of a native ex-
ecutable are measured. To track the execution time of interpreted compilation
units, java.lang.System::nanoTime is used.
In both cases (AOT-compiled and interpreted code), only the self time of a
compilation unit is measured, i.e. time of callees of a compilation unit is not
included. Compilation units without activations are excluded from this anal-
ysis. As a drawback, only compilation units with at least one call are captured
(since 0

0 is not a number).

From a performance perspective, units with larger execution time ratios yield
greater benefit from compilation and should be prioritized. The distribution of
those ratios for the DaCapo [11] fop benchmark is shown in Figure 3.3.

This execution time ratio is rather high, reaching from400×up to 10000×, with
a median of 2000×. One reason for that is that we used a lightweight, research
prototype interpreter that does not perform any optimizations.

In contrast to the static features listed above, the execution time ratio cannot
be computed at build time, since it requires us to measure the run time. Thus,
we use it only to identify correlations, but not in the definition of heuristics.

3.2.3 Correlations of Static Features and Execution Time Ratio

For the following sections, we analyze how static features related to the exe-
cution ratio of 3.2.2. To illustrate correlations, we include scatter plots, where
every dot represents a compilation unit. While the x axis represents the static
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Figure 3.4: Estimated computational density of cycles per byte compared to the
execution time ratio.Higherdensity, i.e.,more estimatedCPUcycles
per size benefits more from AOT compilation.

feature, the y axis indicates the execution time ratio. We also provide Pear-
son’s and Spearman’s correlation coefficients, which have been described in
Section 2.7.2. Spearman’s correlation works on ranked data.

Estimated CPU Cycles per Byte

As a first property, we investigate how computationally dense a compilation
unit is. The idea is to see whether there are compilation units that are large
but do not perform a proportional amount of computation, and thus, would be
candidates for interpretation.

For our purposes, we only look at the size of a compilation unit in bytes and
the cycles the Graal compiler estimates for it based on its built-in heuristics.
To see whether interpretation couldmake sense, we plot nCycles

compiledSize against the
execution time ratio in 3.4. As expected, the plot indicates thatmore computa-
tionally dense compilation units cause a higher overhead when they are inter-
preted. The correlation coefficients are +0.16 (Pearson) and +0.64 (Spearman).
This motivates that we found a feature with a strong possible correlation.

Number of Parameters

A feature that the machine-learning-based approach of Cugurovic et al. [19]
identified as potentially relevant is the number of parameters of a compila-
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Figure 3.5: The number of parameters of a compilation unit compared to the
execution time ratio. The more parameters a compilation unit has,
the more compilation pays off.

tion unit. One may speculate that there is a deeper correlation between num-
ber of parameters and complexity of a method. Figure 3.5 shows the execution
time ratio versus thenumberof parameters. The scatter plot showsa somewhat
triangle-like distribution. Since the number of parameters is a dimension with
only low resolution, it appears almost line-like in the plot and suggests that a
low number of parameters can have a low and high execution time ratio. How-
ever, it also shows that methods with higher number of parameters typically
benefit strongly from compilation. This is supported by the correlation coeffi-
cients +0.38 (Pearson) and +0.41 (Spearman).

Early Return

When analyzing the execution time of compilation units, we noticed that the
first activation of a compilation unit can take much longer than subsequent
ones, as shown in Figure 3.6. Every line represents a compilation unit, the x
value denotes the number of the activation. The y value is the relative duration
of a single activation w.r.t. subsequent activations; it is computed as in Equa-
tion (3.1) (time(n) denotes the time of the nth activation, N is the total number
of activations).

relative time of nth activation = time(n)
1

N−1 ⋅ ∑
N
i=2 time(i)

(3.1)
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Figure 3.6: Activation Times of Compilation Units: There are some compila-
tionunits (markedorange)whosefirst activation takesmuch longer
than subsequent ones. The y value is computed as in Equation 3.1.

1 static boolean initialized = false;
2 void some_init_method() {
3 if(initialized) {
4 return;
5 }
6 //...do intensive init work
7 initialized = true;
8 }

Listing 3.1: Lazy InitializationPattern in Java.Apresumedcandidatepattern for
detection.

While a first execution usually takes more time for initialization, there is also
a group of compilation units, marked orange in Figure 3.6, where their first
activation takes much longer than for other compilation units (marked blue).

Seeing the first activation overhead, we hypothesized that these compilation
units perform some form of initialization during the first activation. Perhaps
as sketched in Listing 3.1.

To identify code patterns with early returns more generally, we count how
many nodes it takes to connect the compilation unit’s entry point with all its
returns and compare the shortest to the longest distance. Based on this, we
calculate an early return ratio minRetDist

maxRetDist . A value close to zero indicates an early
return, while a value close to one indicates that all paths to a return are equally
long.

The scatter plot in 3.7 compares the early return ratio to the execution time
ratio. Surprisingly to us, it shows an inverse correlation with correlation coef-
ficients of−0.33 (both, Pearson and Spearman). Thus, it is the opposite of what
we initially expected. This suggests that even if there is anearly return, the code
is often computationally intensive.
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Figure 3.7: Scatter plot showing the early return ratio compare to the execution
time ratio. Thedata suggests that the earlier a return canbe reached,
the more compilation pays off.
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Figure 3.8: Scatter plot showing the number of null checks compare to the ex-
ecution time ration. More null seem to indicate a higher benefit of
compilation for compilation unit.

Pointer NullChecks

Inspired by the early returns, we also investigated pointer comparisons with
null, which are also used in literature [14, 114]. The idea here is that a null
check may indicates a cold branch, as null pointers may not be expected and
lead to the rare error handling case.

There is only a rough correlation in the scatter plot in Figure 3.8, the coeffi-
cients are+0.21 (Pearson) and+0.07 (Spearman). Thus, a higher number of null
checks only slightly correlates with a higher execution time ratio.

3.2.4 Static Initializers

Static initializers in Java are methods for class-level data initialization. For
most static initializers, our measurements did not capture an execution time
ratio, since they were not executed. This already suggests that they could be
candidates for interpretation.

Generally, static initializers in Java combine the code of static field initializa-
tions and static{} blocks. The Java-to-bytecode compiler collects andmerges
all such initialization code into a single method, referred to as <clinit> in the
bytecode. This method is invoked lazily when needed, thus, at most once. If a
class is never referenced at run time, its static initializer is never executed, too.
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Figure 3.9: Usages of static initializers: In theDaCapo benchmarks, only 12% to
20% of the static initializers are actually called.

Also for GraalVM native image, <clinit> compilation units (i.e., static initial-
izers and thehull of their inlinedmethods) canbe invoked lazily.We see several
reasons why it may be beneficial to avoid compiling static initializers:

Atmost one activation

As explained, static initializers get executed once atmost. Thus, they can easily
be considered as cold code in general.

High ratio of unused code

If a class is never referenced at run time, its static initializer remains unused
during the current execution.

For the DaCapo [11] benchmark suite, Figure 3.9 shows the ratio of executed vs.
unused static initializers. It shows that only ≈ 10 − 20% of the static initializers
get called. There are two reasons for such a low usage. On the one hand, Na-
tive Image uses a rather conservative cut-off in its reachability analysis [111]
as mentioned in Section 2.6.8. Thus, some code that might be considered dead
still remains in the image, because the analysis cannot prove it.

On the other hand, some Java classes are only used for certain states in the ap-
plication, e.g. an error case. If the application never reaches such a state, but
could reach it with different input parameters, then the static initializer often
remains unused as well, although it cannot be considered to be dead code.

Large Code Size

As static initializers often initialize static fields with either constant values or
valueswithout high computing effort,machine code can get rather large. As an
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Figure 3.10: Sizes of Static Initializers in DaCapo Benchmarks: On average,
static initializers are larger than an average method.

example, Figure 3.10 shows the size property of static initializers for different
benchmarks of theDaCapo suite. The x axis showshowmany compilation units
are static initializers within the application, the y axis shows their combined
code size normalized to the whole application.

For the fop benchmark, there are 842 static initializers out of 88955 compi-
lation units. However, those ≈ 0.94% compilation units take almost 9% of the
overall image size.

The two largest static initializers org.apache.batik.xml.XMLCharacters and
sun.awt.X11.XKeysym are responsible for 2% of the image size, even though
they are never called when our benchmarks are executed.

Thus, since static initializers are rarely executed, but large compilation units
that are executed at most once, they seem to make good candidates for inter-
pretation.

3.3 Research Questions

We replace executable compiled code by interpretable bytecode to shrink the
sizes of executables. With regard to that, we are interested in the following as-
pects:

1. What is the trade-off between size and performance when applying static
heuristics for hybrid execution based on the code features of Section 3.2?
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2. What is the largest possible size reduction of applications without signifi-
cantly impacting run-time performance? Knowing the maximal reduction
also allows us to ask the following:

3. How close do static heuristics approach a close-to-optimal solution, which
is based on dynamic information?

3.4 Heuristics

Focusing on research question 1 and based on the analyses in Section 3.2, we
formulate heuristics to reduce the binary size and enable us to decide, whether
to compile or not to compile a compilation unit, while keeping peak perfor-
mance high. As described already in Section 3.2.1, the decision for static heuris-
tics happens after the code has been compiled and before it has been laid out
and stored into the final executable. The reason for that is that the full infor-
mation is already available (compiled size). In future, we could try to estimate
necessary information such as the compiled size of a compilation unit at an
earlier compilation stage. For dynamic heuristics, the call frequency of every
compilation unit is collected from dynamic information of profiling runs done
with instrumentation.

3.4.1 Static Decision: Per-Compilation-Unit Compile Score

Our approach for static heuristics is to estimate a compilation-worthiness or-
der of all compilation units at build time. Since the initial global analysis gives
us a list of all compilation units, this allows us to rank them for the subsequent
decision of whether to compile or not.

Thus, our heuristics need to map every compilation unit cu to a correspond-
ing score between 0 and∞. When a compilation unit is considered to be more
important to be compiled by a heuristic, its score will be higher. A value of 0
indicates that the compilation unit should not be compiled. On the other hand,
somecompilationunits of the runtimesystemhave tobe compiled,which is in-
dicated by a value of∞. This is true for some compilation units of the runtime
system that are not supported to be interpreted, such as the interpreter itself
(as described in Section 3.5.3) and core parts of the Native Image runtime [110].

We can then sort the compilation units by this score, and choose compilation
units with the lowest score first to be interpreted instead of compiled. As size
information (baseSize, as well as the size of each compilation unit) is already
available at build time (see Section 3.2.1), we knowhowmany units to interpret
to achieve the intended size reduction. The baseSize is the size of the over-
all image, which includes the native code as well as objects that were created
as part of the initialization during the compilation, i.e, the heap snapshot (see
Section 2.6.8).

We evaluate the effects on peak performance for given heuristics and size re-
duction sizeRed ∈ [0%, 100%] by using the following algorithm to select compi-
lation units for interpretation:

1. Receive the list of compilation units during AOT compilation, as described
in Section 3.2.1.
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2. Sort the list by the chosen heuristic score function.

3. Set goalSize to baseSize ⋅ ⒧1 − sizeRed⒭.
4. Set curSize to baseSize.
5. While curSize > goalSize:

a) Take the next candidate for interpretation, i.e., the one with the lowest
score in the list.

b) Set the executionmode of compilation unit to interpretation.

c) Update curSize by replacing the machine code size with the bytecode
size.

6. Set all compilation units without an assigned executionmode to AOT com-
pilation.

With this approach, we obtain an executable with the desired size reduction.
The peak performance can then be compared to the baseline, i.e., the same ap-
plication where all compilation units are AOT-compiled.

3.4.2 Single-Feature Static Heuristics

Based on the analysis in Section 3.2, we create five heuristics. As a kind of con-
trol group,wewill also includea randomheuristic,whichwealsobrieflyexplain
here. A summary of these single-feature heuristics is given in Table 3.2.

EstimatedCPUCyclesperByte:ecyc (based on Section 3.2.3) The positive cor-
relation we saw indicates to us that more computationally dense compilation
units cause a higher overhead when they are interpreted.

To smoothen the heuristic and account for the orders of magnitude difference
in computational density, we take the logarithm of the ratio. Thus, the score
value for this heuristic is determined by log ⒧ nCycles

compiledSize⒭.

Number of Parameters: pars (based on Section 3.2.3) While the correlation is
not as clear as for ecyc, a higher number of parameters for a compilation unit
seems to indicates a high interpretation overhead. To avoid a value of zero,
the score value for this heuristic is determined by the number of parameters
as such, incremented by one (nPars + 1).

Early Return Ratio: rtrn (based on Section 3.2.3) For the early returns, there is
a negative correlation between the early return ratio and execution time ratio.
Therefore, we use a heuristic that leads to compilation units with early returns
to bemore likely to be compiled. Specifically, we use the inverse ratio maxRetDist

minRetDist
as heuristics.

NullPointer Checks: null (based on Section 3.2.3) Similar to early returns, we
noticed that compilation units with many null checks may benefit from com-
pilation. Thus, we determine the heuristics score by taking the number of null
comparisons and increment it by one, nNullCmp + 1.
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Table 3.2: Compilation unit features and their heuristic score functions.

Name Letter Heuristic Description Score Function

ecyc e number of estimated CPU
cycles per size

cu → log ⒧ nCycles
compiledSize⒭

init i compilation unit is a static
initializer

cu →  0 ∶ cu is stat. init.
1 ∶ else

pars p number of parameters cu → nPars + 1
null n numberof pointer compar-

isons against null [114]
cu → nNullCmp + 1

rndX - random heuristic (fixed
seed)

cu → rnd(1.0, 10.0)

rtrn r inverse early return ratio cu → maxRetDist
minRetDist

Static Initializer: init (based on Section 3.2.4) For static initializers, we saw
and argued that they may not benefit from compilation, since they are often
rather large, executed at most once, but a majority is never executed.

Since static initializers are identifiable by their special name, our heuristic
function simply returns 0when it is a static initializer, and 1 for all other com-
pilation units.

Random: rndX (control group) With the hybrid execution system as described
in this paper, removing almost any compilation unit reduces binary size, but
might decrease performance.

To identify how reliable theheuristics are andwhether they generalize from fop
to the complete benchmark set, we compare them against a random heuristic.
Thus, they have to do better than selecting compilation units randomly for in-
terpretation.

Theheuristic assigns every compilationunit a randomscore from1.0 to 10.0. To
avoid comparing against only one randomly good or bad control, we use three
different seeds and have the heuristics rnd1, rnd2, and rnd3.

3.4.3 Combined Static Heuristics

Combining single features into more complex heuristics often leads to better
results [19, 114].

We combine a set of heuristics H into a new heuristic by multiplying the sin-
gle score values as in Equation (3.2). Because of the multiplication, we can en-
sure that a single 0 score leads to automatic interpretation regardless of other
score values. This way, we can make sure that static initializers are always in-
terpreted if that heuristic is included.

heurH(cu) = 
h∈H

heurh(cu) (3.2)



46 3 Mixing Execution Modes to Reduce Binary Size

Table 3.3: Sample compilation units and their scores for ipe heuristics.

cu init: heuri(cu) pars: heurp(cu) ecyc: heure(cu) ipe:heuripe(cu)
A 0 1 3 0
B 1 1 4.1 4.1
C 1 3 5 15
D 1 2 1 2

For simplicity, the name of combined heuristics consists of the letters of its
single-feature heuristics. As an example, the iprn heuristic considers static
initializers (i), the number of parameters (p), the early return ratio (r), and
number of null checks (n). The score function of iprn is therefore defined as in
Equation (3.3).

heuripe(cu) =heuri(cu) ⋅ heurp(cu) ⋅ heure(cu)

=init(cu) ⋅ (nPars + 1) ⋅ log⒧ nCycles
compiledSize⒭ (3.3)

Table 3.3 shows four sample compilation units A to D. A is a static initializers,
thus gets the value 0 assigned, and is therefore always interpreted. One can also
see that the logarithm is important for the number of estimated cycles per size,
ecyc: Without the logarithm, it would fully dominate the combined heuristic:
Its values for heure would be 1000 and 10000 instead of 3 and 5, which would
overrule all other single heuristics.

Combining features canhelpmitigatewrongdecisions based on single outliers.
Concretely, for the iprn heuristic, a 20% image size reduction leads to a perfor-
mance slowdownof 8%, while single features cause slowdowns between 8% and
20% (more details in Section 3.6).

3.4.4 Dynamic Heuristic

Besides static knowledge of research question 1, we are also interested in re-
search question 2: There aremany compilation units that are not called at all or
do not significantly impact the overall performance. For example, Section 3.2.4
proposed that static initializers, i.e., compilation units that are large but rarely
or even never called, can be interpretedwithout significantly impairing overall
program performance. Thus, it would be worth in general to know how often a
compilation unit is called during program execution. This also allows us to get
closer to the largest size reduction possible without impacting performance.

To include dynamic information as well, we suggest a heuristic combining the
numberof estimated cyclesperbyte (as inSection3.2.3)with the call frequency,
as shown in Equation (3.4):

heurdyn(cu) =
nCalls ⋅ nCycles
compiledSize (3.4)
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Figure 3.11: Native Image Build for Hybrid Execution.

3.5 Implementation

The approach described above is implemented for applications that can be
compiled to Java bytecode. More concretely, it is applied to an AOT compiler
for Java bytecode, GraalVM Native Image. While the basics of GraalVM Native
Image have been described in Section 2.6.8, the following sections describe the
implementation of this approach within GraalVM Native Image.

3.5.1 GraalVMNative Image

To enable a hybrid execution approach in GraalVM Native Image, we modified
the compilation process as shown in Figure 3.11: Application code, JDK libraries
and the Native Image Runtime are passed to the Native Image compiler. Sim-
ilar to the general Native Image compilation toolchain procedure described in
Section 2.6.8, the code is analyzed and optimized. One of these optimizations is
inlining, where code of callees is embedded into their callers’ code. If methods
are compiled tomachine code, amethod and all its inlined callees are compiled
together. This is called a compilation unit.

The approach described in this chapter requires a decision whether to compile
or interpret code. Since GraalVMNative Image aggressively optimizes within a
compilation unit and makes use of powerful inlining heuristics [110], we con-
sider it reasonable not to separate code within a compilation unit. Therefore, a
whole compilation unit is executed in the sameway (either interpreted or AOT-
compiled).

While the heap snapshot is written into the executable after analysis and op-
timization, there is one additional step introduced for code: The general Na-
tive Image toolchain would now take the compiled version of every compila-
tion unit, lay it out, and store it into the executable. Since, however, the hybrid
approach described in this chapter also offers interpretation, the toolchain can
now replace the native code by the original Java bytecode, which is shownwith
a blue border in Figure 3.11. To be able to execute Java bytecode at run time,
an interpreter is needed (which is not present in a Native Image executable by
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Figure 3.12: Indirection step via GOT/PLT allows dynamic resolution ofmethod
calls.

default). Therefore, a simple and light-weight interpreter, which can also be
used for debugging (as described in Section 2.6.8), is added to the code to be
compiled at the start of compilation.

3.5.2 Triggering Interpretation of Compilation Units fromNative
Call Sites

Whenacompilationunit supposed tobe interpreted is invoked, it isnotpossible
to simply continue execution from Java bytecode. Instead, a little stub has to
start the interpreter and trigger interpretation of that compilation unit. In the
following, we explain how to achieve such a call forwarding.

In a native executable generated by GraalVM Native Image, method calls be-
tween compilation units can use an indirect callingmechanism rather than di-
rect jumps. A procedure linkage table (PLT) together with a global offset ta-
ble (GOT) is available, which have been described in Section 2.4. Those tables
serve as an intermediary lookup structure between callers and callees [41] and
offer patching at run time. When the executable is initially loaded, the GOT
is initialized with the addresses of the corresponding compiled methods. Call
sites of a compilation unit target the corresponding PLT entry that accesses the
pre-resolved GOT address. A simple call is shown at the top of Figure 3.12.

This GOT/PLT indirection can be used to trigger interpretation fromnative ex-
ecution: Instead of the address to the AOT-compiled method, the GOT entry
contains a trigger of the interpreter to interpret the target method. This pro-
cedure is shown at the bottom half of Figure 3.12.

Our current implementationuses the address to thePLTentry for everymethod
call (in the interpreter aswell as in native code). Thismeans that an interpreted
compilation unit can call the compiled version of a method. In case an inter-
preted caller calls a callee which is about to be interpreted as well, the inter-
preter calls thePLTentry stub,which lets execution continue in the interpreter,
interpreting the bytecode of the callee.While this is an even slowerway of real-
izing hybrid execution, interpreted code is not on the hot path anyway. There-
fore, this performance penalty is accepted, while making a point to keep the
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system small and simple, since the call-site does not need to know if the callee
is compiled or meant to be interpreted.

The main reason for this indirection for every call, which comes with a slight
performance drop, is researchflexibility: Execution can be redirected to the in-
terpreter or back to compiled code at run time, i.e., without having to recompile
the native executable again.

3.5.3 ExecutionMode Restrictions

As mentioned in Section 2.6.8, runtime code and application code are merged
into a single compiled executable. This means, one cannot easily determine
whether a givenmethod in such an executable is an applicationmethod, a run-
time method, or even both. However, as soon as compilation units are needed
to implement the interpreter itself (independentlywhether they areusedby the
application code aswell in a different context), theymust always be executed in
native mode. Otherwise, endless recursion will occur, as the interpreter would
start to interpret itself. Additionally, there is VM code (e.g., from the garbage
collector) that cannot be interpreted as it would end in a recursion too.

3.5.4 Performance-Critical Compilation Units

In applications, a single compilation unit can be critical for the overall perfor-
mance, which we show with an example in the following:

We built a small sample application that organizes data in linked lists, but does
not contain many other application methods.

The result of randomly replacing compiled code with its bytecode for that ap-
plication is shown in Figure 3.13. Every dot in this Figure corresponds to one
scenario of the application with certain code compiled, and certain code in-
terpreted. The reason why there are so many compilation units is that during
compilation, code of the JDK and the runtime is added, as described in Sec-
tion 2.6.8. The x coordinate of every dot denotes the savings in code size, so a
higher x value denotes a higher ratio of interpretation. The y coordinate repre-
sents the total execution time of the application in the given scenario.

Although such a linked list application is mainly for illustration, it clearly
shows that there are only a few compilation units that impact performance.
Whenever a critical compilation unit is removed, there is a significant perfor-
mance drop. Such a removal of a critical unit is marked with a red rectangle in
Figure 3.13. In that situation, the LinkedList::addmethod has been switched
from compilation to interpretation. On the other hand, most of the still in-
cluded compilation units do not change performance significantly, as shown
with the dashed black rectangle. One reason for performance-irrelevant com-
pilation units is that there are units that are not called at all.

3.5.5 Imperfection of Heuristics: Need for Run-Time Compilation

We use heuristics to automatically select performance-relevant compilation
units for compilation, while other compilation units are interpreted. These
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Figure 3.13: Scatter plot of compilation units of an applicationwhere only a few
are performance-relevant. With a higher x value, more units are
interpreted. Critical units can be detected when the run time in-
creases, as marked in red.

heuristics are bound tomispredict the performance effects of interpreting sin-
gle compilation units, as heuristics are not perfect. However, the example in
Figure 1.1 clearly shows that such a misprediction can slow down the overall
performance significantly.

To deal with such compilation units that cause a significant overall slowdown
when interpreted, a compiled version of those compilation units should be ex-
ecuted instead. This is a classical task for a JIT compiler.

Using a JIT compiler on the frequently executedmethods to improve peak per-
formance would lead to a regular JIT compiler with a high warm-up time. In
contrast, the aimof this approach is to JIT-compile as few compilation units as
possible. Going back to the example shown in Figure 3.13, we assume that JIT-
compiling just a single compilation unit (related to the jumpmarked by the red
rectangle) would improve the overall result.

In the current implementation, there is no JIT compiler available, as GraalVM
Native Image only offers a lightweight interpreter. Therefore, to receive com-
piled code for critical compilation units, one can rather replace the interpreted
compilationunit by itsAOT-compiledmachine code instead.Althoughonly few
compilation units need to be replaced, a real JIT compiler comes with a drop in
warm-up performance due to run-time compilation.

Tofindout compilationunits that spend a lot of time in the interpreter,weper-
formed the following measurements: We pick one compilation unit after each
other, interpret it instead of executing its AOT-compiled code, and then track
the interpreter time the compilationunit spent in the interpreter. Also,we track
the total time. After 5 runs, the mean of these runs was taken. This is repeated
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Figure 3.14: Comparison: Time spent in the interpreter vs. total execution time,
each dot is a compilation unit. Starting from 108 ns in the inter-
preter, interpretation time also affects total execution time of the
benchmark.

for every compilation unit. Then, we compare the time spent in the interpreter
with the total time the benchmark ran.

The results are shown in Figure 3.14, which is a comparison of the interpreted
time of a compilation unit against the total execution time when the compila-
tion unit is interpreted. Now, again every dot represents one run of the appli-
cation. In contrast to Figure 3.13, now only one compilation unit is interpreted
at a time. While the y axis again denotes the total execution time of the appli-
cation, the x axis now denotes the time of the interpreted compilation unit.

It can be clearly seen that up to 108ns = 100ms of interpreted time, there is only
aminor impact on total execution time. Sincemeasuring the self timeof a com-
pilation unit comes with profiling costs, one can take a look at the call density
instead: If the time between two consecutive calls of an interpreted method is
shorter than 100ms, the bytecode of the method is replaced by its native code.
In case of a real JIT compiler, the method would have been scheduled for JIT
compilation.

3.5.6 Constant Overhead: Sizes of Interpreter and JIT Compiler

The main approach in this chapter as described above removes compilation
units from the executable and replaces them with Java bytecode. While it re-
duces the size of the resulting executable, it also introduces a constant over-
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Figure 3.15: Necessary size savingsbycode removal toachieve smaller executa-
bles when interpreter and a JIT compiler are included.

head, as the interpreter and a JIT compiler have to be available during execu-
tion as well. While the size of the compiled interpreter code only consists of
1.1MB, the code of a JIT compiler adds 12.8MB to the executable. Thus, when
integrating the interpreter into the executable, the current approach adds a
constant overhead of almost 14MB to the executable. As a consequence, ap-
plications smaller than 14MB cannot be shrunk by this approach at all.

Concrete numbers can be seen in Figure 3.15: The x axis denotes the size of a
Native Image executable without our approach. The y axis denotes the corre-
sponding percentage values of code size savings our approach has to achieve
to result in an executable file of the same size. While a 28MB application needs
to reach 50% savings by code size to make our approach pay off, a 140MB exe-
cutable can be shrunk if more than 10% of code size are saved.

Without using a JIT compiler, the savings are different, as shown by the dashed
line in Figure 3.15. However, as described in Section 3.5.4, significant perfor-
mance slowdownsmay not be avoided.

A possible solution is to provide a system-wide shared library, rather than to
compile the interpreter and the JIT compiler into each application. Therefore,
if not stated otherwise, measurements within this chapter do not include the
size of the interpreter and JIT compiler.

3.6 Evaluation

We evaluate the proposed heuristics by assessing their impact on the perfor-
mance on 5 DaCapo and 13 Renaissance benchmarks. Since there is a direct
tradeoff with the number of methods selected for interpretation, we assess
the performance impact when aiming for 10%, 20%, and 30% reduction of the
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overall image size. We first assess the heuristics individually and then their
combination.

3.6.1 Methodology

Weperformed themeasurements on a systemwith an Intel Core i7-1255UCPU,
32GBRAMandUbuntu 24.04.4 LTSusingLinuxKernel 6.17.0. Duringmeasure-
ments, turbo boost andnetwork connectionswere turnedoff.WeusedGraalVM
25 as of 2025-09-16. Each benchmark was run 10 times for each of the setting,
with 50 iterations of the core benchmark. Thus, per benchmark andbenchmark
setting,we collected 500datapoints to account for systemnoise. Since our sys-
temusesahead-of-timecompiledand interpreted codeonly,wedidnot specif-
ically account for warmup, but did not see large variations in the data.

Assessed Heuristics For our evaluation of the proposed heuristics, we com-
pare them to a baseline where all code is AOT-compiled. As previously men-
tioned, we also compare to three heuristics that rank the compilation units se-
lected for interpretation randomly. To account for a possible impact on dif-
ferent seeds, we include three random heuristics rnd1, rnd2, rnd3 as control
group.

We assess the single-feature heuristics ecyc, pars, rtrn, and null (see Ta-
ble 3.2). Sinceinit is a binary classifier,wedidnot evaluate it as its ownheuris-
tic against a desired size reduction because by itself it does not give a ranking.

To assess the combination of heuristics, we combine the 5 subsets of 4 heuris-
tics each as well as the combination of all 5 heuristics as described in Sec-
tion 3.4.3. Thus,we assess iern, ipen, iper, iprn, pern, and ipern. Their names
contain the letters of the single-feature heuristics as shown in Table 3.2.

Afterwards, we also evaluate the dynamic heuristics described in Section 3.6.4.

Interpreter Size and Execution Mode As described, our hybrid execution re-
places AOT-compiled code by Java bytecode, as shown in Figure 3.11. Thus, ex-
ecution also requires a lightweight, AOT-compiled interpreter. On x86-64, it
is about 1.1MB of size, an optional JIT compiler would be about 12.8MB.We ex-
clude this from our sizemeasurements because it can be provided as a system-
wide shared library rather than compiled into each application.

As single wrong decisions by our heuristics can strongly impact performance
negatively in case a performance-relevant compilation unit is interpreted, the
compiled code replaces the Java bytecode at run time if a compilation unit is
called twicewithin 100ms. In our experiments, only ≈ 2% of all interpreted units
are replaced.

Benchmarks The Java interpreter that we use in Native Image is a research
prototype. Together with the closed-world assumption of Native Image, it
unfortunately limits the currently supported benchmarks. This means, we
can only use fop, h2, pmd, sunflow, and xalan benchmarks from DaCapo,
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and akka-uct, finagle-chirper, finagle-http, fj-kmeans, future-genetic, par-
mnemonics, philosophers, reactors, rx-scrabble, scala-doku, scala-kmeans,
scala-stm-bench7, as well as scrabble from the Renaissance benchmark suite.

3.6.2 Results for Single-Feature Heuristics (research question 1)

Figure 3.16 shows the results for individualheuristics aswell as randomheuris-
tics. The x axis shows the slowdown relative to the baseline. The results are
grouped by overall size reduction we aimed for, 10%, 20% and 30%, respec-
tively.

These results indicate that the number of parameters (pars) is the best single-
featureheuristic. It allowsus to reach the desired size reductionwith the lowest
median increase in run time over all benchmarks. It achieves a size reduction
by 10% with a slowdown of only ≈ 4% at the median, a 20% reduction with 8%
slowdown, and a 30% size reduction with a 11%median slowdown.

The next best heuristics are the early return ratio (rtrn) and the estimated CPU
cyclesperbyte (ecyc). Thenullpointer checkheuristic performedworst among
our single-feature heuristics. Only the three random heuristics rnd1 to rnd3
performed worse, which is encouraging, since this shows that all heuristics
perform better than a random selection of compilation units.

3.6.3 Results for Combined Static Heuristics (research question 1)

The results for combined heuristics are shown in Figure 3.17. Again, the re-
sults are grouped by size reductions – 10%, 20% and 30%, respectively. Over
all benchmarks, one can see that our combined iper heuristic, relying on static
initializers, number of parameters, number of estimated CPU cycles per size,
and early returns, yields the best results. For size reductions of 10%, 20% and
30%, the slowdown is only 2%, 4% and 6%, respectively. This means it also
improves over only using the number of parameters, the best single-feature
heuristic.

Furthermore, the results indicates that the null pointer check heuristic is not
beneficial for these benchmarks, the combinations that include it perform
worse than iper.

Overall Trade-off Between Performance and Size

As themain trade-offof interest to us is the tensionbetween reducing code size
without impacting performance significantly, we investigate it in more detail
for the most promising iper combination of heuristics.

Figure 3.18 shows it for size reductions from 10% to 35% in 5% increments. As
expected, a smaller executable leads to an increase in execution time. Interest-
ingly, we seem to be able to reduce the native image size by over a third at a cost
of less than 20%performance for the slowest benchmarkwemeasured and the
median slowdown stays under 7%.

Figure 3.19 plots the medians for the size reduction targets between 10% and
35%. Here we also include the random heuristics, though, they drop off the
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Figure 3.16: Single-feature results, grouped by size reduction and heuristics.
The heuristic based on number of parameters (pars) achieves the
size reduction with the lowest slowdown, and thus, is the best in-
dividual heuristic.
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Table 3.4: Native Image Executables of DaCapo Benchmarks.

Benchmark Size #Compil. Units Exec. Time
fop 180MB 59, 241 77ms
h2 68MB 45, 086 2945ms

luindex 50MB 18, 411 390ms
lusearch 45MB 18, 539 349ms
pmd 95MB 63, 850 1385ms

sunflow 37MB 19, 316 1045ms
xalan 62MB 48, 395 244ms

chart fairly quickly as they cause high slowdowns. The null pointer check
heuristic is overall causing theworst slowdownof all our heuristics.While iper
is the best candidate, ipen and ipern are only slightly worse, likely because of
the negative contribution of the null pointer check heuristic.

Impact on the Individual Benchmarks

As the box plots already indicated, the impact on individual benchmarks can
differ significantly. Thus, Figure 3.20 shows the results for the benchmarks us-
ing our most promising heuristics iperwith a target size reduction of 20%.
On average, the Renaissance benchmarks perform better than the benchmarks
of the DaCapo suite. The ray tracing DaCapo benchmark sunflow seems to have
a similar structure to the Renaissance benchmarks. In our experience, these
benchmarks are smaller than some of the other DaCapo benchmarks.

TheDaCapo fop benchmark, on the other hand, shows the highest performance
overheadwith our proposed heuristics. This is interesting, since the fop bench-
mark was the one we analyzed in Section 3.2 to identify candidate heuristics.
We consider this a good indication that their heuristics may generalize well to
other Java-based applications.

Similar to the fop benchmark of DaCapo, also both finagle benchmarks of Re-
naissance show a high performance overhead. A possible reason for that these
benchmarks contain often-called but short-living closures, which leads to a
high allocation and collection rate [108]. While the analysis of GraalVM Native
Image seems to be able to solve this issue by analysis, interpretation leads to
the slowdown described above.

3.6.4 Results for Dynamic HeuristicsWith andWithout Simulated
JIT Compilation (Research Question 2)

Sizes, compilation units and wall-clock times of the Native Image executables
are shown in Table 3.4.

Each of the following scenarioswas performed in the sameway: First, we com-
piled the benchmarks with GraalVM Native Image and did a run where every-
thing is executed natively (which produces the numbers in Table 3.4). Then, we
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Figure 3.21: Run with sorted order and dynamic heuristic – DaCapo fop.

removed subsets of compilation units from the executables, i.e., we let them be
interpreted instead, and tracked the performance in separate benchmark runs.
Additionally,whenan interpreted compilationunit is called twicewithin 100ms,
we simulate a JIT compilation as mentioned in Section 3.5.4.

The results are shown in scatter plot diagrams (Figure 3.22): The x-axis de-
notes the ratio of the size of removed compilation units (from 0 to 100%). Thus,
0 means that everything is AOT-compiled. Due to code that can only be AOT-
compiled as described in Section 3.5.3, not everything can be interpreted. This
is why the x axis stops before 100%.

For the y-axes in Figure 3.22, two different metrics are plotted: The left y-axis
shows the peak execution time. The right y-axis shows the ratio of compilation
units that triggered our simulated JIT compilation if enabled.

The measurements in the individual benchmarks were stopped as soon as ei-
ther peak performance reached the limit of 2x, or the ratio of compilation units
triggering simulated JIT compilation exceeded 5%.

We show two scenarios in the following. For both runs, the compilation units
are sorted by our dynamic heuristic defined in Section 3.4.4

Sorted selectionwithout JIT: For this run, we simply follow the heuristic—
compilation units are either compiled AOT, or interpreted upon called.

Sorted selection with JIT: For this run, we add the option of our simulated
JIT compilation as described in Section 3.5.4,where theAOT-compiled code
can replace the interpreted bytecode at run time.

Sorted Selection Without JIT For this run, we sorted the compilation units by
call frequency and the number of estimated cycles per byte. This sorting or-
der requires a single profiling run to determine call data. In this scenario, the
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Figure 3.22: DaCapo Benchmarks with dynamic heuristic: Execution time and
ratio of JIT-compiled code.
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Table 3.5: Possible sweet spot results of DaCapo benchmarks, sorted by total
image size changes.

JIT Abs. Size Rel. Size Size Changes
Benchmark Ratio Changes Changes with JIT/Interpreter
DaCapo fop 4.1% −80.3MB −44.6% −36.9%
DaCapo pmd 3.8% −27.6MB −29.0% −14.4%
DaCapo h2 4.4% −21.2MB −31.2% −10.8%
DaCapo xalan 3.8% −17.2MB −27.8% −5.4%
DaCapo lusearch 1.9% −8.3MB −18.5% +12.4%
DaCapo sunflow 3.7% −7.6MB −20.6% +17.0%
DaCapo luindex 0.4% −5.2MB −10.3% +17.5%

option of JIT compilation is disabled, i.e., we can only choose between AOT-
compiled code and interpretation. The results for DaCapo fop are shown in Fig-
ure 3.21. On the one hand, removal of unused or rarely-executed code does not
impact performance, and can lead to a code size reduction of ≈ 18%. On the
other hand, removing one critical compilation unit, as happened at size ratio of
≈ 18%, highly affects the overall performance of the application. For the sun-
flow benchmark, the first critical compilation unit has been removed at 17%
code size savings already, for luindex the first critical increase in peak perfor-
mance is at ≈ 10% of code savings. As it is not possible to have a heuristic that
absolutelyprevents the removal of critical code in theearly stages, this scenario
is bound to result in poor peak performance.

Sorted Selection With JIT For the third run, we add the option of our simu-
lated JIT compilation as described in Section 3.5.4. Some of the detailed bench-
mark results are shown in Figure 3.22. The sweet spots of the smallest possi-
ble executable file while keeping peak performance are shown in Table 3.5. The
Size Changes column denotes the changes of code savings. The right-most col-
umn, Size ChangesWith JIT/Interpreter, denote the size savings if the interpreter
and the JIT compiler are included into the final executable, as discussed in Sec-
tion 3.5.6.

While using the same sorting order as in the previous scenario, peak perfor-
mance does not significantly change with respect to fully AOT-compiled code.
The ratioof JIT-compiled code is indicatedby theorange line inFigure 3.22, de-
noting the values of the right y-axis. We can see that this scenario offers a size
reduction between 10.3% (luindex, Figure 3.22b) and 44.6% (fop, Figure 3.22a)
without a significant effect on peak performance.

Also, the effect of our simulated JIT compilation is visible in Figure 3.22: The
sunflow benchmark triggered 3.6% of the compilation units to leave the in-
terpreter, which led to a 20% size reduction at the sweet spot. Only 0.36% of
the compilation units triggered JIT compilation in the luindex benchmark. As
(simulated) JIT compilation contributed less to improve peak performance in
this scenario, the size of the executable file could only be reduced by 10.6%
without a significant impact on peak performance.

Concerning warm-up performance, we cannot provide accurate results, as our
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JIT compilation is only simulated. However, as we limited the ratio of JIT-
compiled methods to 5%, we expect a low impact on warm-up performance.

Reduction of Profiling Runs by Binary Search The diagrams shown in Fig-
ures 3.21 and 3.22 require many singular runs of the same application, where
every single run is done with a different set of interpreted compilation units.
While the sorting of the compilation units can be easily done at build time, a
single run per compilation unit is clearly not feasible due to time and power
consumption.

However, one can use the sorted compilation unit list and apply a binary search
to find a suitable scenario. Instead of removing single compilation units from
the executable, one can also remove (and add) buckets of compilation units at
once. Thereby, only a few runs are necessary to determine a scenario close to
the sweet spot. In case no profiling runs are possible, the static heuristics de-
scribed in the previous section (Section 3.6.3) can also be used.

Total Size Savings Depend On Executable Size When applying our approach
to an application, a set of compilation units is interpreted instead of AOT-
compiled. This means that machine code is removed and replaced by its (in
most cases) smaller Java bytecode, which leads to a size reduction of code. For
theDaCapobenchmarks, these code size reductionnumbers canbe found in the
third (absolute) and fourth (relative) column in Table 3.5. However, as men-
tioned in Section 3.5.6, there is also an overhead of ≈ 14MB introduced by our
approach, which consists of the interpreter and the JIT compiler that have to
be added to the executable.

Figure 3.23 shows this overhead (as in Figure 3.15) together with the achieved
code size reduction of theDaCapobenchmarks fromTable 3.5. Additionally, the
final size changes of the executables (including calculations for heap and code
section for application code, interpreter and the JIT compiler) are shown in the
last column in Table 3.5. Both, in Table 3.5 as well as in Figure 3.23, one can
clearly see that our approach leads to better results for larger executables. On
the other hand, an already small application might even become a larger ex-
ecutable file with our approach. This is the case for the sunflow benchmark,
where a code size reduction of 7.6MB, which corresponds to 20%, leaves an
overhead of 6.4MB or 17%. For larger executables, the overhead by the inter-
preter and JIT compiler is small enough to result in a significant overall size
reduction. Concretely, the code size reduction for fop is 80.3MBor 44.6%, which
changes to a reduction of 66.3MB or 36% after adding the interpreter and JIT
compiler.

3.6.5 Comparing Static and Dynamic Results (Research
Question 3)

To compare the effectiveness of static and dynamic heuristics and answer re-
search question 3,we compare themost successful static heuristic iperwith our
dynamic approach of Section 3.6.4. While iper is based on static initializers,
number of parameters, number of estimated CPU cycles per size and return ra-
tio, the dynamic heuristics combines number of estimated CPU cycles per size
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Figure 3.24: Comparing static and dynamic heuristics with a designated size
reduction. Dynamic heuristics detect uncalled compilation units
and thus perform better in most cases. They do not even cause a
slowdown as long as uncalled compilation units are removed.

and the call count. For both, we replace compiled compilation units by their
bytecode and take a look at peak performance, given the application is 10%,
20% and 30% smaller. As a baseline, we take an executable where all compila-
tion units are AOT-compiled and executed natively.

The results are shown in Section 3.6.5. In most cases, our dynamic heuristic
defined in Section 3.4.4 outperform the static iper heuristic defined in Sec-
tion 3.4.3, which itself was the best among the static heuristics in our mea-
surements. Since our dynamic heuristics are based on the activation count of
compilation units, they treat uncalled units as interpretation candidates. Thus,
size reductions of 10% and 20% incur no slowdown relative to the fully compiled
application.

An exception occurs with the 30% reduction for the sunflow benchmark, where
the static heuristics performbetter than thedynamicones. Aplausible reason is
that the dynamic heuristics rely on the estimated cycles and size (i.e., the static
ecyc heuristic from Section 3.4.2) plus the call count. When performance-
relevant units have similar call counts, static heuristics that combine multi-
ple features can be more effective than our dynamic heuristics that depend on
fewer factors. Nevertheless, our dynamic heuristics remain useful for reducing
executable size without significant performance slowdown, as they primarily
affect uncalled code. Consequently, expanding our dynamic heuristics to more
factors (such as we did with the static heuristics) is sensible future work.
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3.7 Limitations

Similar tomany optimizations, the approach presented in this chaptermay not
always lead to a better result. The following circumstancesmay limit the effec-
tiveness of the described approach.

Heuristics ProvideEstimates Themost critical aspect is the fact that heuristics
only provide estimates. However, Figure 3.13 showed that interpreting a single,
performance critical compilationunit can slowdown thewhole application sig-
nificantly.

SomeCompilationUnitsMustbeCompiled Section3.5.3mentioned that certain
code has to be executed in native mode. However, due to the characteristics of
GraalVMNative Image, it is not possible to determine for sure if code can be in-
terpreted. This is because during analysis, GraalVMNative Image does not dis-
tinguish between application and runtime code. Therefore, it can happen that
a runtime method that cannot be interpreted gets inlined into an application
method. After this inlining step, the whole compilation unit cannot be inter-
preted, although it originated from the application code.

Warm-Up Performance We consider the impact on warm-up performance to
be low, as there are only a few interpreted compilation units that are swapped
back to native mode at run time (as described in Section 3.5.4). However, since
we do not use a real JIT compiler in that situation, we are not able to provide
measurements concerning warm-up performance.

Limited Build Time Savings As mentioned in Section 3.2.1, code is first com-
piled to machine code before we select whether to use the compiled code or
interpretable bytecode of a compilation unit. On the one hand, we gain infor-
mation for our heuristics from the performed analysis. On the other hand, ana-
lyzing and compiling code to a compilation result keeps build timehigh, even if
our heuristics then decide to include the bytecode instead of the compiled code
into the final executable. Thus, while our current approach saves binary size,
it does not save build time. Regarding potential savings of build time, possible
future work will be discussed in Section 7.1.

3.8 Summary

In this chapter, we presented the approach of reducing binary size of Native
Image applications by replacing compiled codewith its intermediate represen-
tation and adding a lightweight interpreter. While compiling and optimizing
performance-critical code ahead-of-time (AOT), non-critical code is inter-
preted,which leads to a size reduction of the resulting binary executable.When
performance-critical code is interpreted, which is bound to happen if heuris-
tics are used, we showed that an option to switch to compiled code is necessary
to keep peak performance high.
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Research Question 1: What is the Trade-off Between Size and Performance When
Applying Static Heuristics? Without profiling runs, static heuristic are able to
achieve acceptable results, such as an averageperformance slowdownof 4% for
20% size reduction. Especially, static initializers turned out to be suitable can-
didates for interpretation. Independently whether dynamic or static heuristics
areused, theapplicationcanbe tunedalong the trade-offbetweenperformance
and size: Depending on the desired size reduction, one can further tune how
much slowdown is acceptable.

Research Question 2: What is the Largest Possible Size Reduction of Applications
Without Significantly Impacting Run-Time Performance? Dynamic heuristics
that include the call count of compilation units yield the best results in the per-
formed evaluation, but require run-time information and thus profiling runs
in advance. Nevertheless, code that is never executed is an easy candidate for
interpretation, i.e. to reduce sizewithout affecting performance at all. Thereby,
a size reduction of 44% could be achieved without significantly impacting per-
formance. In case the additional interpreter is also added to the executable (and
not provided via a system-wide shared library), the size reduction in this case
is still more than 36% or 66MB out of 180MB.

ResearchQuestion3:HowClosedoStaticHeuristicsApproachaClose-to-Optimal
Solution Based on Dynamic Information? Dynamic information includes call
counts for compilation units, enabling us to interpret code that is never ex-
ecuted. This reduces application size without affecting performance. Because
call counts areunavailablewithoutprofiling, our staticheuristics cannotmatch
the peak performance of the dynamic approach. Consequently, as long as un-
called code can be interpreted, the dynamic heuristic keeps peak performance
of the baseline and clearly outperforms static heuristics. Nevertheless, static
heuristics can still shrink binarieswith onlyminor slowdowns, while requiring
only low compilation-time effort at the same time. For the sunflowbenchmark
with 30% reduction,more complex static heuristics outperform our simple dy-
namic heuristic.





Chapter 4

Implementing Hybrid Execution of
Native Extensions in aMulti-Language
VM

The overall goal of this chapter is to continue exploring ways to mix execution
modes tobalancedifferent compilation trade-offs. In this chapter,wepresent a
hybrid execution approach for native extensions in multi-language, i.e., poly-
glot, applications. While native extension code can be compiled AOT and ex-
ecuted natively to reduce warm-up times, interpretation and JIT compilation
via GraalVM offer mixing languages seamlessly.

Our goal is to combine the advantages of both, fast warm-up by AOT-compiled
code, and high peak performance by cross-language optimization of GraalVM.
Thus, it is necessary to implement a hybrid execution model for native exten-
sions, such that they can be executed natively, as well as interpreted and JIT-
compiled via GraalVM. To enable such a hybrid execution, for example, inter-
pretation and compiled code have to be able to mutually redirect execution to
the other mode. Additionally, since both execution modes use different heaps,
it is also necessary to manage memory accesses between different execution
modes. This chapter describes our solutions for such problems andhowwe im-
plemented such a hybrid execution within GraalVM.

4.1 Motivation

Conventionalmulti-language (i.e., polyglot) applications are often executed in
amanaged runtime with, for example, garbage collection and JIT compilation,
while computationally intensive code is written as a native extension. Usually,
native extension code is written in a lower-level language that can be compiled
to native code ahead of time. Popular examples are e.g. the Python packages
NumPyorPyTorch [67],where their intensive computation tasks arewritten in
C and executed natively. Mixing programming languages like this, as sketched
in Figure 4.1a, however, requires developers to explicitly manage mode selec-
tion by strategically choosing languages for different code segments. The na-
tive extension in Figure 4.1a is written in C and compiled AOT. Functions of
this native extension are denoted as black circles, and we call the execution of
such functions native. Python code, or other code of a managed language such
as JavaScript, is denoted with rectangular shapes. In this thesis, such code is

69



70 4 Implementing Hybrid Execution of Native Extensions in a Multi-Language VM
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(a) Conventional approach: Native Ex-
etension is executed natively.
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varpy_foo

Execution within Truffle

managed native

(b) Execution using Truffle framework:
Everything is executed in managed
mode.
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varpy_foo

Hybrid Execution

managed native

(c) Our hybrid execution approach for
Native Extensions.

Figure 4.1: Applications with Native Extensions can be executed in different
ways.Nodesdenote functions,while arrowsdenote calls or accesses.

called foreign code, as fromanative extension perspective, it iswritten in a for-
eign language. Foreign code is usually interpreted and/or JIT compiled. As al-
ready claimed, the programmer has to decide the execution mode by selecting
in which source language to write the code. The boundary between these exe-
cutionmodes is also visible in Figure 4.1a by the line separating the languages.

To remove such a boundary between execution modes, the Truffle framework
enables seamless optimization across programming languages, as described
in Section 2.6.2 and as shown in Figure 4.1b. However, a system where every-
thing is JIT-compiled comes with high warm-up times, especially when large
amounts of data are processed by code which would have been executed na-
tively in conventional polyglot systems. In such a case, also the code of the na-
tive extension is interpreted and JIT compiled. In Figure 4.1b, such code is de-
noted with white circles. We call the execution of such functions managed in



4.2 Basic Mixing Approach 71

this thesis.

The idea to tackle this problem is to mix different execution modes for code of
native extensions, such as sketched in Figure 4.1c. While certain parts of that
code benefit fromAOT compilation and native execution, such as conventional
native extension codewritten in C, other code that is close to the language bar-
rier might benefit from still being JIT-compiled, enabling optimizations such
as inlining across languages. Thus, we want to mix both, managed and native
execution, for native extensions.

An example for such a situation would be an application using the Python lxml
package [56], which is an extensiblemarkup language (XML) parser written in
C. Executing all C code natively introduces a language boundary specified by
the developers and users of the lxml library. This disables cross-language op-
timization and, for example, forces foreign objects accessed by the native ex-
tension to be converted. Executing all C code inmanagedmode, i.e., via Sulong,
enables accessing foreign objects in their language, but introduces highwarm-
up times. Therefore, we aim formixingmanaged and native execution for lxml
code.

4.2 Basic Mixing Approach

The starting point for mixing managed and native execution for C code is to
makeuseof theSulong toolchain.Asdescribed inSection2.6.6andagain shown
in Figure 4.2, the Sulong toolchain produces native codewith LLVMbitcode at-
tached. If the source file contains a function call from a caller to a callee, both
functions are present in both compilation results (LLVM bitcode and native
code). Our basic approach is to redirect execution in a way such that e.g., al-
ways the native version of the caller is used, while the callee is always executed
in managedmode (via Sulong).

The following subsections describe the different categories for necessary
changes to enable suchmixing of managed and native execution.

4.3 Heap Access

Since running C code on GraalVM can happen in different execution modes,
there are also different possibilities for storing data. Native execution allocates
and stores data in nativememory, whereas GraalVMuses the Java heap to store
objects. When functions that access the same object are executed in different
modes, problems might arise depending on how the object is stored and ac-
cessed: Data stored in nativememorymight have to be accessed frommanaged
execution, and vice versa.

4.3.1 Language Semantics Violation: Native Code Accessing
Managed Objects

This subsection describeswhy accessing themanaged heap fromnative execu-
tion may violate language semantics. Higher-level languages usually perform
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exe
compiled to compiled to

one file

Managed

callee

caller

Native

caller

callee

void caller() {
callee();

}

void callee() {
…

}

Source

Figure 4.2: The compilation result of the Sulong toolchain includes LLVM bit-
code for managed execution as well as native code within the same
file. Thus, the compilation result includes two different versions of
the source code at the same time.

additional semantic checks when objects are accessed. Java, for example, per-
forms out-of-bounds checks for array accesses, or checks if pointers are not
nullbefore they are dereferenced [106]. In contrast, lower-level languages like
Cmay directly access memory without checks.

When foreign language objects are accessed fromC code in Sulong, Sulong for-
wards the access via Truffle’s interoperability framework to the correspond-
ing language runtime of the foreign object [112]. This way, language-specific
access checks are performed automatically even in polyglot applications, and
language-specific semantics are preserved. Thus, if a Python or JavaScript ob-
ject is accessed in Sulong, the access itself is done via the GraalPy or GraalVM-
JavaScript runtime, respectively.

If one converted an object from a higher-level language like Python to na-
tivememory, the raw data would be accessible from native code. Checks by the
higher-level language runtimewould then bemissing and the semantics of the
higher-level language would be violated. Therefore, managed objects from a
foreign language can neither grant direct access from native code nor can they
be transformed to native memory automatically. In general, any managed ob-
ject must be treated as a black box in native code.

4.3.2 Access Scenarios

In the following, we will show different access scenarios. We show what is
necessary to access memory while keeping language semantics. Also, we ex-
plainwhy functions that access foreign objects have to be executed inmanaged
mode, i.e., must not be executed natively.

To illustrate accesses fromdifferent executionmodes todifferentmemory rep-
resentations, imagine a simple two-dimensional point data structure consist-
ing of coordinates x and y as follows:
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(e) Same scenario as in Figure 4.3c, but
now the managed object cannot be
converted to a native one, which re-
sults in an error.

Figure 4.3: Memory object handling in different scenarios.

struct Point { int x; int y; }

We now create a concrete Point instance and store its pointer in a variable:

struct Point *p = (struct Point*) malloc(sizeof(struct Point));

Let us now consider different access scenarios of p in the following.
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Native Heap

The content of p can be stored on the native heap. In this case, native execution
is trivial. For access fromGraalVM, a stub is createdon themanagedheapwhich
forwards all operations to native memory, as shown in Figure 4.3a. The access
from GraalVM to native memory also works via the Truffle NFI.

Duplication

The content of p can also be stored twice: Once in native memory and once on
the Java heap, as shown in Figure 4.3b. Each execution mode accesses p in its
ownmemory. However, each executionmode now accesses its own instance of
the object. Thus, to avoid inconsistencies, duplication is only possiblewhen the
corresponding objects is marked as constant/read-only.

Managed Heap

The remaining case is where the content of p is stored on the managed heap
only,which is shown in Figure 4.3c: Native execution gets a handle to p that can
be stored into variables andpassed toother functions. As longas thepointer p is
not accessed/dereferenced in native code, nothinghas to be changed.However,
whennative execution accesses such ahandle by dereferencing it, themanaged
object on the Java heap has to convert itself to a native memory object.

Function Pointer If the object is a function pointer, the function is executed in
managedmodewhen invoked, and only the result is converted to nativemem-
ory. This will be described in more detail below in Section 4.5.3.

Conversion toNativeHeapPossible If the conversion to nativememory is pos-
sible for the correspondingmanaged object, as shown in Figure 4.3d, the situa-
tion is similar to Figure 4.3a, and program execution continues. This is the case
for all managed objects that originate from C code, i.e., for all objects that have
been created by Sulong and itsmanaged LLVM execution. Therefore, the Point
object in Figure 4.3c can also be transformed to native memory (given that it
has been created by Sulong) as no language semantics are violated.

Conversion to Native Heap not Possible Otherwise, the object cannot be con-
verted to native memory as shown in Figure 4.3e. This occurs when foreign
languageobjects are accessed fromnative code. Thus, functions that access ob-
jects originating from amanaged language cannot be run natively, butmust be
executed in managedmode.

By default, the case where conversion to native memory is not possible would
not happen very often, since managed execution via Sulong is preferred when
both LLVM IR and native code are available. Therefore, most accesses to and
from compiled C code (LLVM IR/native code) happen on the managed heap,
which can deal with objects of foreign languages without any problems. How-
ever, using our hybrid executionmode, which increases the amount of natively
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(a) C array on the managed heap, containing managed, native and foreign objects.
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(b) C array on the native heap, elements not accessed from native execution yet.
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(c) C array on the native heap, elements accessed from native execution. This works for
managed and native, but not for foreign data.

Figure 4.4: Lazy conversion to native memory with a C array as an example:
Managed array (Fig. 4.4a), array passed to native execution (Fig.
4.4b), and array elements being converted due to access of individ-
ual elements (Fig. 4.4c).
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executed code, the scenario where natively executed code accesses managed
data from other languages happens more often. Thus, we have to avoid this
case.

A way of reducing the number of conversions from managed to native mem-
ory is to apply them lazily. As an example, imagine a managed C array con-
taining pointers to elements, as in Figure 4.4a. points[0] contains a managed
point object, points[1] a native point object, and points[2] a foreign point
object. When the array reference is passed to native code, only the array itself
gets converted to native memory as in Figure 4.4b. The references to the ob-
jects can still point to handles of the corresponding managed or even foreign
objects. While points[0] and points[1] can be accessed safely in native code,
the use of points[2] is not possible in native code, as in Figure 4.4c. Neverthe-
less, if points[2] is not accessed by native code, then this code can be executed
natively.

Thus, if an array containingmanaged elements is passed to native code, the el-
ements themselves arenot converted tonativememory if theyarenot accessed.
This saves unnecessary conversions that might cause problems as described
above.

4.4 Native Symbol Resolution

Whenmixing native andmanaged execution, it may happen that managed ex-
ecution may access a symbol in native mode, e.g., may call a native function
or may access a symbol stored in native memory. This cross-mode access can
lead to several problems. These problems and our solutions for such cases will
be explained in this section.

4.4.1 Retrieving Symbol Information

Information about native symbols, such as name or type, leads to an access of
native code by default. However, to access such symbol information, it is not
necessary to access native code: By using the Sulong toolchain as illustrated
in Figure 4.2, the same C code is present as native as well as managed code.
Thus, instead of performing a request for native symbol information, the ex-
isting data structure for the managed LLVM symbol information can be used,
which is already implemented in Sulong.

4.4.2 Library Loading and Symbol Resolution

In amixedmode environment, some symbols are only used in eithermode (na-
tive/managed), but not both. Thus, it can happen that they are only resolved in
either mode, too. If a native library now contains two symbols, where only one
of them is needed, then an error can happen: By default, initializing the library
also initializes all its (publicly accessible) symbols. However, unused symbols
cannot be initialized.
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Figure 4.5: Symbol access within the same file. However, such an access within
the same file, but from managed to native execution, looks like a
foreign access from the perspective of dlopen/dlsym.

Thus,wemodified the loadingof libraries such thatnative symbols are resolved
lazily. Inotherwords,native symbols areonly resolvedat theirfirstuse, instead
of when their library is loaded. This allows unused native symbols to remain
unresolved, while used symbols are resolved correctly.

Related to this, also the scope of loaded native symbols has to be taken into ac-
count: In our approach, dlopen is used to load native libraries [57]. By default,
symbols defined in a loaded library are notmade available to resolve references
in subsequently loaded libraries. This is a problemwhen different libraries ac-
cess the same symbol.

Therefore, it is necessary to explicitly make symbols of a loaded library avail-
able for symbol resolution of subsequently loaded libraries. This can be done by
using the RTLD_GLOBAL flag when loading a library with dlopen [57].

4.4.3 Resolution of Native Static Symbols

The static keyword in C keeps symbols local to a file. Thismeans, static func-
tions or fields are not accessible or callable from the outside, also not for the
Truffle NFI, dlopen or dlsym [57, 58]. This leads to a problem if Sulong calls a
static function of the same file in native mode. Both, dlopen and dlsym can-
not detect that the access originates from the same source code file and deny
straightforward access.

As an example, execution of caller in Figure 4.5 wants to get information
about callee, which both originate from the samefile. Such an access, denoted
by the black arrows, is possible by default, as both symbols are defined in the
samefile.However,whenmixingnativeandmanagedexecution, itmayhappen
that managed execution originating from a certain source code filemay access
a symbol from the same source code file, but in native mode. Such a lookup is
performed via dlopen or dlsym [57, 58] and shown in Figure 4.5, too. For dlopen
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Figure 4.6: Calculation of the run-time address of a symbol in native memory.

and dlsym, such an access looks like a foreign access from another source file,
and is thus blocked.

To retain access to the native symbol, we need to calculate its native address
during run time, which consists of the following parts: The necessary values
for this computation are illustrated in Figure 4.6. These necessary values for
calculation include the relative symbol offsetwithin the library,which is stored
for every symbol in the symbol table of the library file.

The symbol table of every native file contain the relative symbol offsets
within the library.

To determine the library’s base offset in memory at run time, a lookup call
on the link map is conducted.

By summing these two numbers for each symbol, we can compute the pointers
to native memory, even in situations where accessing symbol information is
not possible for the Truffle NFI.

4.5 Switching ExecutionMode: Method and Function
Calls

The executionmode, native or managed, is specified for every function. Func-
tion calls constitute the boundaries between the two execution modes. There-
fore, it is not possible to switch execution mode within a function. Managed
execution is performedvia Sulong,Truffle’sLLVMruntimeasdescribed inSec-
tion 2.6.3.

1 static struct Point *global_obj = init();
2
3 void fetch_point(struct Point *p) {
4 foo(p->x);
5 *p = *globalObj;
6 };
7
8 void foo(int par) {...};

Listing 4.1: C code containing two functions,where one is called from theother.
The function fetch_point accesses a global variable.
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Truffle AST Native Code

function fetch_point

function foo function foo:
…

call foo …

…

function fetch_point:
call foo
…

Figure 4.7: If foo should be executed native, then its call node in the LLVM
Truffle AST has to be modified.

Listing 4.1 shows a simple function call, where foo is called from the
fetch_point function. By default, the callee is executed in the same mode
as the caller. In other words, if fetch_point is run on Sulong, in managed
mode, then also foo is run on Sulong (when called from fetch_point). On the
other hand, native execution of fetch_point would lead to a native execution
of foo. Thus, every time when the execution mode should be changed, there is
amodification necessary. The following subsections describe howwemodified
execution behavior to achieve such a change.

4.5.1 Calling Native Functions FromManaged Code

When fetch_point is executed inmanagedmode, foo is also executed inman-
agedmode by default. However, when foo should be executed in native code, a
call from managed execution to native execution is needed. Such a call can be
performed by the Truffle NFI: To switch execution mode in this case, we have
to modify the LLVM Truffle AST, as shown with the red arrow in Figure 4.7.
The call node in the AST does not contain the callee’s AST as a child but gets a
reference to the native function instead. This replacement, which ensures na-
tive execution of the callee, can be performed during the symbol initialization
phase.

4.5.2 Native Execution: Limitations

Not every function can be executed in native mode when executing a polyglot
applicationonGraalVM.Themajor reasonwhyaC functionmust be executed in
managed mode is that it accesses managed data which cannot be converted to
native memory, as described in Section 4.3. For example, assume that a func-
tion c accesses managed data, as shown in Figure 4.8. This access requires c to
be executed in managedmode, i.e., native execution of c is not possible.
By default, it is not possible to call managed functions from native callers, as
native code is executed as is. In other words, native callers can only call native
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be executed in either mode (native
/ managed).

Figure 4.8: Hybrid execution models for function a calling b, b calling c, and c
accessing managed data. Dotted lines and gray nodes indicate that
the call/method cannot be used.

callees. In the scenario of Figure 4.8a, this would lead to a major restriction:
Managed execution of c would require all of its direct and indirect callers (a
andbhere) to be also executed inmanagedmode. Thus, suchahybrid execution
model would be rather limited.

To openmore opportunities for hybrid execution, it is necessary to allowman-
aged functions to be also called from native callers. In the example of Fig-
ure 4.8b, a and b can also be executed in native mode, even if c is restricted
to managed execution.

4.5.3 CallingManaged Functions FromNative Code

It can happen that a natively executed caller invokes a callee that should run in
managedmode, such as in Listing 4.2. To enablemanaged execution of callee,
one would have to modify the native code.

1 void callee(void *ptr) {...} //should be run in managed mode
2
3 void caller(...) {//native
4 ...
5 //this way, bar_managed is still executed natively
6 callee(...);
7 ...
8 }

Listing 4.2: Problem: callee is still executed in native mode.

Simple, but not FeasibleWorkaround A relatively simpleworkaround to trigger
managed execution of a callee (when invoked from a native caller) is shown in
Listing 4.3: A global function pointer in the source code is initialized to aman-
aged function in the LLVMTruffleAST. Itsmanaged execution is even triggered
if the function pointer is invoked from native execution. As a drawback, this
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Truffle AST Native Code

caller

callee function callee:
…

call callee

…

function caller:
…
call callee@plt

PLT 
Procedure Linkage Table

Function Address

… …

caller …

callee

… …

Figure 4.9: A change in the procedure linkage table (PLT) can make native
callers call managed callees.

workaround implies a modification of the source code, as every function call
has to be replaced by a call of the corresponding function pointer symbol. Ad-
ditionally, the global function pointer has to be initialized inmanagedmode to
point to the managed version of the function.

1 void (*callee_ptr)(void*);
2
3 void callee(void *ptr) {...} //should be run in managed mode
4
5 void caller(...) {//native
6 ...
7 //by calling the pointer, callee is executed in managed mode
8 callee_ptr(...);
9 ...
10 }
11
12 void init() { //has to be executed in managed mode!
13 callee_ptr = &callee;
14 }

Listing 4.3: Simple, but not feasible workaround to call managed functions
from native code is to store every managed function in an explicit
pointer variable. For that,inithas tobeexecuted inmanagedmode
at the start of the program.

Using Lazy Linking When native code is linked and loaded dynamically, as it
happens with the Truffle NFI, function calls cannot be resolved at compila-
tion time. Instead, the compiler replaces every function call by a look-up into a
procedure linkage table (PLT), as described in Section 2.4. This table is created
and filled with placeholder values when native code is loaded. The first time a
function is called, its address is resolved and stored into the PLT. For example,
caller in Figure 4.9 calls callee, and a jump instruction to the resolved ad-
dress of callee (shown by the dotted gray line) is written into the table. Sub-
sequent calls to callee then only need a jump instruction to the table entry,
which then invokes the corresponding callee.

This indirection can be used to trigger managed execution from native exe-
cution: Instead of resolving the address of the callee in native mode, wemodi-
fied the Sulong runtime such that execution automatically resolves the address
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of the same function in managed mode. Sulong then stores a jump to this ad-
dress into thePLT, such that subsequent calls also invoke the callee inmanaged
mode. This injection of the address of the function in managed mode is indi-
cated by the red arrow in Figure 4.9.

In contrast to changes within GraalVM, this modification of native code is
platform-dependent. Therefore,we implemented this patching of thePLTonly
for code on x86-64 Linux machines as a proof of concept. Other architectures
require a similar procedure.

4.6 Foreign Caller Calls Native Callee

In our context, managed functions are C functions executed on Sulong. How-
ever, theremight be other managed functions (e.g., Python functions) that are
not executed on Sulong. As introduced above in Section 4.1, we call such func-
tions foreign functions. It can happen that a C function c is called by such a for-
eign function bforeign and that our automated heuristics recommend to run c in
native mode, as shown in Figure 4.10a. However, it is not possible to simply
call a native C function directly from a foreign language, as the Sulong runtime
performs extra work such as adding context parameters.

a

cN

bForeignM

(a) Foreign caller is about to call a
callee in native mode.

a

cN

bForeignM

cM

(b) Function c is duplicated when set to be
executed natively and called from a for-
eign function.

Figure 4.10: Functions may get duplicated — Call structure (Figure 4.10a) and
a possible execution scenario (Figure 4.10b).

In sucha situation,we create aduplicate versionof condemand: If invokedby a
managed caller a via Sulong, c runs in nativemode as recommended. If invoked
by a foreign caller bForeign (not via Sulong), the managed version of c is called,
as depicted in Figure 4.10b.

Unlike the situation where managed data is accessed from native execution,
detecting when a native function is called from a foreign function can be done
at run time. Thismeans that there is no need to detect such calls ahead of time.
Instead, the callee’s code can be dynamically replaced at run time if an error
occurs during the method call.

4.7 Limitations

Similar tomany optimizations, the approach presented in this chaptermay not
always lead to a better result. An important limitation concerning the imple-
mentation of the system is the risk of errors at run time when functions in na-
tive mode access managed data that cannot be converted to native memory.
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While such failures cannot be detected upfront, our system lacks the ability to
rewind native execution upon encountering amemory error, forcing the prob-
lematic code to resume under managed execution.

4.8 Summary

In this chapter, we presented a hybrid execution environment for native ex-
tensions. Based on Truffle, which allows seamlessly mixing code of different
languages, we propose to combine managed and native execution for the code
of native extensions.While calling native code from amanaged environment is
straight-forward, calling into Sulong fromnative code requires patching. Sim-
ilar to the implementation of the approach in Chapter 3, we achieved this by
using data structures for lazy linking, concretely PLT and GOT.

Accessing heap objects, however, turned out not to be trivial, as native and
managed code use different heaps as well. Therefore, it is necessary to cre-
ate access stubs in managed mode to enable access to native memory. For the
other direction, it is necessary to convert managed objects to native memory
upon access. We chose lazy access of objects in the managed heap, as this pre-
vents conversions to native memory that are not necessary. However, native
execution cannot access foreign objects, as those objects cannot be transferred
to native memory without changing their specific language semantics. There-
fore, code accessing foreign objects has to be executed in managedmode.





Chapter 5

Heuristics for Mixing ExecutionModes
in Native Extensions

In Chapter 4,we proposed hybrid execution for native extensions. In this chap-
ter, we strive for an automated approach of such a hybrid execution, where
heuristics suggest an executionmode for every function automatically. We de-
scribe featuresof functions that adviseus to select a specificexecutionmode for
certain functions. For the remaining functions, we propose a call graph based
analysis. We also show that heuristics can enable performance optimizations
that have beenmissed by manual selection.

A short terminology recap of Chapter 4: We call C code to be executed in native
mode when it is AOT compiled and executed natively. Managed execution de-
notes execution via Sulong, i.e., GraalVM’s LLVM runtime with interpretation
and JIT compilation. Foreign code belongs to another language that uses the C
code as a native extension, such as Python or JavaScript. Similarly, the term of
foreign objects belongs to objects passed from foreign code to code of the native
extension.

5.1 Motivation

An example for a situation where an automated approach is desired can be an
applicationusing thePython lxmlpackage [56],which is anXMLparserwritten
in C. Applying our approach of Chapter 4, which is mixing native andmanaged
execution for the C code, to lxml leads to a call graph ofmore than 8000 nodes.
It is not feasible for us to consider thehigh amount of executionsmanually: As-
suming n of theses functions accessmanaged data and thus have to be executed
in managed mode, there are still 8000 − n functions left where both execution
modes are possible. This leads to 28000−n possibilities how to combine different
execution modes. Furthermore, even if manual annotations were feasible, one
might easily miss optimization opportunities.

ProblemWith Determining the ExecutionMode Statically For every function in
thenative source code,wehave todecide if themanaged runtime should choose
to interpret and JIT-compile it, or if the AOT-compiled code should be called.
Thus, we have to provide an oracle that takes a function name as an input, and
determines which executionmode (native or managed) to run.

To achieve a fast warm-up, it would be desirable to execute as much code as
possible in native mode . However, as discussed in detail in Section 4.3, there

85
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are scenarios where native execution is not possible, such as when native code
accesses foreign objects on the managed heap.

A solution for that problemwould be to apply taint tracking, such that all types
that might contain foreign data are known. Such types can then indicate that
execution should be done in managed mode, for example. Unfortunately, it
cannot always be determined statically if a function can be executed natively.
This is because every pointer in C andC++ code can possibly point to amanaged
object. For a given C array of pointers to objects, such as the example described
in Figure 4.4 in Section 4.3.2, it is impossible to statically detect whether ac-
cessing certain elements has to happen in managed mode. Thus, we want to
applyheuristics basedondynamicprofilingdata that select the executionmode
based on an estimation of execution time.

5.2 Function Execution Time in Different Execution
Modes

To determine the executionmode of a function, this section is about execution
times of function calls in different execution modes. Our goal is to find corre-
lations between a feature and the performance of functions. This allows us to
derive heuristics, as we describe in Section 5.3 below, from the findings of this
section.

To obtain data of functions, we added a simple instrumentation to the Su-
long runtime and perform a run of the program under Sulong in puremanaged
mode. Thereby, every call to a function and every access to a variable is tracked.
With that data, we can build an extended call graph of parts of the executed ap-
plication. Every node represents a function or a variable, while a directed edge
represents a function call or an access to a variable. In constrast to a call tree,
where one function is represented as multiple nodes if it is called from more
than one call site, we decided to build a call graph. Thus, every function only
has one corresponding node in the graph.

The following subsections show how such a call graph can be used to design
heuristics for hybrid execution in order to improve the performance of a pro-
gram.

5.2.1 Execution Time Estimation for Single Functions

For determining the execution mode for each function, the execution times of
functions inmanagedmode and in nativemode are important. For that, we es-
timate it based on static code size and control flow information, which is what
the following subsections are about.

Execution Time EstimationWithout Control Flow

In general, the execution time of a function depends on the number and time
of executed instructions. Ignoring control flow (loops and branches) initially,
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Figure 5.1: Execution time of a function called from Sulong without branches
and loops, based on its code size of LLVM bitcode.

there is a positive correlation between the code size of a function and its exe-
cution time.

We therefore performed measurements with functions of different sizes that
do not contain loops or branches. The functions are taken from the gzip, nbody
and mandelbrot benchmarks. We performed those measurements on a sys-
tem with an Intel Core i7-1255U CPU, 32GB RAM and Ubuntu 22.04. During
measurements, turbo boost and network connectionswere turned off.We used
GraalVM 24. Concerning language versions, we used Java 23, Python 3.10.8 and
LLVM 16. Each benchmark was run 10 times for each of the settings. Per func-
tion, we profiled the self time spent in this function with Truffle’s CPU sam-
pler [35, 71] and divided it by its call count. The call counts reached from 29316
to 914952. With high call counts instead of single call measurements, we ac-
count for system noise and profiling inaccuricies.

The measurements consist of micro-benchmarks, where functions with dif-
ferent sizes of LLVM bitcode are called from Sulong. This also means that the
measurements for native execution of the called function include the call over-
head for thecall fromSulong tonativeexecution.Although thisoverheadwill be
considered inmoredetail in Section5.2.2,wedecided to include it in thesemea-
surements as well: Setting a function to native mode will still imply a switch
frommanaged to native execution, introducing time to switch executionmode.

The results are shown in Figure 5.1, which show a break-even point at a code
size of ≈ 30kB. Therefore, we suggest native execution for functions with an
LLVM bitcode size larger than 30kB.
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1 while(...) {//1
2 while(...) { /* 2*/ }
3 while(...) {
4 ...//3
5 if(...) { ... }
6 ...//7
7 }
8 }//8

Listing 5.1: Sample code containing loops.

1

2

3

...

7

8

(a) Control flow graph of List-
ing 5.1.

basic back loop loop nesting
block edge incr. level

0
1 in +1 1
2 in +1 2
2 out −1 1
3 in +1 2
7 out −1 1
8 out −1 0

max: 2
(b) Sorted list of back edge blocks and loop nesting

levels.

Figure 5.2: The maximum loop nesting level of Listing 5.1 is calculated.

Control Flow Considerations

As mentioned above, control flow can heavily influence the execution time of
a function: While branches (e.g. if instructions) skip parts of the code during
execution, loops lead to multiple execution of the same code. Therefore, the
proposed heuristics of taking 30kB of code size as a threshold is too inaccurate.
Branches affect the ratio of executed code by less than 50% on average, which
is an amount we ignore for our heuristics. However, loops that are executed
multiple times can change the amount of executed instructions by more than
one order of magnitude. Therefore, it makes sense include information about
loops into our heuristics.

As our application code is LLVM bitcode, which is structured as a linearized
control flow graph with basic blocks [50], arbitrary control flow is supported.
Thus, it is not trivial to detect loops and themaximum loop nesting level out of
the box. Therefore, we look at back edges in the control flow graph of the LLVM
bitcode, and assume every back edge to indicate a loop. Back edges can be found
easily, as every basic block in LLVM is annotatedwith an ascending block index.
For example, Listing 5.1 shows source code containing loops. The correspond-
ing control flow graph is shown in Figure 5.2a, where back edges are shown in
bold.

When parsing the bitcode, we traverse the control flow graph and check ev-
ery jump between basic blocks. If the block index of the target block is smaller
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than the index of the current block, we have found a back edge. Each blockwith
an incoming or outgoing back edge is stored in a sorted list, as shown in the
left column of Figure 5.2b. This list is then traversed from top to bottom. Ev-
ery incoming back edgemeans that a loop is entered, so we increment the loop
nesting level. Conversely, every outgoing back edge decrements the loop nest-
ing level, as shown in the right column of Figure 5.2b. To consider loops within
the samenode, it is important that incoming edges are sorted in front of outgo-
ing edges of the same node, as it happens for control node 2 in Figure 5.2. The
maximum number during traversing this list is therefore the maximum loop
nesting level of the corresponding code.

For a precise calculation of the execution time, one would need the code size
inside the loop aswell as the number of loop iterations during execution,which
depends on input parameters of the program. Therefore, the numbers for loop
iterations cannot be known by static code analysis.

Since we only deal with heuristics, we simplify our approach and assume that
each loop level causes the function to run 10 times as long aswithout loops. Al-
though we are aware that this factor 10 varies for different programs and even
varies for different loop levels within one program, assuming 10 as amultipli-
cation factor for each level turned out to be a reasonable choice.

Therefore, our heuristicswhich sets largemethods tonative execution changes
from from s(f) > 30kB to s(f) ⋅ 10loopDim > 30kB, where loopDim denotes the
maximum loop nesting level. For example, if the function in Figure 5.2 had an
LLVM bitcode size of 400B, the size would be estimated to be 400B ⋅ 102 = 40kB.
While the size of f itself (400B) would be too small to trigger native execution,
the loops in fmake it large enough to suggest native execution.

Effect onWarm-Up Performance

Although looking on code size rather than investigating how single functions
affect warm-up performance, we assume larger functions to cause a higher
compilation effort. By setting functions larger than 30kB to native execution,
we reduce the effort for JIT compilation and thus expect a faster warm-up.

5.2.2 Function Call Overhead of a Single Function

Although the execution time of a function, as described in Section 5.2.1, is im-
portant, the costs of the function call overhead also have to be taken into ac-
count. Especially when a managed function calls a native function and vice
versa, context information of the managed runtime has to be added or re-
moved, respectively. Thus, we also ran micro benchmarks which measure the
function call overheadwithin and across executionmodes.We tracked the time
directly before and aftermethod calls.We performed thosemeasurements on a
system with an Intel Core i7-1255U CPU, 32GB RAM and Ubuntu 22.04. During
measurements, turbo boost and network connectionswere turned off.We used
GraalVM 24. Concerning language versions, we used Java 23, Python 3.10.8 and
LLVM 16. Each benchmark was run 100 times for each of the settings. The re-
sults, depending on the execution mode of the caller and the callee, are shown
in Figure 5.3.
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Figure 5.3: Function call overhead in different executionmode scenarios.

When both the caller and the callee are executed in the same executionmode, a
function call typically involves notmore than a couple ofmachine instructions.
Thus, the time for calling and returning from amethod can be neglected in this
case.

However, a downcall, which is calling a native function from amanaged caller,
significantly increases the call and return overhead by twoorders ofmagnitude
compared topurelymanaged execution. Anevenhigher overhead is imposedby
an upcall, which is when a native function calls a managed callee. Therefore, it
is necessary to take a look at function call overheads when assigning execution
modes to functions. Otherwise, theworst case could be a scenariowhere execu-
tion switches between native andmanagedmode back and forth, causing high
overhead costs.

As afirst step,we take a lookat the call overhead for every functionf thathasno
hard constraints of being executed in native or managed mode. Call overheads
happen due to callers and callees of f, where both (callers and callees) can be
executed in native or in managedmode. Combining these possibilities leads to
four different cases:We candistinguishbetweenmanagedandnative functions
on the onehand, and callers and callees of fon the other hand, as shown inFig-
ure 5.4. The edgeweights (inm, outm, inn, outn) denote the absolute frequencies
of the calls.

If f is executed in native mode, we get the following costs, where d and u de-
note the costs of a downcall and upcall, respectively: Managed callers of f per-
form a downcall, thus the costs are inm ⋅ d. Managed callees of f cause an up-
call, thus the costs are outm ⋅ u. Native callers and native callees hardly cause
call overheads as shown in Figure 5.3 and are neglected. For callers and callees
that have no executionmode assigned yet, we assume that half of the calls will
be native and half will be managed. Therefore, the amounts of managed calls
are increased by half of the amount of the undetermined calls (named as inu
and outu). Thus, the call overhead costs when f is native can be computed as in
Equation 5.1.
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Figure 5.4: Function f can be executed in managed mode as well as in native
mode. Since overhead costs for upcalls and downcalls of f also in-
fluence execution time, they are taken into account.

tcall(f, n) = ⒧inm + inu
2 ⒭ ⋅ d + ⒧outm + outu

2 ⒭ ⋅ u (5.1)

If f is executed in managed mode, we get the following costs: Native callers
of f perform an upcall (inn ⋅ u), whereas native callees of f cause a downcall
(outn ⋅ d). Managed callers and callees can be neglected for our heuristics. Half
of the undetermined calls are added to the native calls this time. Thus, the call
overhead costs when f is managed can be computed as in Equation 5.2.

tcall(f,m) = ⒧inn + inu
2 ⒭ ⋅ u + ⒧outn + outu

2 ⒭ ⋅ d (5.2)

5.3 Heuristics

From the above observations, we design the following heuristics for a hybrid
execution mode: First, we mark all functions that access managed data for
managed execution. This allows us to avoid an invalid access from native code
as described in Section 4.3. Then, we mark all functions that are large enough
for native execution. Finally, we traverse the remaining graph and set the ex-
ecution mode of the remaining functions such that the call overhead is as low
as possible.

For that traversal, we go through the graph via a breadth-first search (BFS)
and thus use a queue as a data structure. We prefer BFS over depth-first search
(DFS), since we havemultiple starting points, and since nodes in the call graph
affect all of their neighbors.

In detail, the heuristics look as follows: Given F as the set of all C functions and
FM and FN as the set of all C functions inmanaged andnativemode respectively,
heuristics for an automated hybridmode can be seen as a partitioning function
F → {FM, FN}. The heuristics work as follows:

1. Mark all C functions with managed parameter types or managed return
types for managed execution.
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2. For each remaining C function f, check if f is large enough for native exe-
cution, as shown in Section 5.2.1. I.e., if s(f) ⋅ 10loopDim(f) > 30kB, mark f for
native execution.

3. Add all neighbors (callers and callees) of functions marked as managed
(step 1) or native (step 2) to a queueQ. WhileQ is not empty:

a) Remove a function from Q and calculate tcall(f, n) and tcall(f,m) as in
Equations 5.1 and 5.2.

b) If tcall(f,m) > tcall(f, n), i.e., if the call overhead is higher for managed
execution, then set f to native execution. Otherwise,mark f formanaged
execution.

c) Addall neighbors (i.e., callers and callees) of fwithout anassignedmode
toQ.

5.4 Evaluation

We evaluate the proposed heuristics by assessing their impact on the perfor-
mance on lxml [56] and ujson [102, 103] benchmarks. Although Python comes
with a standard performance benchmark suite [99], we did not select these
benchmarks, as our hybrid execution mode operates on C source code and re-
quires native extensions. Therefore, we aim for a scenario where the primary
application is written in a high-level language such as Python but uses native
extensions written in C, such as an XML or JSON parser (lxml and ujson, re-
spectively). We selected these benchmark suites since the actual computation
of the benchmark happens in C code. Python code acts as a wrapper around the
native extension computation. While managed objects are indeed accessed by
C/C++ functions, which thus have to be executed in managed mode, there are
also C/C++ library functions that can run in native mode.

5.4.1 lxml Benchmarks

Benchmark in General As a first benchmark suite, we decided to use the LXML
Python package for parsing XML data to objects [56]. This python package also
comeswith a benchmark harness.While themain programof the benchmark is
written in Python, the tasks themselves arewritten as native extensions,which
is what we are interested in.

The harness first parses and allocates XML data structures in memory during
its setupprocess. Thenover several iterations, operations are performedon the
parsed XML trees: annotate annotates nodes of XML tree, while path performs
path searches within the XML tree.

These tasks (setup, annotating, path search) are performed on different trees:
There are four basic tree shapes (trees with many grandchildren, wide but flat
trees,narrowbutdeep trees, small trees). Eachof those fourdifferently-shaped
trees then again exists in three versions: No text encoding, string as text type
and unicode as text type. Optionally, trees can be attributed.
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Methodology In general, we used fully managed execution on Sulong as the
baseline and compared it to the execution times of our automated hybrid ex-
ecution mode, as well as to a mode where all functions are native that do not
access managed data.

We performed themeasurements on a systemwith an Intel Core i7-1255UCPU,
32GB RAM and Ubuntu 22.04. Duringmeasurements, turbo boost and network
connections were turned off. We used GraalVM 24. Concerning language ver-
sions, we used Java 23, Python 3.10.8 and LLVM 16. Each benchmarkwas run 10
times for each of the settings, with 20 iterations of the core benchmark. Thus,
per benchmark and per configuration, we collected 200 data points to account
for system noise.

Weused lxml version 2.9.13. For data setup, eachof the four available treesT1 to
T4 is parsed in six different versions (attributed/not attributed, combinedwith
either of the three options <no text/string/unicode>), leading to 4⋅2⋅3 = 24 dif-
ferent data points. For annotation, the non-attributed trees are used, leading
to twelve different scenarios (4 trees, combinedwith either of the three options
<no text/string/unicode>). For path search, non-attributed trees without text
are used, leading to four different scenarios (4 trees). Although lxml consists
of microbenchmarks, it has been designed to consist of different tasks to rep-
resent different kinds of workloads [90]. We measure the time the data setup
takes, as well as warm-up and peak performance of the annotation as well as
the path search task.

Questions To evaluate our automated hybrid execution mode, we are inter-
ested in the following questions:

1. Howdoesourhybrid executionmodelperformwith respect to theparticular
allocation of objects and variables? How does performance differ between
allocation in native andmanagedmemory?

2. Howdoes ourhybrid executionmodel performwith respect to thewarm-up
performance of the different benchmark tasks?

3. Howdoesourhybrid executionmodel performwith respect to thepeakper-
formance of the different benchmark tasks?

For question 1, wemeasured the total data setup time. For question 2, wemea-
sure the warm-up performance of both, the annotation and path search task.
We consider warm-up to be finished as soon as execution time is within 5%
deviation from the maximum observed value. For question 3, we measure the
peak performance of both, the annotation and path search task. We consider
peak performance as the median value after warm-up.

Results Let us first look at the result of the heuristic: Concerning global vari-
ables, all C variables are stored in nativememory, while 22% (804 out of 3637) of
all C functions are selected for native execution.

The results of the three measurement questions from above are shown in Fig-
ure 5.5, where the speedup of our hybrid executionmode is shown in blue. The
resultswhere all possible candidates for native execution are executed innative
mode are shown in red. Given that the end of the warm-up phase of VMs is not
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Figure 5.5: Results of LXML Objectify Benchmark: For data setup and warm-
up performance, native execution performs better. For annotation
tasks, our hybrid mode pays off. For path search within the tree,
managed execution performs best.

always easy todetermine [7],we see that similar benchmarksusing theGraalPy
runtime need about five to ten iterations towarmup, which corresponds to our
measurements.

Hybrid execution leads to an average speedup of 1.48× for the setup time of the
given benchmark on average, native execution achieves an average speedup
of 1.77×. However, the standard deviation is quite high, indicated by the error
bars. Nevertheless, we see an advantage of hybrid executionmode compared to
managed execution for question 1.

Concerning warm-up and peak performance of the LXML benchmark, the an-
swers to questions 2 and 3 highly depend on the kind of task: Annotation tasks
on the XML tree achieve an average speedup of 2.6× for warm-up performance.
For peak, hybrid execution achieves a speedup of 3.5×, which is even higher
thanwithnative execution. Suchabehavior canalsobe seenat theujsonbench-
mark in Section5.4.2. Compared to the baseline (all functions executed inman-
aged mode on Sulong), executing some functions in native mode clearly pays
off.Runningasmany functions innativemodeaspossible implies even less op-
timization work for the JIT compiler, which leads to a slightly higher speedup
for warm-up, but then results in a slower peak performance.

For the tasks that aim to find certain paths within the XML tree, the situation
is different: While the warm-up performance in hybrid mode does not show
a significant difference to managed execution, there is a small drop in peak
performance with a slowdown of 0.85×, and an even worse drop for running
asmany functions natively as possible. In this case, native execution of certain
functions did not speed up the execution process. A possible reason is that the
GraalVM JIT compiler is able to optimize the managed functions effectively,
which surpasses advantages of native execution. As well, managed execution
may enable the GraalVM JIT compiler to inline managed data accesses and to
optimize them efficiently. The results indicate that the performance of hybrid
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execution highly depends on the executed code, as well as on the data depen-
dencies.

We will discuss the results, especially similarities to the ujson benchmark in
Section 5.4.2, in more detail in Section 5.5.

5.4.2 UltraJSONBenchmarks

The basic principle behind how our hybrid execution mode can achieve
speedups can be seen with the benchmark available in the GitHub reposi-
tory of the Python UltraJSON package [102, 103]. The package itself offers
efficient loading, parsing and dumping JavaScript object notation (JSON) data.

Benchmark in General The benchmark loads and parses JSON data as a first
task,which is thendumpedagain ina second task.Thereareninedifferent JSON
files that consist of different data structures: 5 different arrays with 256 ele-
ments each (string-int dictionaries, doubles, strings, boolean values, UTF-8
strings), one medium complex object, one complex object, two different dic-
tionaries with 256 arrays each (one of them outputting sorted keys).

Methodology Again, we used fully managed execution on Sulong as the base-
line and compared it to the execution times of our automated hybrid execu-
tion mode, as well as to a mode where all functions are native that do not ac-
cess managed data. Thus, also similar to lxml, we ran this benchmark in three
modes: Fully managed (1), our hybrid execution mode (2), and a mode where
as many functions as possible are executed in native mode (3).

We performed themeasurements on a systemwith an Intel Core i7-1255UCPU,
32GB RAM and Ubuntu 22.04. Duringmeasurements, turbo boost and network
connections were turned off. We used GraalVM 24. Concerning language ver-
sions, we used Java 23, Python 3.10.8 and LLVM 16. Each benchmarkwas run 10
times for each of the settings, with 50 iterations of the core benchmark. Thus,
per benchmark and per configuration, we collected 500 data points to account
for system noise.

For ujson, the used versionwas 5.10.0. Wemeasure peak performance and look
at the performance behavior of the parsing and dumping phases. The time of
both tasks ismeasuredwithin 10 fork runs,where each performs 500 iterations
of loading and dumping.

Question To investigate behavior of different code within our automated hy-
brid executionmode, we are interested in the following question:

How does our hybrid executionmodel performwith respect to the different
phases of the ujson benchmark, i.e., parsing and dumping data? Is native or
managed execution clearly better in either or both of these tasks?

For this question, we measure the peak performance of both, the annotation
andpath search task. Again,we consider peak performance as themedian value
after warm-up.
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Figure 5.6: Results of the UJSON Benchmark: Our automated heuristics for hy-
brid execution achieve an overall speedup.

Results Our heuristics, as described in Section 5.3, proposed 76% (725 out of
949) of the functions to run in native mode.

The results to our question are shown in Figure 5.6. While managed execution
on Sulong is faster for dumping, (mostly) native execution is faster for loading
and parsing. Concerning execution times, our hybrid mode, which combines
native and managed execution, is between managed and native execution. In
general, matches with results of the lxml benchmark in Section 5.4.1, where
parsing data was also faster in native mode than in managed mode. For other
tasks, such as traversing the tree, managed execution was faster.

However, it is interesting to look at the total accumulated execution times of
both subtasks: In this case, for thewholebenchmarkapplication, our suggested
hybrid execution mode strikes a balance and is faster than fully managed or
close-to-native execution, which can be seen in Figure 5.6. While it is hard to
generalize from two benchmark suites to the whole world of applications, it is
a proof of concept that automated heuristics can achieve better results than a
manual selection of the executionmode.

5.5 Discussion

Both benchmarks (Sections 5.4.1 and 5.4.2) show that parsing is faster in native
code, whereas traversing data structures (for dumping or searching) is faster
in managedmode.

A hybrid execution mode combines these strengths and can yield overall
speedups beyond either mode alone. As demonstrated in the ujson bench-
marks (Figure 5.6), we found a case where automated hybrid execution out-
performsmanual mode selection by the programmer. This holds regardless of
whether the programmer uses explicit annotations or relies on the traditional
split where Python runs managed and C extensions run natively. We therefore
recommend performing parsing natively, while traversals, especially over po-
tentially managed data, should run in managedmode.
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One plausible explanation is that the GraalVM JIT compiler optimizes man-
aged functions effectively enough to outweigh the benefits of native execution.
Managed execution may also enable the JIT to inline and optimize accesses to
managed and even foreign data. Overall, the performance of hybrid execution
depends strongly on both the executed code and its data dependencies.

As withmany optimizations, the approach in this chapter does not always im-
prove performance. Speedups for a function depend on its implementation:
Some functions run faster in native mode, while others are faster when they
are interpreted and JIT-compiled. As we have shown in Section 5.4, this vari-
ation appears even within a single benchmark. The ujson case in Section 5.4.2
further shows that hybrid execution may not improve every part of an appli-
cation. Nevertheless, it serves as a proof of concept that an automated decision
can outperformmanual selections.

5.6 Summary

In this chapter, we presented heuristics to determine which functions of a na-
tive extension should run in managed mode, and which should run in native
mode. The evaluation shows that integrating an automated hybrid execution
mode into GraalVM can improve the performance of mixed-mode programs.

Function size combined with loop nesting level information is a simple, but
adequate heuristic for determining the execution mode. In contrast to the
system we described in Chapter 3, calls between different execution modes
take a significant amount of time. Therefore, we proposed heuristics that take
these cross-boundary calls into account as well. However, it turned out that
our heuristics do not always lead to a performance improvement over both
baselines (100%managed vs. mostly native). Still, we see potential in popular
Pythonpackages such asnumpyor pytorch,which bothusenative C extensions
for performance improvement. Additionally, we showed that we can overtake
performance of a manual execution mode selection by applying an automated
heuristic.





Chapter 6

RelatedWork

The field of optimizing runtime systems has developed various approaches to
balance trade-offs. First,wewill dive into technical concepts that try to achieve
such optimizations. Then, we will discuss related heuristics.

6.1 Technical Concepts

We first discuss technical concepts that share goals with our approaches,
i.e., concepts that balance trade-offs in modern runtime systems. Mostly, the
trade-off is about performance on the one axis, and resource utilization on the
other axis, such as reducing file sizes or compilation effort while keeping peak
performance high.

Copy and Patch Compilation Copy and patch is a recent compilation approach
with low compilation time and high peak performance [116]. Its core idea is to
match pre-compiledmachine code templates to parts of the IR, such as anAST,
and patch parameters such as constants or memory addresses afterwards. Al-
though copy and patch compilation is orders ofmagnitude faster than existing
compilers, the produced machine code can approach the peak performance of
traditional compilers [116]. Since 2024, copy and patch compilation is also part
of the official CPython runtime [88].

However, it does still not solve the problem of large binaries or offering hybrid
execution for native extensions. Nevertheless, it can be considered as an alter-
native to classical AOT compilers, as it comes with a lower compilation time.

Project Crema Project crema [82] is a GraalVM project under current devel-
opment. Its concept is to cancel the closed world scenario, i.e., to enable class
loading at run time. Such loaded code is interpreted and optionally JIT com-
piled.

While the goal and approach is the same as ours in Chapter 3, their imple-
mentation is not ready yet concerning heuristics. However, our key findings
of Chapter 3, such as the high memory and low run-time impact of static ini-
tializers in Java, are planned to be included into their heuristics in production.
This will discussed in more detail in Section 7.1.
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6.2 Compiler Heuristics

Compiler heuristics play a crucial role in making selection processes within
compilers and runtimes. The earliest compiler heuristics have probably been
proposed by Backus et al. [5]. Simply, but effective, they assumed loops to be
executed more often and applied optimizations such as loop-invariant code
motion. While the heuristics of their work strongly developed and have made
their way to sophisticated heuristics used today, they nevertheless helped to
establish the concept of automatic programming and compilation. In the fol-
lowing, we describe heuristics that are related to ours.

6.2.1 Adaptive and Dynamic Compiler Heuristics

The concept of a JIT compiler is based on run-time information, which is then
further used for dynamic compilation. Thus, JIT compilers are bound to rely on
heuristics, where we would like to revisit the following existing approaches.

Mosaner et al. [62] propose a novel approach for dynamic compilers where
machine learning models replace hand-crafted heuristics and are updated at
run time. The system collects performance data during program execution and
uses it to refine the model, allowing the compiler’s optimization decisions to
adapt to the specific environment. This is an application ofmachine learning to
compiler heuristics that creates a self-optimizing system. Compared to static
heuristics, the performance results of their approach reach from a 7% slow-
down to a 30%speedup. However, our approaches in this thesis require the de-
cision of the execution mode at compile time already. Also in the case of sub-
sequent runs, data from previous compilations are hard to reuse in this case.

The approach of reusing code from previous compilations is nevertheless rel-
evant: Mehta et al. [59] explore the reuse of code compiled by a JIT compiler
across different program runs to reduce warmup costs. Subsequent applica-
tion runs only need 11% of the original JIT compilation time. The relevance to
heuristics lies in the proposedmechanism for selectingwhich previously com-
piled function to use. Their proposed mechanism to select which previously
compiled function touseuses speculative contextual dispatch. This allows choos-
ing a version of a function from a persistent code repository, which is indexed
by the context and interpreter information inwhich the functionwas originally
compiled. A similar concept is also applied for Project Leyden [83], available
since Java 25, where JIT-compiled code is cached for future runs. The selec-
tion process is a heuristic that predicts which cached, pre-compiled code will
be most effective for the current execution context to avoid redundant com-
pilation. For that, they compare and order the different contexts based on in-
ferred types and their hierarchies. As an example, a function receiving a sum
type argument of (int | String) can be used if the actual current argument is
of type int. However, in our hybrid execution context, we do not deal with code
optimizations based on speculations and assumptions:Whenwe have to select
between execution modes at compile time, we do not have run-time contexts,
especially run-time type information available.

While Pečimúth et al. [74] try to achieve the same goal asMehta et al. [59], they
reuse a pre-optimized IR rather than the final machine code. They defer VM-
specific optimizations until the IR is compiled for a specific virtualmachine. As
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a consequence, one has to decide which optimizations can be performed ahead
of timeandwhichmust bedeferred tomaintainperformance. Thus, theheuris-
tics they used do not decide which optimizations to perform, but when to per-
formthem(i.e., thepoint of timewithin the compilation toolchain). Inour case,
the point of time when to select the executionmode is, however, fixed.

6.2.2 Static Branch Prediction

This technique offers advantages by estimatingdynamic profilingdata at com-
pile time, relievingprogrammers fromdynamic instrumentation andprofiling.
Wu and Larus [114] proposed several techniques and heuristics for static pro-
filing. Calder et al. [14] introduced amachine learning-based approach to static
branch prediction and could reduce the rate of branch prediction misses from
25% to 20%. They propose evidence-based static prediction (ESP), which uses
existingprograms to trainneural networks anddecision trees topredict thebe-
havior of branches in new programs. Their conclusion is that neural networks
perform better. The ESP method moves away from manually created, expert-
defined heuristics and demonstrates a more data-driven way to develop com-
piler heuristics, achieving a lowermiss rate for branch prediction than existing
program-based heuristics.

While static branch prediction also deals with heuristics and execution behav-
ior to optimize for certain goals such as performance, the heuristics of our re-
search are about compilation units and less about traces and branches.

6.2.3 Optimizations Along the Trade-off Between Size and
Performance

Debray et al. [22] perform optimizations to achievemore compact code by fac-
toring out common parts. Their performance changes reach from 23% slow-
down to 35% speedup, by a reduction of code size from 15% to 30%. However,
our scenarios as described in Sections 3.1 and5.1 differ, since theGraalVMcom-
piler and/or clang, respectively, already perform these optimizations. Instead,
we decide whether to compile a compilation unit or interpret it. Thus, our ap-
proach moves the decision to a different level and decides whether a compila-
tion unit ends up being represented by native code or bytecode.

From theworkwe are aware of, themost closely related seem to be approaches
to select which optimizations are to be performed to avoid increasing code
size [30, 81]. Thus, such approaches look at which optimization levels or opti-
mizations to use to achieve a certain code size. However, they still compile ev-
erything tonative code for their use case anddonot consider ahybrid execution
system as we do here. Also, both contributions look at specific optimizations
or whether to turn them on or off. Our approaches, however, require a general
selection between twodifferent executionmodes. Thus, our selection is no sin-
gle choice per optimization, but rather a choice between bundles of performed,
indivisible optimizations at once. Applying code factorization as described by
Debray et al. [22] to our approach of mixing executionmodes sounds interest-
ing on the first glimpse. In such a case, we expect the overall performance to
depend on the overhead for switching the executionmodes more often.
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While machine learning in compilers is often used for specific optimizations,
Cugurovic et al. [19] applymachine learning to predict the hotness of amethod.
They let hot code be highly optimized, while cold code is compiled to a less-
optimized version. Using the fact that levels of optimization usually lead to
larger executable binaries, they try to reduce the total code size while keep-
ing performance as high as possible. Their concept of hybrid execution of code
compiled with different optimization levels to reduce binary size inspires our
approach in Chapter 3. Additionally, their implementation is based onGraalVM
Native Image, an AOT compiler for Java bytecode. Their results based on ma-
chine learning outperform our static heuristics, as they achieve a reduction by
15-25% with a performance drop of 3% (5% with our static heuristics). How-
ever, their performance benefit comes with MLmodel training costs.

6.2.4 Optimization Selection

The approaches described in this subsection all deal with optimization selec-
tion, i.e., which optimization to use with regard to different goals. This is sim-
ilar to our approaches of hybrid execution: While we do not combine different
optimization levels in this sense, we combine different execution modes that
come with different properties each, as described in Section 2.1.4.

Stephenson et al. [95] use an evolutionary algorithm to search the complex
space of possible heuristics. Their approach can create specialized heuris-
tics for specific applications, but can also generate effective, general-purpose
heuristics that improve performance on unrelated test sets. Their work aims to
relieve compiler designers from the difficult and tedious task ofmanually tun-
ingheuristics,which is also the goal in Chapters 3 and 5.However, ourwork fo-
cuses on per-method / per-compilation-unit heuristics, while their approach
proposes heuristics for optimizations like register allocation. Still, it can be
worthwhile to apply and evaluate their approach of evolutionary algorithms to
our code features.

Pinkers et al. [81] focus on the problem that standard compiler optimization
levels, such as -O3, often produce suboptimal results because the best set of
optimizations depends on the specific application. They propose an automatic,
iterativemethod to select the best combination of compiler optimization flags.
Their technique uses a statistical approach based on orthogonal arrays to ana-
lyzeprofile information anddetermine the individual impact of eachoptimiza-
tion option. This allows for the creation of a custom set of optimizations for a
given program, turning off specific optimizations that have been enabled for
lower optimization levels. The authors show that their method outperforms
the standard -O3 level in the GCC compiler for several SPEC benchmarks, with
speed-ups between 3% and 26%.

Cavazos et al. [15] present a novel approach for selecting effective compiler
optimizations by using hardware performance counters. Instead of relying on
static code features or expensive iterative searches, the authors propose learn-
ing a model offline that maps performance counter data to good optimization
settings. This trained model can then be used to quickly predict beneficial op-
timizations for any new program. The technique is shown to be two orders of
magnitude faster than search-based approaches and achieves a 17% perfor-
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mance improvement over the highest optimization level of a commercial com-
piler on the SPEC benchmark suite.

Hoste and Eeckhout [44] optimize along the trade-off between compilation
timeandexecution time.Theyuse amulti-objective evolutionary search tofind
combinations of standard compiler optimizations O0 to O3. They treat the se-
lection of optimization flags as a search problem and apply an evolutionary al-
gorithm as heuristic to automate and improve upon the hand-crafted heuris-
tics for standard optimization levels.

As mentioned above, Cugurovic et al. [19] apply machine learning to predict
thehotness of amethod,which is later used for selecting a certain optimization
level to reducebinary size. Interestingly, Cugurovic et al. [19] trained three sep-
aratemodels, one for each optimization level, and found that themost relevant
method features varied across levels. This observation aligns with the finding
by Pinkers et al. [81] that higher optimization levels do not merely accumulate
the optimizations applied at lower levels, but may also discard some of them.
Therefore, this leads to distinct optimization configurations at each level. This
alignswith our results of Figure 3.24 in Section 3.6.5,where different heuristics
perform best for different optimization levels.





Chapter 7

FutureWork

In this chapter,wepresent possible improvements and future extensions toour
current hybrid execution approaches. Much of the inspiration for our future
work comes from the evaluation of our hybrid execution approaches as well as
our related work. We will propose ways to extend our current capabilities and
address several drawbacks.

7.1 Technical Implementation of Hybrid Execution

Regarding the technical implementation enabling hybrid execution, we con-
sider the following aspects as sensible future work:

JITCompiler The proposedhybrid systemof Chapter 3 currently only supports
AOT compilation and interpretation. In general, heuristics that select one of
these two execution modes only provide an estimation for the better choice
rather than the ground truth. As a consequence, there are performance-critical
compilation units that are interpreted and thus cause a significant slowdown,
as shown in Chapter 3. Thus, a JIT compiler could reduce the slowdown that
such interpreted compilation units cause in the rare case they are relevant for
peak performance.

The drawback of a JIT compiler, however, is its effect on warm-up perfor-
mance. Nevertheless, we saw in Sections 3.5.4 and 3.6.4 that less than 5% of
the interpreted compilation units in the DaCapo benchmarks would be candi-
dates for JIT compilation, and even less, 2%, really cause slowdowns. There-
fore, as the workload for a JIT compiler is rather low, we imagine the effects on
warm-up performance to be low enough in practice. Thus, we suggest an eval-
uation of the actual effects onwarm-upwhen a JIT compiler is used for the few
performance-relevant compilation units that are interpreted.

While the approach in Chapters 4 and 5 already contains a JIT compiler, our
heuristics try to minimize execution time. Another interesting metric for our
heuristics, however, is to look at time compilation effort. Including an estima-
tion for compilation time into heuristics can also help to reduce the time the
application takes to reach peak performance. As an example, an estimation for
code complexity within a compilation unit could be considered in this case.
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Compilation Effort Currently, both systems compile the code AOT before de-
ciding whether to run the compiled code or to go for interpretation. The com-
pilation analysis and the compilation result provide useful information for our
heuristics, such as the size of the compiled code or the estimated CPU cycles.
However, performing analysis and compilation increases build time evenwhen
the heuristics later choose not to use the AOT-compiled code.

We therefore propose moving the decision earlier in the pipeline. Early rejec-
tion of units that are likely to be interpreted can reduce compilation effort and
build time. For example, static initializers in Java (where we described in Sec-
tion 3.2.4why they should be interpreted) can already be identified at the byte-
code level and skipped entirely. When savings of compilation time have higher
priority thanmaximum peak performance, it can be preferable to use cheaper,
less accurate heuristics that operate earlier to decide whether a compilation
unit is worth compiling.

Dealing With Code That Can Only Run in Either Mode A limitation we encoun-
tered is that there are functions and compilation units that cannot run in both
modes. As an example, a compilation unit of the Native Image runtime might
be considered for interpretation, although it is required to be executednatively.
Even more, such execution mode constraints cannot always be detected up-
front: For native extensions, functions in native execution mode may access
managed data which is neither statically known, nor can it be converted to na-
tive memory. When heuristics select a function for an impossible execution
mode, run-time errors occur.

Thus, a future improvement is to reduce this risk of runtime errors by enabling
to revert execution: Upon encountering an error, we could rewind the ongo-
ing execution, forcing the problematic code to resume in a different execution
mode. However, this includes a possibility to undo side effects, such as intro-
ducing andmanaging savepoints.

7.2 Heuristics

Besides possible technical implementation development, there is also future
work in terms of developing more sophisticated heuristics:

Knowing Information Earlier During Compilation Process Our current approach
only optimizes for thefinal binary size. However, it would be beneficial to opti-
mize the compilation process in the future, too.Whilewe cannow select, which
compilation units to include as native code or as bytecode in the final exe-
cutable, we compile currently all compilation units during the build process,
as described in Section 3.2.1.While this gives us themost complete information
andallowsus tomakedecisions basedonknowing thefinal size of the compiled
code, it does not reduce the overall compilation time. To also reduce the com-
pilation time, future work could investigate the tradeoffs of moving the deci-
sion ofwhich compilation units to compile to earlier stages of the process. This
could allow us to also avoid the costly process of optimizing and creating the
native code for compilation units where these results end up being discarded.
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However, it is likely going to comeat additional tradeoffs in termsof thequality
of static predictions, and thus, may cause additional run-time slowdowns.

Static Heuristics for Call-Graph Estimation In Chapter 5, we used heuristics
that rely on a call graphwhich we had to record in advance. Recording such in-
formation is expensive and requires at least one profiling run in advance. Thus,
using static analysis information to estimate the call graphand its call frequen-
cies at compile time would lead to multiple benefits: Not only would it become
possible to avoid the profiling run, but also could decisionswhat to compile and
what to interpret bemade earlier, asmentioned above. In contrast to analyzing
Java code as in Chapter 3, analyzing C code as in Chapter 5 can be done with a
higher accuracy [49, 118].

More Sophisticated Heuristics: Machine Learning and Dynamic Profiling
Stephenson et al. [95] showed that evolutionary algorithms can lead to im-
pressive results when searching for combination of different optimization
possibilities. Thus, it is worthwhile to investigate whether and how their ap-
proach can also lead to benefits within our search space of execution mode
combinations for the set of compilation units.

Another future direction would be to combine our static heuristics with ma-
chine learning or dynamic profiling. We believe the static features could give
strong initial predictions, andprofilingormachine learningmodelswould then
only need to be used for compilation unitswith ambiguous static predictions or
high performance impact. With such hybrid heuristics we could reach the per-
formance of fully dynamic or machine-learning-driven systems, such as de-
scribedbyCugurovic et al. [19],while requiring less trainingdata or using fewer
run-time profiling runs. Arnold et al. [2] previously showed how to efficiently
combine such static and dynamic information for inlining.

Concerning our dynamic heuristics in Chapter 3, we saw in Section 3.6.5 that
they can be outperformed by more advanced static heuristics. Therefore, we
expect that a dynamic heuristic relying on more static information, i.e., the
iper heuristic or evenmore, leads to further improvements.

Heuristics For Warm-Up Performance Although an overall speed-up can be
achieved, there are special functions where the automated hybrid execution
causes a slowdown in warm-up performance. Therefore, further research is
necessary to investigate the connection between single functions and the im-
pact on warm-up performance when automated hybrid execution is enabled.
Being able to predict the impact of hybrid execution on warm-up performance
more precisely also enables better results overall.

Question of Mutual Applicability of Heuristics of Chapters 3 and 5 We analyzed
two different scenarios for hybrid execution: Hybrid execution to reduce code
size without impacting performance in Chapter 3, and hybrid execution of na-
tive extensions in Chapters 4 and 5 to improve performance. However, we did
not mutually apply the used heuristics to the corresponding “other” use case.
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While this is due to different contexts (e.g., high overhead costs for native ex-
tensions), implementation details of both systemsmight change. New techni-
cal circumstances, however, may limit the effectiveness of the currently used
heuristics. Therefore, predicting heuristics based on implementation details
would keep the achievements of the current systems, while enabling flexibility
of maintenance.

Fitting Heuristics To Code The lxml evaluation in Section 5.4.1 shows that our
heuristics in Chapter 5 are still specific to a certain kind of code. The lxml
benchmark contains a lot of different computations and leads to different re-
sults for them. Thus, inspired by thework of Cugurovic et al. [19], it is interest-
ing howwell ML-based techniques can predict the optimal executionmode for
a function.



Chapter 8

Conclusion

Modern high-performance runtimes are constrained by the fundamental
trade-offs between peak performance, warm-up performance, and binary ex-
ecutable size.While AOT compilation provides fast warm-up, it often results in
bloated binaries. JIT compilation optimizes peak performance but introduces
unpredictable warm-up costs. Existing strategies for mitigating these issues,
such as the use of native extensions, require amechanism to change execution
mode during an ongoing execution. Furthermore, existing mixed-mode sys-
tems requires the developer to manually select the execution mode for every
part of the application. This does not only lead to suboptimal results, but also
requires knowledge of execution constraints, as usually not every code can be
executed in any of the available executionmodes.

In this thesis, we addressed these limitations by implementing and evaluating
automated hybrid execution models on top of GraalVM, a high-performance,
production-grade and multi-language runtime that is also widely used in in-
dustry. To reduce the size of binary executables and solve goal 1 mentioned
in Section 1.2, we implemented a mechanism that replaces selected AOT-
compiled code by its more compact Java bytecode. The bytecode is then exe-
cuted by a lightweight interpreter. To optimizemainly warm-up, but also peak
performance of polyglot applications, we introduced a hybrid environment for
native extensions that enables switching between managed and native execu-
tion, tackling goal 2.

The selection of execution modes on both scenarios was automated through a
suite of static and dynamic heuristics, which refers to our goal 3. While suc-
cessful static heuristics are based on features such as loop nesting, number of
parameters, estimated cycles, dynamic heuristics perform better by taking the
call frequency into account. In both scenarios, we could show that initializa-
tion code behaves different compared to average code segments concerning
our objectives, such as performance andmachine code size.With these heuris-
tics, we show how to automate such a decision process, that aims to find a
suitable choice along the corresponding trade-offs between warm-up perfor-
mance, peak performance and application size.

Our evaluations of these heuristics shows that our hybrid approaches are both
feasible and effective in state-of-the-art runtimes. For binary size reduction,
we demonstrated that it is possible to reduce the size of a binary executable by
over 35%without significant performance changes. Using only statically avail-
able information, our heuristics can lead to an overall size reduction by 20%
withanaverage slowdownofonly4%onDaCapoandRenaissancebenchmarks.
Thus, our heuristics can be used to tune an application along the trade-off be-
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tween performance and size. Regarding native extensions, our automated hy-
brid execution improved especially warm-up performance by a factor of 1.7×
to 2.5× over fully managed baselines for lxml and ujson benchmarks. For peak
performance, the result differs and depends on the code, as we could achieve
speed-upsof 3.5×, but alsohad slowdownsof 15% compared toa fully-managed
baseline. Our measurements on ujson show that automated hybrid execution
can also outperform manual execution mode selection. Although the overall
effectiveness of these heuristics can be influenced by specific code semantics
and implementation details, our results indicate that an automated mixing of
execution modes is a useful strategy for balancing the trade-offs of modern
runtimes.
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