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Abstract

Programming language interpreters are often the first choice when implementing

a new language, and many well-established dynamic language implementations

rely on them, such as Java, JavaScript, Ruby, and Python. Interpreters run code by

compiling it to some program representation, then executing this representation at

the software level.

Out of all possible interpreter designs, bytecode (BC) interpreters are often con-

sidered the fastest thanks to their compact and linear representation. This often

overlooks other designs, such as abstract syntax tree (AST) interpreters, and the variety

of hybrid designs that are neither clearly AST nor BC. Interpreter design is influenced

by several constraints and opportunities, such as the mechanisms provided by the

host language (in which the interpreter is written), the requirements of the guest

language (the language being executed), but also available engineering effort, or

hardware constraints. Overall, when implementing an interpreter, the number of

viable design decisions may appear more limited than it truly is.

Therefore, this thesis endeavors to explore the implementation space of inter-

preters, to help provide a stronger understanding of the available high-level designs,

design decisions, as well as their engineering and performance benefits. We focus on

the design and performance of AST interpreters and BC interpreters for the SOM lan-

guage, implemented on top of meta-compilation frameworks, and written in the Rust

system-level language. We also describe approaches that lie somewhere in between

AST and BC, and we identify key design dimensions for designing and discussing

interpreters. Our results find that in terms of run-time performance, AST designs

can rival BC designs on top of meta-compilation frameworks, and are not far behind

in interpreters using the Rust language. We also find that the meta-compilation

context can push BC designs closer to AST designs, while relying on Rust can push

AST designs to be closer to BC instead. We synthesize our analysis by providing

recommendations for interpreter design, based on the requirements, constraints, and

opportunities of the runtime system in question. We hope this work encourages
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language implementers to explore a wider range of designs, and assists in opting for

design decisions that best meet their specific needs and requirements.
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Chapter 1

Introduction

A programming language interpreter is software that executes (i.e. interprets) code

written in a guest language, instead of targeting a specific hardware machine by

compiling to native code. Interpreters instead typically have a compilation phase to

some program representation, and execute this representation themselves directly at

the software level.

By relying on an interpreter, execution takes place entirely at the software level as

opposed to the hardware level. This typically yields slower execution speeds than by

compiling to native code, which targets the underlying hardware directly. For this rea-

son, a common option is to pair interpreters with Just-In-Time (JIT) compilers, which

generate native code at run time. Dynamic native code generation relies on assump-

tions about the execution of the program to generate efficient code, e.g. “this dynamic

dispatch always dispatches to the same method, and so we may only consider this

case”, therefore assumptions which require programs to be executed and profiled be-

fore JIT compilation. Moreover, since native code generation is time-consuming, most

runtimes want to limit native code generation to only frequently executed code paths,

which also need the program to be executed beforehand. Therefore, interpreters can

perform the profiling needed by JIT compilers, and so complement them very well.

A typical execution pipeline may thus start off in the interpreter, which will

identify valuable compilation targets, so that native code can be generated for them.

Interpreters are therefore essential components of runtime systems, but can sometimes

be perceived as a stepping stone in the execution pipeline, or what execution falls

back to if one compiled based on faulty assumptions.



2 Chapter 1. Introduction

Interpreters thus tend to receive less attention than JIT compilers, but offer several

advantages:

• implementing an interpreter requires far less engineering effort, making them

easier to debug and to experiment with;

• their ease of implementation also makes them valuable reference implementa-

tions;

• since there is no native code compilation phase, little time is spent between

invoking the runtime system and code being executed, which is beneficial e.g.

for frequently redeployed applications;

• their code representation can be more compact than native code, which can

reduce memory usage (Franz et al. 1997; Pichler et al. 2025);

• they can execute code even when dynamic native code generation is disallowed,

which can occur for security reasons.

Therefore, the design of interpreters is worth investigating in more detail, with or

without the possibility of JIT compilation. The design of an interpreter is influenced

by several constraints and opportunities, such as the mechanisms provided by the

host language (the language in which the interpreter is written), the requirements

of the guest language (the language being implemented/executed), but also the

available engineering effort that can be expended, or possible hardware constraints.

The interpreter design space appears broad, but literature often fixates on a

specific design subset: bytecode (BC) interpreters, which rely on a compact and linear

representation, and are often deemed to be the optimal design choice since they are

meant to provide the best possible performance. This is often to the exclusion of

other designs, such as abstract syntax tree (AST) interpreters, which instead rely on a

tree-based representation, and are largely considered to provide worse performance.

There also are a variety of hybrid designs that cannot be easily described as either AST

or BC, and which are far less frequently considered or documented in the literature.

Overall, when implementing an interpreter, the amount of possible designs and

design decisions may appear more limited than they truly are. Therefore, this work

explores and documents the implementation space for various interpreter designs.
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1.1 Research Goals

As we shall see, the implementation space of interpreters is large and complex.

Therefore, we work towards better defining this design space by identifying key

design dimensions within it, and analyzing different interpreters which feature a

variety of these different design choices. To this end, we measure notable concrete

metrics, such as run-time performance and memory usage. Moreover, the dominance

in use of bytecode interpreters overshadows several design options, such as AST

interpreters or hybrid AST/BC designs, notably since bytecode designs are assumed

to offer better run-time performance.

As such, a key question we address throughout this work is:

Can AST interpreters be as performant as BC interpreters?

We specifically investigate the design and performance of AST and BC interpreters

based on meta-compilation, and system-level languages. Throughout this work, we

point out various possible design choices and provide an overview of their associated

trade-offs, with the goal of facilitating discussion on interpreter design as a whole.

We focus on the following research questions:

1. What are the key design dimensions to define the design space of program-

ming language interpreters? The interpreter design space can appear to be

representable as a binary split between AST and BC interpreters. We argue that

this is not the best way to represent it, since it fails to account for numerous po-

tential hybrid approaches and so limits design possibilities. Therefore, Chapter 3

gives a broad overview of the interpreter design space, argues against a binary

view of interpreter design to instead qualify interpreters as more or less AST-like

and BC-like, and establishes several key design dimensions associated with both

terms, to define and reason about the interpreter design space.

2. How does meta-compilation influence the design and performance of inter-

preters? We argue that meta-compilation is an essential domain in which to analyze

the design of interpreters, since the interpreter is the only part of the system that

is manually written, with the JIT compiler being derived from it automatically.
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Therefore, Chapter 4 focuses on meta-compilation, and the performance of a

strongly AST-like and a strongly BC-like interpreter using these frameworks. We

analyze whether bytecode designs necessarily give better performance when

dealing with the constraints of these systems.

3. How does using the Rust language influence the design and performance of

interpreters? Many interpreters are written in system-level languages to achieve

the best possible performance. Therefore, after focusing on interpreters written in

Java and Python to work with meta-compilation systems, we turn our attention

to interpreters written in a language where we achieve faster execution speeds,

namely Rust. Chapter 5 thus focuses on the influence of Rust on the design

and performance of interpreters written in it, and as with the previous chapter,

compares a strongly AST-like and strongly BC-like interpreter.

Based on our findings from each chapter, we give various recommendations for

designing interpreters, based on the requirements and constraints of the end user.

These recommendations are formulated in Chapter 6.

1.2 Key Insights

As we explore the interpreter design space throughout this thesis, we extract several

key insights.

Interpreter Design is Not a Binary Choice Between AST/BC. While these designs

are often the only two that are considered, we highlight that a binary view is not

an ideal model, since it fails to consider hybrid designs that exist in between both

approaches, and exhibit valuable trade-offs. So, we define the terms AST-like and

BC-like, as well as a set of key design dimensions associated with both terms, to help

communicate design choices more efficiently than with a reductive yet commonly

accepted binary model. We describe these identified major design dimensions in

section 3.5.
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Meta-Compilation: AST Interpreters Can Rival BC Interpreters In Terms Of Run-

Time/Peak Perf. While we mentioned that AST interpreters are commonly consid-

ered to be outperformed by BC interpreters in terms of run-time performance, we

find that this is not always the case. In Chapter 4, we focus on interpreters based on

meta-compilation, and we find that by comparing highly optimized AST interpreters

and highly optimized BC interpreters, the AST interpreters can rival their BC coun-

terparts in terms of run-time performance, as well as in terms of peak performance

achieved with JIT compilation.

System-level language: Good Performance Achievable with Optimized AST Inter-

preter. We compare optimized AST and BC Rust-based interpreters in Chapter 5.

We find that bytecode designs outperform AST interpreters in this context, which

aligns with the literature. Though, we also find that the difference in performance

between an optimized AST interpreter and an optimized BC interpreter is relatively

small, around 16%.

Rust: Design Mismatch With Recursive Interpreters. While we use the Rust lan-

guage to achieve good run-time performance in our interpreters in Chapter 5, we

find that this choice of host language can make some design decisions detrimental

to some interpreter designs. Most notably, we find that traditional designs for AST

interpreters are not a good fit for Rust , therefore, that the design was at odds with

the host language. This highlights a mismatch between host language and interpreter

design, related to the idea of semantic mismatch between host and guest language,

which we find to be relevant to discussing interpreter design.

We hope that these insights and our work as a whole benefit interpreter im-

plementers, and assist in selecting designs that best meet their specific needs and

requirements.

1.3 List of Publications

This thesis was based on the following works:
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1. O. Larose et al. (2025). “AST, Bytecode, and the Space In Between: An Ex-

ploration of Interpreter Design Tradeoffs”. In: The Journal of Object Technology.

ICOOOLPS’25 24.3 (accepted, to be published). This paper focused on analyzing

the interpreter design space as a whole, and deriving recommendations based

on our observations and performance experiments. This content provided the

foundation for Chapter 3, and guides the structure of the thesis as a whole.

2. O. Larose et al. (Oct. 2023). “AST vs. Bytecode: Interpreters in the Age of Meta-

Compilation”. In: Proceedings of the ACM on Programming Languages. OOPSLA’23

7.OOPSLA2, pp. 318–346. ISSN: 2475-1421. DOI: 10.1145/3622808. This work

focused on interpreters in the domain of meta-compilation, and served as the

foundation for Chapter 4.

3. O. Larose et al. (Mar. 2022). Less Is More: Merging AST Nodes To Optimize Inter-

preters. This work defined supernodes, an optimization which was implemented

in all of the AST interpreters which we talk about in this thesis.

4. O. Larose (June 2025). “Adding garbage collection to our Rust-based interpreters

with MMTk”. In: Workshop on Modern Language Runtimes, Ecosystems, and VMs.

MoreVMs’25. Peer-reviewed blog post on the implementation of garbage collec-

tion in our Rust-based interpreters, which we expand on in Chapter 5.

5. Additionally, several parts of Chapter 5 on the design of our Rust-based inter-

preters relate to blog posts written by myself at https://octavelarose.github.

io/. Those are “Spending too much time optimizing for loops” and “Inline

caching in our AST interpreter”.

https://doi.org/10.1145/3622808
https://octavelarose.github.io/
https://octavelarose.github.io/
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Chapter 2

Background

This chapter aims to provide the necessary context to understand this work and its

contributions. We first provide an overview of programming language interpreters in

section 2.1, defining both the abstract syntax tree and bytecode interpreter formats. We

then introduce the SOM language in section 2.2, which our interpreters execute. The

guest language of an interpreter has a large impact on which interpreter optimizations

can be implemented, thus we go over these optimizatons in section 2.3. We also give

an overview of meta-compilation in section 2.4, as it is a key part of Chapter 4, before

focusing on garbage collection in section 2.5 and the Rust language in section 2.6,

which are highly relevant to chapter 5. Finally, since our experiments throughout this

work rely on the same benchmark set, we briefly introduce it in section 2.7.

2.1 Interpreters

A programming language interpreter is software that executes, i.e. interprets, code

of a guest language. This is in contrast to Ahead-Of-Time (AOT) compilers, which

generate native executables that are executed by a CPU. Interpreters, after typically

compiling to an intermediate representation, execute the representation themselves

at the software level. As a result, such software can also be referred to as virtual

machines (VMs), or runtime systems. Since terminology related to interpreters can

cause confusion, and can raise questions such as what qualifies or not as an interpreter,

we briefly address these semantic questions in section 2.1.3.

Since interpreting an intermediate representation is less efficient than executing

native code, many high-level language virtual machines implement not only an
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interpreter but also a Just-In-Time (JIT) compiler to eventually take over the execution

of a program. At run time, JIT compilers compile the most frequently executed

parts of a program to native code. For dynamic languages or use cases where AOT

compilation is impractical, JIT compilers allow a language implementation to reach

high performance regardlessly. Since they can offer better run-time performance,

JIT compilers often overshadow interpreters, which is why the V8 JavaScript engine

originally did not include an interpreter.1 Though, interpreters are highly valuable

when run-time compilation is too expensive, e.g., during program startup, or when

native code compilation is limited, impractical, or impossible.

Interpreters are usually categorized based on the program representation they

execute. The most common ones, and therefore the most common interpreter types,

are abstract syntax tree interpreters and bytecode interpreters.

2.1.1 Abstract Syntax Tree

Programming languages are often parsed into an abstract syntax tree (AST) to represent

the program syntax as a tree. Each element is mapped to a node of a specific type. This

makes them an intuitive design for representing a program. For example, the node

type for a source code element can implement an operation to realize its run-time

semantics.

While an AST can be a simple parse tree, i.e., a one-to-one mapping of the program

syntax to a tree representation, most ASTs abstract away from the original source

to various degrees. This may be done to e.g. represent high-level concepts based

on more basic ones, or to optimize performance. A common optimization is lexical

addressing (Abelson et al. 1996; Kalibera et al. 2014). Instead of qualifying variables

by name, it is often more efficient to represent variables with indices into some array.

Other run-time information, e.g., the result of method lookups, can also be cached in

the tree as polymorphic inline caches (Hölzle et al. 1991). These optimizations are not

unique to AST interpreter designs, and we later expand on them in section 2.3.

So, while an AST remains close to the syntax of the source code, when used as

an interpreter representation, it may differ in some ways from the original syntax to

allow for more efficient interpretation. One could then refer to these trees as execution
1https://v8.dev/blog/ignition-interpreter

https://v8.dev/blog/ignition-interpreter
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1 if 1 + 2 == 3 {
2 print("wow")
3 }

(A) Source code of the example program

if

==

+

1 2

3

print

wow

(B) As AST

PUSH 1
PUSH 2
CALL +
PUSH 3

CALL ==
JMP_IF_FALSE +3

PUSH "wow"
CALL print

...

(C) As Bytecode

FIGURE 2.1: Example represented as AST and bytecode.

trees (Roberts et al. 2019). But since AST is the more common term, we refer to these

trees as such for the rest of this thesis.

Figure 2.1b shows a simple AST for the code shown in Figure 2.1a. The root node

if corresponds to the if statement shown in Figure 2.1a, which has two children, one

which represents the condition, and the other the body. Usually, execution is defined

by a pre-order traversal of the tree: the root if node will be visited first, which will in

turn check the condition by visiting the == node, whch then visits the + node, which

finally visits its two children in turn: 1 and 2. The + node will perform an addition

on the two children, and propagate the value back to the == node. The == node then

compares the value to the value its other child, the 3 node, evaluates to true or false,

and execution will then return the result of the comparison to the parent, i.e., the if

node. Execution will continue from the if node with a call to the print node if the

condition was true, which is always the case in our naive example, or go back to the

parent of the if node if the condition was false.

Visitor-based Execution

The visitor design pattern (Gamma et al. 1994) is often associated with AST inter-

preters (Nystrom 2021 ch. 5), since it provides a flexible way to implement the seman-

tics of a language in an object-oriented manner. A visitor class contains one method
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for each node type, which implements the behavior for the corresponding nodes. To

execute a program, the visitor walks the tree and for each encountered node, it calls

a common method on the node, often called accept, passing in the visitor, which

in turn calls the specific visit method associated with its own type on the visitor,

passing itself as an argument so that it can be read from.

This design has engineering benefits in that it allows for easily defining several

different sets of operations on the AST. One visitor can interpret the program, another

print out the tree structure, and a third might apply optimizations. Each visitor

then contains the specific implementation of, for instance a visitIf method to either

implement the control-flow semantics, print it, or perhaps attempt to constant fold

the condition and replace the if node with the remaining branch.

Naturally-Recursive Execution

An alternative implementation style in object-oriented languages foregoes the

engineering benefits of the visitor pattern and implements execute methods directly

on the nodes. This design has potential performance implications from removing

the visitor, and so avoiding the indirect method calls that it performs. Listing 2.1

illustrates this interpreter variant. Here, the AST consists of an AddNode with two

children, Literal(1) and Literal(2). Execution still traverses the tree in pre-order by

calling execute on the AddNode first. AddNode.execute then calls execute on each of

the two children, and returns the addition of their results. The execute method takes

in a frame, which refers to a call frame, also called a context. For a guest language

subroutine call, the call frame stores the local variables, arguments, and general

information needed to execute the function.

This tree-based design is elegant in the sense that it directly leverages functionali-

ties of the host language, such as recursion and dynamic dispatch for node behavior.

This naturally-recursive style of interpreters is favored by the GraalVM and Truffle

projects (Würthinger et al. 2017, 2012), which started out by implementing a wide

range of languages in this style on top of Java. The TruffleDSL (Humer et al. 2014a)

further simplifies the implementation of interpreters in this style and makes it easier
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1 trait Node {
2 fn execute(&self, frame: &mut Frame) -> Value
3 }
4
5 impl LiteralNode {
6 fn new(value: Value) -> Self {
7 Self { value }
8 }
9 }

10
11 impl Node for LiteralNode {
12 fn execute(&self, frame: &mut Frame) -> Value {
13 self.value.clone()
14 }
15 }
16
17 impl AddNode {
18 fn new(child1: Node, child2: Node) -> Self {
19 Self { child1, child2 }
20 }
21 }
22
23 impl Node for AddNode {
24 fn execute(&self, frame: &mut Frame) -> Value {
25 self.child1.execute(frame) + self.child2.execute(frame)
26 }
27 }
28
29 fn main() -> Value {
30 let tree = AddNode(Box::new(LiteralNode::new(1)),
31 Box::new(LiteralNode::new(2)));
32 tree.execute(Frame())
33 }

LISTING 2.1: AST-based interpreter in Rust (simplified slightly), adding the integers
1 and 2. Nodes implement the common Node trait. The Literal nodes represent

values and the AddNode adds the results of two subexpressions.
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to benefit from meta-compilation in the form of just-in-time compilation. We expand

on these projects in section 2.4.2.

Continuation-Passing Execution

Another way to implement an AST interpreter is in a Continuation Passing Style

(CPS), a technique originating from Scheme (Sussman et al. 1975). When using CPS,

functions will take an extra argument in the form of a continuation, which corresponds

to the program control state. The final expression in such a function will be a call to

the continuation, after providing it the return value computed by the current function.

The call to the continuation is the last thing to occur in the function itself, making

it a tail call. If the host language guarantees tail call optimization, this form of recursion

does not consume stack space of the host language and compiles the call to a jump

instruction instead.

This design naturally lends itself to walking a recursive data structure like a tree,

while allowing for the implementation of language features, e.g. recursion or green

threads, without relying on the host language.

1 let bytecodes = [PUSH_LIT, 0, PUSH_LIT, 1, ADD];
2 let literals = [1, 2];
3 let mut stack = vec![];
4 let mut i = 0;
5
6 loop {
7 bc = bytecodes[i];
8 i += 1;
9

10 match bc {
11 PUSH_LIT => {
12 let lit_idx = bytecodes[i];
13 stack.push(literals[lit_idx]);
14 i += 1;
15 }
16 ADD => {
17 let (val2, val1) = (stack.pop(), stack.pop());
18 stack.push(val1 + val2)
19 }
20 // ...
21 }

LISTING 2.2: BC-based interpreter in Rust, adding the integers 1 and 2. The
bytecodes encode pushing literal values onto the stack, and then add them with an

ADD instruction.
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2.1.2 Bytecode

Bytecode is a virtual instruction set designed to be linear and compact, similar to

hardware instruction sets. It is often obtained by compiling the source code into

some tree representation (an AST, though one not meant for direct execution), then

doing a pre-order traversal to linearize it into a sequence of instructions. In part

because of this additional compilation phase to bytecode, a BC interpreter typically

requires more engineering effort than an AST interpreter, from having to ensure

correct instruction generation and correct traversal during execution.

The concept of bytecode can be traced back to the BCPL language and its O-

code (Richards 1969), with Smalltalk likely being the first language to use the term

bytecode instead (Bush et al. 1987). On Smalltalk bytecode, Béra et al. (2016) write “The

virtual code [...] is encoded in bytes for compactness. Its byte encoding gives it the

name bytecode”. As its name suggests, bytecode is designed to be a compact enough

byte-based program representation. Bytecode sets require careful design to generate

short and efficient sequences of bytecodes to represent the program semantics, as to

minimize execution times, while ensuring the bytecode set itself does not grow too

large to be encoded as compactly as possible.

Figure 2.1c shows a simple bytecode sequence where each bytecode has an opcode

representing its type (PUSH, CALL, etc.) and one or more arguments. Each bytecode

instruction is executed in turn, one after the other. This is a stack-based bytecode,

where values are pushed onto a stack and consumed by other operations, such as the

bytecode CALL which consumes one or more arguments from the stack and pushes

its result onto the stack. Jumps can redirect execution to any other bytecode, either

further back or further ahead. Here, after comparing both values using CALL ==, the

result is on the stack and then consumed by JMP_IF_FALSE. If the result was true, no

jumps will occur and execution will continue at the PUSH "wow" point further ahead.

Otherwise, execution continues after the CALL print bytecode, i.e. the next bytecode

in the sequence.

In this simple example, a value was put on the stack by the CALL == instruction,

so that it could then be used by the JMP_IF_FALSE instruction. In other interpreter

designs, it could also have been stored in a register, or in a top-of-stack cache in a
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hybrid design (Ertl 1995). Register-based approaches are generally faster than stack-

based approaches (Shi et al. 2008; Zhang et al. 2022), though they can incur additional

implementation complexity from having to deal with register allocation (Chaitin et al.

1981) when generating bytecode.

Listing 2.2 shows example code for a traditional bytecode interpreter for a stack-

based machine. The main bytecode loop iterates over all bytecodes. First, the next

bytecode is fetched based on the current bytecode index (i), then a match expression

executes the bytecode handler for the corresponding bytecode. If it is PUSH_LIT,

the literal index stored at the subsequent index is used to fetch the corresponding

literal value, which is then pushed onto the stack. When ADD is later encountered,

its associated bytecode handler takes the last two values from the stack, adds them

together, and pushes the result back onto the stack.

In terms of run-time performance, bytecode interpreters have received a lot

of attention over the years, and we go over several BC-specific optimizations in

section 2.3.5.

2.1.3 Brief Discussion of Semantics and Terminology

This work focuses on programming language interpreters, therefore interpreters that

take code written in a programming language as input. We previously briefly con-

trasted ahead-of-time compilers and interpreters in section 2.1, with interpreters

directly executing a program, and AOT compilers first translating (i.e. compiling)

the input into some other language, often machine code that can be offloaded to the

CPU. Yet most interpreters do not directly parse and interpret the input program

as they read the source file, and instead translate it beforehand to an intermediate

format which is often AST or BC, which will be interpreted. In other words, the guest

language is compiled ahead of time, but to the runtime representation chosen by the

interpreter instead of machine code.

We use interpreter as a shorthand for “programming language interpreter”, and

we define it as software (thus never an abstract machine, i.e. a theoretical model of

computation, but it may be an implementation of an abstract machine) that takes in

a program written in some guest language. Our interpreters all feature compilation
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steps, with “compilation” referring to the broad idea of translating one format to

another, which we most often use to mean compilation of source code to AST or

bytecode, though also sometimes compilation to machine code, e.g. when we refer to

JIT compilation.

2.1.4 AST versus Bytecode

ASTs can sometimes be thought of as a format that is only present in the compilation

pipeline, as parser output that should be compiled to bytecode, and which should not

be directly executed itself. Since bytecode is commonly thought to be a more efficient

representation in terms of memory usage that leads to better run-time performance,

AST interpreters are often discounted for BC interpreters. As a practical example,

Ruby’s implementation started out as an AST interpreter, but was eventually replaced

by a bytecode interpreter specifically to increase run-time performance (Sasada 2005).

The common assumption that good run-time performance mandates a BC design

also explains the comparatively lower amount of optimizations for AST interpreters

as opposed to BC interpreters, later exemplified by section 2.3 describing more BC-

specific optimizations than AST-specific optimizations.

We will question this assumption about the run-time performance of AST in-

terpreters throughout this work, as we do not find bytecode interpreters to yield

clearly superior performance in some contexts, or the performance gap between

bytecode and AST to always be as wide as one may presume. We will also highlight

various engineering benefits from AST interpreter designs, which should not be easily

discounted.

2.2 Simple Object Machine (SOM)

The Simple Object Machine language (SOM) is a class-based language and minimal

Smalltalk dialect (Haupt et al. 2010)2. It is dynamically typed, has class inheritance,

closures, and non-local returns. It thus shares many implementation and espe-

cially optimization challenges of more commonly used languages such as JavaScript,

Python, and Ruby, without reaching their complexity. Given that this work relies on

2https://som-st.github.io/

https://som-st.github.io/
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many interpreters to compare them with one another, using such complex guest lan-

guages would induce an unrealistic amount of engineering effort and thus make this

work infeasible, while SOM helpfully allows us to address similar design challenges

with a smaller language specification.

2.2.1 Overview of the SOM language

1 Fibonacci = (
2 fib: n = (
3 ^ n <= 1
4 ifTrue: 1
5 ifFalse: [ (self fib: (n - 1)) + (self fib: (n - 2)) ]
6 )
7 )

LISTING 2.3: Example code for the SOM programming language. The fib: method
returns the Nth number in the Fibonacci sequence.

Listing 2.3 shows an example of SOM code. This code defines the class Fibonacci

which as with every class in SOM, is a subclass of the Object class. Classes contain

fields and methods, and this class defines the method fib:, which takes in one

argument n.

Methods have a receiver and any number of arguments, and each colon in the

method name specifies that one argument should follow it. For instance, some

method “#do:with:” would take two arguments, and be invoked on some receiver

object. To invoke it on the receiver a with the two arguments b and c, in e.g. Java, one

would typically write “a.doWith(b, c)”. In SOM, a call to this method would instead

take the form “a do: b with: c”. A method call that takes no argument “unaryCall”,

would typically be invoked e.g. in Java with the syntax “a.unaryCall()”. In SOM,

instead, it would have no colon in its name and calling it would take the form “a

unaryCall”.

In our example, with “(n <= 1) ifTrue: ... ifFalse: [ ... ]”, the receiver is

n <= 1 (very likely a Boolean object), the name of the method is “ifTrue:ifFalse:”,

and its arguments are both represented with “...”. Additionally, “ˆ” corresponds to

a method return, and code blocks are represented with square brackets [].

As with other dynamic languages, no type for the value of the argument n is

enforced, which can therefore be any value. If instead of an integer we pass e.g.
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a string, the operation n <= 1 would immediately cause a runtime error and halt

execution, since the String class does not define <= and - methods. But the “fib:”

method would work if provided a floating point value instead of an integer, or some

CustomInteger class granted that it implements the required methods. Therefore, it is

difficult for SOM runtime systems to assume the type of a given value based entirely

on static information, and optimizations rely rather on observations made during run

time.

To return the correct result, “fib:” recursively calls itself, with method calls

referred to as message sends. Any message send in SOM first checks that the receiver

can receive the message, e.g. in this case checking that self refers to an object which

implements the method “fib:”, and then dispatches with the provided arguments.

Critically, as with Smalltalk, everything is an object, and so every operation in SOM

is a message send to an object. A message send is either to a SOM method or to a

primitive, which is standard terminology for a method implemented at the VM-level

because it requires access to information internal to the VM, or for performance

reasons. Notably, control flow mechanisms are not exempted from this rule. In our

example, “ifTrue:ifFalse:” is not some special keyword, but is itself a message

send to the SOM method of the same name that is defined in the Boolean class.

1 whileTrue: block = (
2 self value ifFalse: [ ^nil ].
3 block value.
4 self restart
5 )

LISTING 2.4: The whileTrue: method used for while loops in SOM defined in the
Block class.

As a more complex example, using a while loop in SOM is done using the

“whileTrue:” or “whileFalse:” methods defined on the Block class, e.g. by doing “[

check ] whileTrue: [ self doSomething ]”.

Listing 2.4 shows the implementation of the “whileTrue:” method. The condition

of the loop is the receiver, i.e. self, and is evaluated using self value, with value

being a primitive which executes a block and returns its final value. If this value

is false, the loop is exited by returning nil, and if it is true, the body of the loop is

executed with block value. Finally, the restart primitive is invoked, which returns
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execution to the beginning of the current block/method, i.e. right before checking

the loop condition, thus going back to the beginning of the loop.

These examples show just how ubiquitous message sends are in SOM, which is

why optimizing them is essential to achieve good run-time performance in our VMs.

2.3 Interpreter Optimizations

Interpreter optimizations are design decisions that improve the performance of an

interpreter, most notably its run-time performance. This section describes all major op-

timizations which are relevant to the design of our interpreters throughout this thesis.

They fall into two broad categories: structural optimizations to essentially short-cut

the generic SOM language semantics in well-known cases, and optimizations that

use run-time feedback and thus profiling to improve performance.

The majority of the optimizations described here are present in all of our inter-

preters. When describing each of our interpreters in later chapters, we will justify

which optimizations were implemented and how, as well as which were not imple-

mented and why.

We first go over all common interpreter optimizations in section 2.3.1, then we

focus on SOM-specific optimizations in section 2.3.2, before further narrowing the

scope by looking at optimizations specific to AST and BC designs in section 2.3.4 and

section 2.3.5.

2.3.1 Common Interpreter Optimizations

Polymorphic Inline Caching

Hölzle et al. (1991) introduced Polymorphic Inline Caches (PICs). PICs store the

lookup results at a given call site, thus avoiding the lookup cost on subsequent calls.

For instance, if a class implements the method virtualMethod:, any of its sub-

classes can then redefine a similarly named virtualMethod:. Any time a method with

this name is called, we need to identify the receiver (the class or any of its subclasses),

and lookup the method on it, such that it can be dispatched. Using PICs, for every

call site, after first looking up the method, we cache this lookup result alongside who
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the receiver class was. For any future calls to this specific method from this given call

site, the VM can instead check whether there exists a cache entry for the requested

receiver class, and if so immediately dispatch it without performing a method lookup.

If the receiver is not yet known, a regular method lookup is performed, and a new

cache entry for this new receiver is created.

The core assumption is that call sites will nearly always be monomorphic (only call

one method) or be polymorphic (call several possible methods) but rarely require more

than a few cache entries. In the pathological case, a call site becomes megamorphic, as

in it is so highly polymorphic that caching and looking up from the cache becomes

less efficient than performing the method lookup in the first place. To avoid this, a

maximum number of cache entries is usually set, which varies depending on the VM.

After this number is exceeded, the cache is discarded, and a normal lookup is done

before each call.

Inline caching is a seminal optimization, and it is still highly relevant today (Kaleba

et al. 2022). As SOM is a highly dynamic language with ubiquitous method calls,

PICs are essential to achieve good interpreter performance.

2.3.2 SOM-specific Optimizations

We isolate optimizations specific to the SOM language in this section. These optimiza-

tions could also be applied to languages with similar properties as SOM, and since it

is a Smalltalk dialect, they are also classic Smalltalk optimizations.

Global Variable Caching

Most languages have the notion of global variables, which can be accessed from any

part of the code. In SOM, they are used e.g. to represent class objects, though they

can also contain arbitrary values. Globals can be read like normal variables and are

mutable via a hash-table-like reflective API. Furthermore, access to undefined globals

triggers a reflective handler, which in the standard case will attempt to load a class

with that name.
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Since in most cases globals are only modified once, typically on loading a class

or setting an initial value, global variable accesses rely on caches to speed up future

accesses.

Inlining Control Structures

SOM uses classes and polymorphic methods to provide control structures, as seen

in section 2.2. This includes the methods for conditional branches with #ifTrue:,

#ifFalse:, and #ifTrue:ifFalse:, similar nil-specific methods with e.g. #ifNil:,

methods for loops with #whileTrue:, #whileFalse:, plus the counting loop #to:do:,

or logical operators with #and: and #or:.

While this design is a testament to the power of late binding, it makes achieving

good performance more challenging, as this means every control flow operation is as

expensive as a regular SOM method dispatch.

Therefore, all our interpreters optimize control structures by inlining them at the

AST or bytecode level. Thus, our BC interpreters will for instance translate calls to

methods for conditional branches into bytecodes when they have literal lambdas,

and inline the lambdas into the method with the call, avoiding method call overhead

for these lambdas.

Lowering of Basic Operations

As with control structures, basic operations such as arithmetic operations and com-

parison operators are provided as methods on classes. For example, the Integer and

Double classes have methods for +, -, <, >= etc. Some of these methods are imple-

mented as primitives directly in the interpreter. Others, including the >= methods,

are implemented in the SOM code library as normal methods relying on primitive

methods such as the one for <.

A basic SOM implementation would treat all these operations as normal polymor-

phic method calls, which is elegant but, because of the method call overhead, not

particularly fast. Therefore, our interpreters provide primitive versions for methods

implemented in SOM’s core library to improve performance.
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2.3.3 Direct Handling of Trivial methods

Our interpreters have the notion of trivial methods, a term which we use to refer to

very simple methods such as getters and setters, where we can avoid some of the call

overhead to speed up execution. We detect such methods during parsing, and mark

them as special-case methods that can avoid allocating a frame object and instead

directly perform their corresponding operations.

In our interpreters, a trivial method can be a method that only does:

• a trivial field read, e.g. returns the value of a field (getter method).

• a trivial field set, e.g. writes a value to a field (setter method).

• a trivial literal read, e.g. returns a literal string.

• a trivial global read, e.g. returns a global variable.

These trivial methods are based on methods which we found to be invoked in

our benchmark set. Though it could easily be extended to work with other simple

methods, we found these four kinds to bring performance benefits on a large amount

of benchmarks.

2.3.4 Optimizations Relevant to Both AST and BC

We now focus on optimizations used in BC interpreters, that can be linked to matching

optimizations in AST interpreters. For each, we highlight both the BC-specific and

AST-specific optimization, and explain how they may differ.

Quickening (BC), Self-Optimization (AST)

In a BC context, quickening (Brunthaler 2010a,b, 2021) is an optimization which uses

run-time feedback to rewrite bytecodes. Quickening can replace a generic operation

with a more specialized one, e.g., replacing a generic ADD bytecode with ADD_INT,

which only handles integers but can fall back to the generic case when needed.

This reduces the number of checks at run time and the code complexity of bytecode

handlers, which may have secondary effects such as a more effective use of instruction

caches.
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This is beneficial for dynamic languages, where even basic operators such as

addition can have complex semantics. For instance, the ECMAScript specification 3

defines eight steps, which include possible method calls and type coercions. In our

SOM interpreters, we use quickening e.g. to turn SEND bytecodes into less complex

Q_SEND bytecodes that rely on polymorphic inline caches.

Similarly, AST interpreters can be self-optimizing (Würthinger et al. 2012), meaning

nodes modify themselves to benefit from run-time feedback. For example, to optimize

a complex and generic AddNode for a language such as JavaScript, the node would

replace itself in the AST with one designed specifically for integer addition. In case

something other than integers is added, it can then rewrite itself to the generic version

to support the language correctly.

Another example would be rewriting a generic DispatchNode to a more complex

CachedDispatchNode, which also stores and uses cached values from a previous

dispatch. This highlights the flexibility of self-optimizing AST interpreters compared

to bytecode quickening. Given the compact nature of bytecode, a bytecode instruction

can only be dynamically rewritten to another that occupies the same amount of space

or less, without needing to start relying on side tables. On the other hand, since the

AST is typically represented as a tree of node objects connected by pointers, rewriting

can easily introduce a more complex structure if needed.

Many of the optimizations for such interpreters need to cheaply confirm a pre-

condition at run time, for instance, that the values being added are integers. Qunaibit

et al. (2018) perform a high-level analysis that allows to combine such guards, i.e.,

pre-condition checks, into megaguards, which may reduce the need to repeatedly

check the same precondition in an interpreter.

Self-optimizing AST interpreters were made more popular and easier to imple-

ment by the TruffleDSL, which is part of the GraalVM project, and enables the concise

implementation of many common patterns (Humer et al. 2014a). We later expand on

the design of GraalVM in section 2.4.2, when we focus on meta-compilation systems.

3Standard ECMA-262 Edition 5.1: The Addition operator, Ecma International, https://262.
ecma-international.org/5.1/#sec-11.6.1

https://262.ecma-international.org/5.1/#sec-11.6.1
https://262.ecma-international.org/5.1/#sec-11.6.1


2.3. Interpreter Optimizations 23

Superinstructions (BC), Supernodes (AST)

Superoperators (Proebsting 1995), more commonly known as superinstructions (Piumarta

et al. 1998), which are combinations of multiple bytecode instructions into a single,

more efficient instruction, reducing the number of bytecodes and so dispatch over-

head.

For instance, our bytecode interpreters have INC and DEC bytecodes, which in-

crement or decrement the top-of-stack value. We also always use a RETURN_SELF

superinstruction, since SOM methods return their self value if no explicit return is

specified.

Superinstructions can be arbitrarily complex. For instance, some of our inter-

preters implement the INC_FIELD_PUSH bytecode, which increments the value stored

in a field and pushes the result onto the stack. Without defining this superinstruction,

this would need to be expressed with a sequence of five bytecodes from the basic

SOM bytecode set as can be seen in listing 2.5.

1 PUSH_FIELD 0 # push the field value onto the stack
2 PUSH_CONSTANT 0 # push by reading from the literal array at idx 0
3 SEND + # send the + message to add the two values
4 DUP # duplicate the top of stack
5 POP_FIELD 0 # pop the top of stack, and write into the field

LISTING 2.5: Sequence of five basic bytecode instructions that is equivalent to the
INC_FIELD_PUSH superinstruction.

Inspired by superinstructions, supernodes (Larose et al. 2022) combines multiple

AST nodes into one, removing some node dispatch overhead Additionally, this

reduces the number of node objects needed to express a program, which lowers

memory use since we avoid a parent pointer, and object headers for our interpreters

that represent nodes with language objects and not structs. While supernodes are

not a key focus of this work, they are used in our AST interpreters, which are the

subjects of Chapter 4 and Chapter 5.

An example of a supernode mirroring the INC bytecode would be IntInc, which

we added to one of our AST interpreters. It is applied in situations where we have

an addition of a literal integer to a value obtained from an arbitrary subexpression.

This avoids the extra node for the literal value and specializes the addition to support
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1 class IntInc:
2 def constructor(value, child):
3 self.child = child # arbitrary subexpression
4 self.value = value # integer constant
5 def execute(frame):
6 return child.execute(frame) + value # avoids one call to execute()

LISTING 2.6: The IntInc supernode, which combines an Addition node, specializes
it to integers, and stores an integer value for the addition.

only integers. It also avoids a call to the execute() method of the literal node, as

illustrated in some example code in listing 2.6.

Both superinstructions and supernodes are selected and implemented based on

performance-sensitive patterns that we identified in the interpreters, by inspecting

large amounts of generated bytecode and AST. Since adding too many specialized

operations could potentially slow down the interpreters by increasing the number

of possible jump targets in the bytecode dispatch loop, or the number of call targets

in an AST virtual dispatch, we are careful not to add too many superinstructions or

supernodes to our interpreters. We therefore only define specialized bytecodes/nodes

for what we find to be frequent sequences of operations.

2.3.5 BC-specific Optimizations

This section focuses on optimizations specific to bytecode interpreters, which have

no clear equivalent in an AST context.

Threading

Since dispatching to the next instruction can take a large part of the runtime, it can

be valuable to optimize instruction dispatch itself. A common bytecode interpreter

optimization is to improve the bytecode dispatch using direct or indirect threaded

code (Bell 1973; Ertl et al. 2003)4. Both techniques engineer the loop structure such

that bytecode handlers do not jump back to the beginning of the bytecode dispatch

loop, but instead to the handler of the next bytecode in the sequence. In terms of

run-time performance, the more efficient of the two techniques is meant to be direct

threaded code, in which bytecode handlers all end with a jump instruction that takes

4Unrelated to multithreading, i.e. concurrent threads of execution.
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an instruction pointer corresponding to the body of the next bytecode handler in the

sequence.

This technique removes a jump instruction for each bytecode dispatch, since

handlers no longer jump back to the start of the bytecode loop which then jumps

to the next handler, but instead directly jump to one another. Though the largest

performance benefit from this technique is meant to stem from generating code

that is more amenable to the CPU branch predictor. For every bytecode dispatch, a

bytecode loop without this technique can dispatch to N possible bytecode handlers,

with N the size of the bytecode set. Therefore, it can be difficult for the branch

predictor to accurately predict jumps to bytecode handlers, leading to cache misses

and performance hits. Threading limits this issue by having jumps be at the end

of bytecode handlers, and using the knowledge that many handlers never jump to

all possible N bytecode handlers since bytecode exhibits patterns. For example, the

arguments of a method call can often be stored in local variables for the sake of

code readability, therefore we may find that a CALL bytecode is likely to come after a

PUSH_LOCAL.

While historically considered a major optimization for bytecode interpreters since

these indirect jumps are difficult to predict (Casey et al. 2007; Ertl et al. 2003), branch

predictors on modern CPUs have improved enough for instruction dispatch cache

misses to now be of less importance for interpreter performance than they were in the

past (Rohou et al. 2015). Our interpreters may also be considered high abstraction-level

interpreters (Brunthaler 2011), where the implementations of bytecode handlers are

complex enough that dispatch has a comparatively lower runtime cost, and so we

benefit less from optimizations targeting dispatch specifically.

So, our bytecode interpreters do not implement threading, for this reason and

others that we later discuss in section 4.4.1 and section 5.6.2.

Stack Caching

When relying on a stack-based bytecode interpreter, stack caching (Ertl 1995) can be

used to cache the N top-of-stack values.
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The intuition behind this optimization is that the vast majority of operations will

be performed on top-of-stack values, e.g. calling an ADD operation will take the top-

of-stack values as operands. Given this knowledge, stack caching stores these values

in special registers, essentially providing an interpreter design that lies in-between

stack-based and register-based.

The number of cached values can vary. For dynamic stack caching, the cost of

caching values is that for any N number of values that can be stored, one needs to

maintain N additional alternative implementations of every bytecode handler, each

corresponding to a different number of values being cached. This is necessary as

the interpreter needs to define valid behavior whether we currently have no cached

values, or 1, 2, ... N cached values.

Static stack caching instead engineers the compiler to keep track of the cache state

and generate code accordingly, instead of maintaining N copies of the interpreter.

However, it needs to ensure control flow joins rely on the same cache state no matter

what branch was taken, since it cannot dynamically dispatch to the correct specialized

bytecode handler like dynamic stack caching does.

Both stack caching approaches have the potential to improve the performance

of the interpreter, but both also require significant engineering effort. For instance,

dynamic stack caching requires essentially maintaining N versions of the main inter-

preter loop, which makes maintainability more difficult. For this reason, as well as

the uncertainty that this optimization would bring worthwhile performance gains,

our interpreters do not rely on stack caching.

2.4 Meta-Compilation

While interpreters are comparatively easy to implement, many applications need

just-in-time compilers (Aycock 2003) to reach their desired performance. For many

languages, one can likely build a simple JIT compiler with moderate effort. However,

highly optimizing JIT compilers, as known from Java and JavaScript virtual machines,

take hundreds of engineering years of effort.

Meta-compilation reduces the individual implementation effort by making just-

in-time compilers reusable and independent of any particular language. RPython
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and GraalVM are the main systems in this space. Both approach the problem by

compiling the executing program together with the interpreter that is executing it.

This combination provides the necessary specialization opportunities to produce

efficient native code that rivals custom-built state-of-the-art JIT compilers.

2.4.1 RPython: A Tracing Meta-Compiler

While most JIT compilers choose frequently executed methods as their compilation

units, tracing JIT compilers (Bala et al. 2000; Gal et al. 2006) use the trace of a concrete

execution path as their compilation unit typically starting at a loop header or a

method entry.

The RPython framework (Bolz et al. 2009, 2013b) uses tracing-based JIT compila-

tion to enable the meta-compilation of interpreters. It is known for PyPy, a widely

used Python implementation with JIT compilation. RPython interpreters use annota-

tions to indicate for instance which loops are relevant for JIT compilation, which is

then used by RPython to add a JIT compiler and garbage collection. While PyPy uses

bytecodes, AST interpreters work also well on RPython.

From an engineering perspective, this approach was found to be highly effective.

Marr et al. (2015) were able to build an interpreter with comparably low effort and

few code adaptations, the result being a language implementation with good peak

performance.

Listing 2.7 is an example of the bytecode dispatch loop of a RPython-based BC

interpreter, a simplified version of one of our interpreters in Chapter 4. The interpret

method is called for a guest-language method, and executes its bytecodes one after

the other. This means that each guest language method requires the allocation of

a new stack frame, and so that this interpreter is recursive in nature, with guest

language methods calling other guest language methods. We refer to this as a partly

recursive design, which we come back to in section 3.3.1.

To reach optimal performance, interpreter implementers can use annotations to

assist the JIT in making informed decisions. In our example, the interpreter uses

jitdriver.jit_merge_point to define a “merge point” where execution may fall back

to the interpreter if the code turns out to have been compiled based on incorrect
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1 def interpret(method, frame):
2 current_bc_idx = 0
3 stack_ptr = -1
4 stack = [None] * max_stack_size
5
6 while True:
7 # Define where the JIT may fall back to the interpreter
8 jitdriver.jit_merge_point(
9 current_bc_idx,

10 stack_ptr,
11 method,
12 frame,
13 stack,
14 )
15
16 bytecode = method.get_bytecode(current_bc_idx)
17
18 # Promote stack pointer (inform the JIT to assume it is constant)
19 promote(stack_ptr)
20
21 if bytecode == Bytecodes.push_global:
22 ...
23 elif bytecode == ...:
24 ...

LISTING 2.7: Example of a BC-based interpreter designed using RPython.

guesses. We also use the promote function to indicate that a value in a trace is to

be considered a constant, which allows subsequent optimizations. Examples of

annotations not shown in this code include specifying that loops within a function

can be unrolled if deemed beneficial (i.e. have the loop contents be duplicated for

each iteration), or promote all arguments of a given function, among others.

2.4.2 Graal: A Partial-Evaluation-based Meta-Compiler

Partial evaluation (Futamura 1999, Originally published in 1971) uses partial input to

derive an optimized program. The resulting program contains only computations

that depend on the missing input. When the partial input is user code and our

interpreter is the program to be partially evaluated, then the result is a compiled

version of the user code, which can execute efficiently once the user input is provided.

This is considered to be the first Futamura projection, effectively introducing the

notion of meta-compilation.

GraalVM uses this approach to partially evaluate an interpreter for a user program,

effectively just-in-time compiling it (Würthinger et al. 2017, 2013). Instead of using

tracing, the Graal compiler starts from methods and uses aggressive inlining to
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determine compilation units. This has the drawback that it cannot rely directly on

the values of a concrete execution, as RPython can. Instead, GraalVM relies on

interpreters to collect information about types, values, and taken branches while

executing, and for them to encode it in the program representation, i.e., the AST,

bytecode, and other profiling data structures. Interpreters would typically use self-

optimizations, quickening, and similar forms of profiling. The Graal compiler will

use the information during partial evaluation to compile an optimized program,

eliminating most if not all of the interpreter code in the process.

GraalVM can be used either on top of the HotSpot JVM, or ahead-of-time-compiled

with GraalVM Native Image (Wimmer et al. 2019). The native image mode is sim-

ilar to how RPython would typically be used, and results in a native binary of the

interpreter.

Marr et al. (2015) found that interpreters for partial-evaluation-based compilation

required more engineering effort, since they need to collect profiling data explicitly.

However, GraalVM also had higher peak performance compared to RPython, though

with longer warmup phases (which we later observe ourselves in section 4.3.3).

1 public abstract class AdditionNode extends Node {
2
3 @Specialization(rewriteOn = ArithmeticException.class)
4 public static final long doLong(final long left, final long argument) {
5 return Math.addExact(left, argument);
6 }
7
8 @Specialization
9 @TruffleBoundary

10 public static final Object doLongWithOverflow(final long left, final long arg) {
11 return BigInteger.valueOf(left).add(BigInteger.valueOf(arg));
12 }
13
14 @Specialization
15 public static final double doDouble(final double left, final double right) {
16 return right + left;
17 }
18
19 @Specialization
20 @TruffleBoundary
21 public static final Object doBigInt(final BigInteger left, final BigInteger

right) {
22 return left.add(right);
23 }
24
25 ...

LISTING 2.8: Example of an AST node in a Truffle/Graal-based interpreter.
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Listing 2.8 shows an example, taken from our Truffle-based AST interpreter which

we rely on in Chapter 4. The class AdditionNode inherits the type Node, provided by

Truffle, and implements addition for all possible inputs. For instance, the method

doLong will be called if both inputs are of type long, and doDouble if both inputs are

of type double. This is enabled by the @Specialization annotation, which specifies

that each of these methods corresponds to one node specialization, i.e. a possible

state for the node to be in (assumed to always take that input). When compiling, the

specialization of a node will be assumed to be constant, which enables optimizations

accordingly. Code will be generated by the framework to automatically shift from

one specialization to another at run time, as needed. Specializations can specify what

may trigger a change to another specialization, seen here with doLong and rewriteOn

= ArithmeticException.class, making it such that an ArithmeticException (e.g.

an overflow) will change the specialization of this node to one that enables these

new semantics (doLongWithOverflow). As another example of compiler annotation,

@TruffleBoundary specifies a boundary for partial evaluation, as in, the aggressive

inlining done by Graal, should not be performed for this method.

2.5 Garbage Collection

Garbage Collection (GC) is a form of automatic memory management, usually pro-

vided directly by the language implementation. A garbage collector provides mecha-

nisms to allocate new objects on a heap, identify live objects (i.e. objects that are still in

use), and reclaim any free memory found. Objects are automatically tracked, and are

collected when they are no longer live, in contrast to manual memory management

e.g. in C, where all memory must be manually allocated and de-allocated by the user.

Given the cognitive overhead from manual memory management and consider-

ably larger risk of security issues (e.g. memory leaks, use-after-free errors), many

languages opt to manage memory by relying on garbage collection.

This section serves as an overview of some GC approaches within a vast and

complex field, focusing only on the approaches relevant to our interpreters. Our meta-

compilation-based systems (seen in Chapter 4) are not concerned with implementing

GC themselves, as it is already provided by the underlying meta-compilation systems.
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Therefore, this section is most relevant to our Rust-based interpreters, which are the

focus of Chapter 5.

This highlights that while our meta-compilation-based interpreters benefit from

mechanisms provided by meta-compilation frameworks, e.g. garbage collection,

our Rust-based interpreters do not. When relevant in this work, we will refer to

interpreters that are not based on meta-compilation as pure interpreters.

2.5.1 Reference Counting

One simple approach to implementing garbage collection is to use reference count-

ing (Collins 1960). With this technique, GC objects hold a counter corresponding to

the number of live references to the object in question. When the counter reaches 0,

the language implementation knows that the object is not used by any part of the

system and therefore that it should be garbage collected.

In naive reference counting, the counter is always incremented when a reference

to the object is created, and gets decremented when a reference goes out of scope and

so stops being live. While functional, this approach often struggles with cycles. If

an object holds a reference to another object that itself holds a reference to the first

one, whether that reference is direct or transitive (i.e. through an object chain), then

this forms a cycle that will never get freed. This issue needs to be circumvented

carefully using weak (non-counted) references, ensuring that cycles cannot be formed,

or perhaps implementing a way to detect cycles.

Moreover, naive reference counting tends not to perform well. The counter then

needs to be managed every time a new reference is created or removed, which are

highly common operations, thus compounding into taking a non-trivial part of the

overall runtime. However, more modern and complex reference-counting-based

approaches (Zhao et al. 2022) may update counters in more efficient ways.

2.5.2 Tracing Garbage Collection

While reference counting keeps a counter on a per-object basis, tracing garbage

collection approaches instead periodically identify live objects by tracing (or scanning)

the object graph.
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A set of root objects is defined to serve as the base from which to start traversal,

and edges are pointers to other objects. Each object found gets traced by finding its

potential edges to other objects, and those new objects are recursively traced in turn

until no new objects can be found. All objects not in the final graph are deemed not

live since they are not reachable and so get discarded.

During tracing, the state of the VM must not be modified as to make the object

graph no longer up-to-date and accurate. For non-concurrent tracing GCs, this usually

means tracing happens after the VM stops the world, meaning that it halts its normal

execution until tracing is complete. This can happen e.g. when all the memory has

been used, and the runtime system needs to reclaim some memory to make room for

new objects.

A common and simple approach to tracing GC is mark-and-sweep (McCarthy 1960),

where a mark phase marks all reachable objects, and a sweep phase discards all other

objects. Other approaches may partition the heap, such as semispace (Fenichel et al.

1969), where objects are all allocated within one half of the heap (the from-space), and

any collection will move all live objects to the other half (the to-space) before making

the from-space become the new to-space, and vice-versa.

There exist many more modern and complex tracing GC implementations such

as hybrid approaches with reference counting (Bacon et al. 2004; Zhao et al. 2022),

or mark-region collectors (Blackburn et al. 2008), though our interpreters rely on less

complex GC approaches.

2.6 Overview of the Rust Language

Rust (Klabnik et al. 2023) is a general-purpose programming language with a focus

on performance and memory-safety. It aims to supersede low level languages like

C or C++, by offering similarly high performance. This section provides a short

overview of the language in which we have written interpreters that we focus on

in Chapter 5. We aim to provide an introduction to the language for readers who

may be unfamiliar with it, establishing a base to explain some of the design decisions

taken in our Rust-based interpreters.
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The Rust language is interesting for our purposes since it offers high performance

while offering more safety guarantees than C and C++. This allows us to write

efficient implementations, while benefiting from its safety mechanisms, though they

can also be circumvented using the unsafe keyword (as we will see in section 2.6.3).

Rust does not feature manual memory management like C or C++, nor is it a

garbage collected language. Instead, memory is managed by abiding by ownership 5

rules, which we describe in the next sections.

2.6.1 Ownership

Ownership rules define which values can “own” data, as well as when this data

gets freed. These rules are enforced statically, that is, programs which break any

ownership rules will not compile. The rules are as follows:

• each value must have an owner.

• there can only be one owner at a time.

• a value is dropped when its owner goes out of scope.

1 let a = Box::new("hi");
2 let b = a; // ownership of value transferred to b
3 print!("{}", a); // ERROR: a no longer owns its value!

LISTING 2.9: Example of ownership in Rust.

Listing 2.9 shows an example. We allocate a string "hi" on the Rust heap using the

Box pointer type. This value is then associated with the variable a. By then performing

the operation b = a, we transfer ownership of the string from a to b, making b the new

owner of that string. If we then tried to access the value through a, we would get a

compilation error, as it no longer owns the value at this point in time, and b is now

the only way of accessing it. And finally, assuming that we removed the final invalid

line to allow compilation, as we exit the scope in which b was defined, the owner b of

the string would go out of scope, and so the string would be freed.

5https://doc.rust-lang.org/book/ch04-00-understanding-ownership.html

https://doc.rust-lang.org/book/ch04-00-understanding-ownership.html
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By enforcing the rule that all values have owners, Rust guarantees that it will

always be able to reclaim memory used by the program, since memory is owned by

variables, and will necessarily be freed when these owners go out of scope.

2.6.2 Borrowing

Since one also needs to reference data, Rust features several pointer types, but the

most notable is references, which are pointers with safety guarantees. As they refer

to existing values without taking ownership of them, creating a reference is referred

to as borrowing. They are represented with an & and can be two distinct types, either

immutable (&T) or mutable (&mut T). The value referred to by an immutable reference

cannot be accessed mutably, while any value referred to by a mutable reference can be

access mutably and immutably. Crucially, for a given value, immutable and mutable

borrows cannot coexist. Moreover, a value may be borrowed immutably an arbitrary

number of times, but may only be borrowed mutably once.

1 let a = 42;
2 let r1 = &a;
3 let r2 = &a; // OK: several immutable references allowed
4 let r3 = &mut a; // ERROR: immutable references exist!

LISTING 2.10: Example of references and borrowing in Rust.

Listing 2.10 shows a code example. Given a variable a, we can create several im-

mutable references r1 and r2. Neither of these immutable references shift ownership

of 42 away from a, an arbitrary amount of them could be created, and they cannot

be used to modify the value itself. The value owned by a can only be modified if we

created a mutable reference, such as r3. However, attempting to create this mutable

reference leads to a compile-time error, since there are live immutable references

when r3 gets instantiated, namely r1 and r2.

2.6.3 Unsafe Rust

In the previous sections, we described Rust ownership rules, which are restrictions

imposed by the Rust language to ensure memory safety. Though, Rust also provides

a mechanism to circumvent these rules and perform operations that cannot be guar-

anteed to be safe by the type system, using the unsafe keyword to wrap code blocks.
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Unsafe Rust has the same semantics as regular Rust, but allows operations that are

normally forbidden. Notably, while safe Rust allows the creation of any raw pointer

(e.g. *const usize), only unsafe Rust allows dereferencing them, meaning that unsafe

Rust allows the access and modification of arbitrary memory, which may introduce

undefined behavior.

A frequent use of unsafe Rust is to provide more performance, as it grants a large

degree of freedom that can be often used to implement more efficient solutions than

safe Rust would allow. A simple example is using unsafe to circumvent run-time

safety checks. An Option<T> type may correspond to a Some(T) or None, and the

unwrap method will check which one it is and return the corresponding underlying

value. But unsafe Rust also allows the usage of the unwrap_unchecked method, which

returns Some(T) without performing any safety checks, with the program failing if

the value was actually a None type. This is easy to misuse, but can achieve better

performance by avoiding run time checks if one knows that they are avoidable in

practice, even if one cannot necessarily inform the Rust typesystem itself that it

is known that this operation will always succeed. This is useful when designing

programs that care about attaining good run-time performance, e.g., programming

language interpreters. Though, we use the unsafe keyword sparingly, as we are

mindful of potential misuse potentially breaking execution.

Using unsafe is also useful when implementing garbage collection (see section 2.6)

in Rust, since garbage collection can easily be at odds with Rust ownership rules as

it intrinsically requires widespread control over a large amount of heterogeneous

memory. unsafe code is relevant to Chapter 5, where we use it both to achieve better

performance in some parts of our interpreters, and to more easily implement highly

efficient garbage collection.

2.6.4 Garbage Collection in Rust

As we have implemented garbage collection in our Rust-based interpreters, we

dedicate this section to describing existing approaches that provide GC in Rust.

Though we will later see that our Rust-based interpreters do not use a Rust-specific
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GC approach, but instead rely on a language-agnostic GC framework, namely MMTk

(see section 5.3.1).

For most Rust programs, ownership rules are sufficient to manage memory,

potentially working with the standard library types Arc<T> and Rc<T>, which provide

a simple reference counting (see section 2.5.1) approach to garbage collection, though

one that cannot easily free cycles.

So, some programs may benefit from managing memory using tracing GC, and

while it is not part of the language core, some libraries provide means to use tracing

GC in Rust. Examples include rust-gc (Goregaokar 2015), shredder (shredder 2019),

gc-arena (West 2024), shifgrethor (Aronson 2018), among others.

An alternative approach is that of Alloy (Hughes et al. 2025), which is not a library

but instead engineers Rust itself, and uses conservative garbage collection to provide

a Gc<T> as part of the standard library.

2.7 The Are We Fast Yet Benchmark Suite

For our experiments throughout this thesis, we will rely on the Are We Fast Yet

(AWFY) benchmarks (Marr et al. 2016). This suite includes five macro-benchmarks,

which behave similarly to parts of applications, and nine micro-benchmarks, which

focus on narrow aspects of runtime systems. This gives us sufficient breadth for

our experiments. We give an overview of all benchmarks in section 2.7, which

provides a short description for each of them. Moreover, we provide additional

information about the benchmarks in appendix A.1, such as their size and observed

polymorphism.

They are designed for cross-language benchmarking, which allows us to compare

our interpreters to state-of-the-art implementations such as Node.js or OpenJDK, to

contextualize our performance results when relevant.

They are also designed to exercise the common language abstractions of object-

oriented languages. As mentioned in section 2.2, the SOM language shares the

typical implementation challenges with other major dynamic languages: specifi-

cally, it has objects, classes, collections, lambdas, and exception-like constructs. The

Are We Fast Yet benchmarks exercise specifically this common core, and as such, our
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Name Description

CD Simulation of an airplane collision detector.
DeltaBlue Classic VM benchmark implementing a constraint solver.
Havlak Implements a loop recognition algorithm.
Json JSON string parsing benchmark.
Richards Classic benchmark simulating an OS kernel.

Bounce Simulates a ball bouncing within a box.
List Recursively creates and traverses lists.
Mandelbrot Calculates the classic fractal.
NBody Simulates movement of planets in the solar system.
Permute Generates permutations of an array.
Queens Solves the eight queens problem.
Sieve Finds prime numbers using the sieve of Eratosthenes.
Storage Creates and verifies a tree of arrays to stress the garbage collector.
Towers Solves the Towers of Hanoi game.

TABLE 2.1: Overview of all Are We Fast Yet benchmarks. The five macro-benchmarks
are at the top, and the nine micro-benchmarks underneath.

experiments on SOM evaluate aspects common to a wide range of languages. With

this, we believe our results on SOM to generalize to a wide range of other languages

of a similar kind, which includes but is not limited to JavaScript, Python, and Ruby.

The key limitation of this benchmark set is that they are relatively small, and with

most benchmarks, the results may not generalize to any particular application.
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Chapter 3

Overviewing The Interpreter

Design Space

3.1 Introduction

As seen in section 2.1, interpreters are a lightweight and efficient way to implement

a programming language, with two typical approaches identified by the program

representation used: abstract syntax tree (AST) or bytecode (BC).

The distinction between AST and bytecode is however not as clear cut as one

might expect, and interpreter designs can blur the line between the two. Many

characteristics commonly associated with AST interpreters can be found in BC inter-

preters, while conversely a BC interpreter can be implemented like an AST interpreter.

Representations such as serialized ASTs lie in between AST and BC representations,

being linear and tree-like simultaneously. As such, strict definitions for AST and BC

interpreters are less useful for designs that lie in the middle.

This chapter examines commonly held opinions about the characteristics of AST

and BC designs, and highlight various hybrid interpreter designs that challenge

these assumptions. Based on these observations, we provide an overview of the

interpreter implementation design space, comparing different design decisions and

their trade-offs. We posit that AST and BC are not separate designs but rather the

ends of a spectrum, and we contribute a novel spectrum-based characterization of

interpreter designs from AST-like to BC-like, recognizing the benefits of either utilizing

the host language, or moving closer to the target machine. From this high-level

overview of the interpreter design space, we establish a set of traits which we believe
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to be associated with AST-like and BC-like designs. This chapter thus serves as

a foundation for Chapter 4 and chapter 5, which focus on AST-like and BC-like

interpreters implemented using different languages and within different contexts,

such that we can justify design decisions as being associated with traits which are

typical of AST or BC interpreters, specifically. We summarize the findings in this

chapter in section 3.5, where we outline key traits associated with AST-like, and

BC-like interpreters.

3.2 AST and BC: Commonly Held Opinions

To lay the groundwork for a discussion of the differences between AST and BC, this

section highlights the design decisions and attributes which are most commonly

associated with either design. We find these observations useful for reasoning about

interpreter design as a whole, and so several of them later help us formulate design

dimensions for what we define as AST-like and BC-like interpreters, in section 3.5.

Though, importantly, we find that none of these observed traits is a clear indication

that an interpreter is strictly AST or BC, since we highlight counterexamples for each

of them.

3.2.1 Assumptions About Performance

AST interpreters are often criticized for their performance. Section 2.1.1 discussed the

visitor-based AST interpreter design, which is considered to result in low run-time

performance, since it requires two method dispatches for each operation: one to the

node’s accept method, which takes the visitor as argument, and then one to invoke

the visit method, which implements the node type’s behavior.

Reducing dispatch overhead has long been identified as a valuable optimization

target for interpreters (Basso et al. 2023; Bell 1973; Casey et al. 2007; Larose et al. 2022),

as it can take up a large portion of the run time.

Consequently, AST designs that aim to minimize run-time overhead tend to

choose a structure where the next node is invoked with a single method dispatch.

Such a design may be a naturally recursive design as discussed in section 2.1.1.

However, each node requires a virtual dispatch to an execute method. Moreover, in
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AST-based designs, nodes can vary in size and are therefore often stored as separate

heap objects accessed via machine-word-sized pointers, making them less compact.

Such nodes are typically also not guaranteed to be adjacent to each other, possibly

causing suboptimal cache behavior. Therefore, such AST designs are often criticized

for doing pointer chasing, which limits their performance.

Thus, the less compact structure of an AST contributes to the idea that AST-based

designs offer worse performance than BC-based ones. Practical examples of this

include Ruby and JavaScript implementations. Ruby’s implementation started out

as an AST interpreter, but was replaced by a bytecode interpreter to increase run-

time performance (Sasada 2005). Similarly, Webkit’s JavaScript engine replaced an

AST-based interpreter with a BC one, citing performance as a key motivation for

this change.1 Since run-time performance is often a major concern for language

implementers, relying on bytecode instead of AST is often viewed as natural. We will

revisit the notion that ASTs are less compact in section 3.2.3.

3.2.2 Recursive versus Iterative

The AST interpreters discussed in section 2.1.1 use recursion, as an AST is a recursive

data structure. Seaton (2016) writes “An AST interpreter executes a program by

recursively walking its AST”. To compare AST and BC interpreters, Zhang et al.

(2014) write “A bytecode interpreter is iterative [...] An AST interpreter on the

other hand is recursive”, making it a common distinction between both designs.

So, execution of an AST is typically thought of as walking the tree structure in a

recursive fashion, accessing one node, then its children, with each node execution

being a function call, thus on the host language call stack. CPS-style interpreters as

described in section 2.1.1 may rely on tail-call elimination to turn function calls into

direct jumps, rather than requiring the allocation of new frames on the host stack.

In contrast, bytecode interpreters tend to avoid relying on the host language call

stack. Since the bytecodes are already a linearization of a possible AST, they are

handled one by one, instead of recursing on an AST.

Although it is a natural way to implement an AST interpreter, we do not view

recursion as a mandatory characteristic of an AST-based design. We give examples of
1https://webkit.org/blog/189/announcing-squirrelfish/

https://webkit.org/blog/189/announcing-squirrelfish/
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non-recursive AST designs in section 3.3.2, and of recursive BC-based interpreters in

section 3.3.1 for instance on top of Truffle (see section 2.4.2).

3.2.3 Non-Compact versus Compact

A bytecode instruction is typically represented by one byte or a few bytes. Both

Smalltalk-80 and Java Virtual Machine used designs that are roughly one byte for the

opcode, and zero or more bytes to encode additional arguments (Goldberg et al. 1983;

Lindholm et al. 1999). CPython uses two bytes per bytecode, one for the opcode and

one for an optional argument.2

A sequence of bytecodes is executed one by one, though, jump bytecodes can

change the control flow by specifying an offset or bytecode index to be executed

next. Bytecodes are usually designed with a constant number of arguments for a

given opcode, which means they have a specific size, after which the next bytecode is

encoded. A bytecode sequence is thus representable as a contiguous and compact

byte array.

In contrast, an AST is often a less compact and non-contiguous data structure in

memory. As a tree structure, its nodes are linked by edges, which can be naturally

modeled using pointers. Thus, a simple AST would be based on heap objects for

instance for interpreters using the visitor pattern (Gamma et al. 1994) or Truffle-based

implementations (Humer et al. 2014a; Würthinger et al. 2012). Since any given node

with children nodes needs to store pointers to them, any node with children will

need more memory than a typical bytecode. This makes AST interpreters likely to

require more memory overall. When comparing AST and BC interpreters on top of

meta-compilation systems, we later confirm this in this thesis (see section 4.3.4) that

ASTs use more memory than bytecode to represent a program.

Since linearized instructions are usually stored in a compact contiguous encoding,

they better utilize CPU cache lines, while the non-contiguous encoding of an AST

is more likely to incur cache misses when dispatching the next instruction. This is

likely one of the reasons why AST interpreters are known for being slower than BC

2 https://github.com/python/cpython/blob/275056a7fdcbe36aaac494b4183ae59943a338eb/
InternalDocs/interpreter.md#instruction-decoding

https://github.com/python/cpython/blob/275056a7fdcbe36aaac494b4183ae59943a338eb/InternalDocs/interpreter.md#instruction-decoding
https://github.com/python/cpython/blob/275056a7fdcbe36aaac494b4183ae59943a338eb/InternalDocs/interpreter.md#instruction-decoding
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interpreters. However, an AST can also be represented as a compact structure, which

we explore in section 3.3.3.

3.2.4 Inefficient versus Efficient Control Flow

AST interpreters that do not utilize continuation-passing style, are often criticized

for having inefficient control flow. Basso et al. (2023) observed that “widely used

implementations of AST interpreters rely on costly run-time exceptions to model the

control flow of the interpreted language.” Basso et al. work with AST interpreters

based on the TruffleDSL.

In this and similar interpreter implementations, control-flow mechanisms in the

guest language such as non-local returns, exceptions, or leaving a loop early with

constructs like a break keyword, may require the use of an exception-like mechanism

in the host language. These interpreters are recursive, but do not utilize tail-call

optimizations and rely on the host language stack. For host languages such as

Java, run-time exceptions are the only available mechanism to unwind the host

stack (Nystrom 2021 ch. 10).

In contrast, bytecode interpreters are commonly designed to be not bound by

either host language stack or other host language mechanisms. Thus, they are

often non-recursive and realize control flow as either JUMP bytecodes or explicit

manipulation of the guest-language stack representation, which can let complex

control flow be more easily represented, and potentially more efficiently.

However, the cost of non-local control flow is not an issue for all types of AST

interpreters. For instance, in continuation-passing style, the problem is trivially

avoided by making the continuation explicit and passing it on. Thus, it is rather a

consequence of how guest-language function application is realized. If the interpreter

uses recursion, exceptions or similar costly features are needed. If the AST interpreter

is non-recursive, as for instance illustrated in section 3.3.2, then its stack and control

flow can be manipulated more directly.

This idea of avoiding being constrained by the host language has been around

for a long time, as Sussman et al. (1975) wrote for the Scheme interpreter: “we must

not use recursion in the implementation language to implement recursion in the
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language being interpreted. [. . . ] The reason for this is that if the implementation

language does not support certain kinds of control structures, then we will not be

able to effectively interpret them.”

3.2.5 Source-like versus Hardware-like

An AST is typically designed to closely resemble the syntax of the guest language

code. While a parser may omit irrelevant elements and decompose high-level syntax

into more fundamental AST nodes, it stays close to the guest language.

Bytecode is, however, an instruction set for a virtual machine, often resembling a

stack or register machine (Shi et al. 2008) and thus, is inspired by hardware instruc-

tion sets (D’Hondt 2008). Consequently, bytecode is typically closer to hardware

instruction sets than it is to the syntax of the guest language.

However, this is a rather vague pair of contrasting traits, since “resemblance” is

not a specific term itself, as it could refer to different characteristics and to varying

degrees of closeness. On the one hand, a bytecode set could be designed to be “source-

like” by having each bytecode have a direct equivalent as a source code keyword or

construct, e.g. a loop bytecode as used by Wasm (Rossberg 2022). One can then fairly

directly reconstruct the source code from the bytecode. On the other hand, an AST

interpreter could more closely resemble hardware instruction sets by relying on some

GotoNode to traverse the tree using direct jumps, or have nodes manipulate a global

set of registers.

We find this distinction between source and hardware interesting nonetheless,

as it highlights that the proximity between AST designs and source code, and the

proximity between BC designs and hardware. We base our definitions of the terms

AST-like and BC-like on similar ideas, as we later see in section 3.4.

3.3 Hybrid Interpreter Designs: AST or BC?

In the previous section, we highlighted characteristics from the literature that are

typically associated with AST interpreters or BC interpreters. However, there are

counterexamples which prevent clearly categorizing each characteristic as either
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belonging to AST or BC interpreter designs. This section discusses designs that lie in

between AST and BC.

3.3.1 Recursive Bytecode Interpreter Designs

While bytecode interpreters generally traverse bytecodes iteratively, their overall

design may still rely on recursion for the implementation of function application.

While this partly-recursive design is uncommon in classic bytecode interpreters, in our

experience it helps meta-compilation systems such as RPython (see section 2.4.1) and

the GraalVM (see section 2.4.2) to produce better just-in-time-compiled code (Marr

et al. 2015), by more explicitly separating frame objects, i.e., activation records. For

example, the SOM bytecode interpreters (Larose et al. 2023; Marr et al. 2015) on

RPython and the GraalVM have a classic bytecode loop within a single function,

but instead of representing all state in a frame object for the guest language, the

bytecode index is kept in a local variable, and the function with the bytecode loop

is invoked recursively for guest language functions. We gave an example of this

design in section 2.4.1. This design helps both meta-compilation systems, and is even

enforced on top of GraalVM.

Thus, while these interpreters are bytecode interpreters, they also rely at their core

on recursion, which moves them closer to what one would consider AST interpreters.

For us, this means that the code representation (AST or BC) and the interpreter design

strategy (recursion or iteration) can be independent of one another in specific aspects.

In the following section, we explore this design dimension by discussing how an AST

interpreter can be designed without relying on recursion.

3.3.2 Non-recursive AST Interpreter Designs

Since any recursive algorithm can be turned into an iterative one by using an explicit

stack, interpreting a tree does not have to be done using recursion. Thus, one can

implement an AST node dispatch loop similar to a bytecode dispatch loop, which

stores and executes a current node instead of a bytecode index pointing to the current

bytecode.



46 Chapter 3. Overviewing The Interpreter Design Space

Dispatching the next node in the sequence could still be handled by reading from

any given node and finding out the address and type of its potential children, but

it would not rely on the host language and dynamic dispatch to execute the next

node and instead be dispatched by the main AST loop. Such a design may handle

values on its own stack or set of registers. It would rely less on the host language

and therefore help with efficiently representing more complex control flow, as seen

in section 3.2.4. Crucially, the AST representation remains the same, with nodes still

being distinct heap objects.

Interpreters in this style can be found, among other examples, in implementa-

tions of the Scheme programming language. Scheme supports first-class continua-

tions, so any interpreter for Scheme in a host language without this feature cannot

use the host program stack. For example, Dybvig (1987) describes a Scheme in-

terpreter that compiles code into a kind of tree-based intermediary representation,

which can be efficiently interpreted by an iterative interpreter based on the SECD

abstract machine (Landin 1964). Similarly, continuation-passing style, as discussed

in section 2.1.1, is often used for implementing Scheme interpreters, as it elides the

stack entirely and instead represents on-hold computations as continuations in the

heap (Felleisen et al. 1987; Sussman et al. 1975).

As mentioned in section 3.3.1, these examples further support the point that the

interpreter representation and the main strategy used in the design of the interpreter

(recursion or iteration) are independent of each other.

3.3.3 A Bytecode-like AST Interpreter Design

As noted in section 3.2.3, an important difference between AST and BC interpreters

appeared to be that bytecode is a more compact representation, with ASTs often being

made up of individual objects instead. Edges are commonly represented by pointers,

and the AST nodes themselves can be scattered in memory, preventing an optimal

use of CPU cache lines.

However, depending on the host language, it can be fairly natural to place the

tree node consecutively in memory and represent edges implicitly or with compact

offsets instead of machine-word-sized pointers. Thus, every node knows its own
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position, and instead of a pointer, children are found by their offset from the parent

node. Because of Rust’s restrictions around pointers, such a representation can be

more desirable.3 This assumes that the nodes are not moved or changed in size

so that the offsets are constants. For memory use, this type of representation is

beneficial since offsets can typically be much smaller than generic pointers. Such

an interpreter could be considered a serialized AST interpreter. One example is the

Gibbon compiler (Vollmer et al. 2017), that transforms a tree structure into a packed

version of itself by doing a pre-order serialization pass.

However, by packing the tree structure, the difference between an AST and

bytecode becomes much smaller.

Since AST traversal can be implemented in a main dispatch loop (see section 3.3.2),

a recursive traversal of the tree (section 3.2.2) is not necessary. With such an interpreter

design, we rely on a flat and compact data structure (section 3.2.3) and can also avoid

recursion for function application, which would allow us to handle non-local control

flow (section 3.2.4) efficiently. At this point, we have all traits typically associated

with bytecode instead of AST interpreters.

3.3.4 AST-like Bytecode Interpreters

Expanding on the previous section, it is possible to implement a bytecode interpreter

in an AST-like manner. Some interpreters implemented with the TruffleDSL (Humer

et al. 2014a), originally designed for AST interpreters, were instead implemented as

bytecode interpreters.

GraalSqueak (Niephaus et al. 2018) is designed to execute Squeak/Smalltalk

bytecode, but models each bytecode as a Truffle node object. It features a main

bytecode dispatch loop where each bytecode object is executed by calling a virtual

execute method, a method shared by all AST nodes in Truffle. Since it is explicitly

defined to execute a bytecode set, the authors specifically refer to it as a bytecode

interpreter, although each bytecode is represented by an AST-like node object, which

comes with the memory overhead of objects instead of being a compact bytecode.

3An example for a use in Rust: Flattening ASTs, Adrian Sampson, 2023-05-01: https://www.cs.
cornell.edu/~asampson/blog/flattening.html

https://www.cs.cornell.edu/~asampson/blog/flattening.html
https://www.cs.cornell.edu/~asampson/blog/flattening.html
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Sulong (Rigger et al. 2016) is another bytecode-based design on top of Truffle

which interprets LLVM bitcode. It relies on a main dispatch loop similar to bytecode

interpreters and GraalSqueak, but only to dispatch LLVM basic blocks. The instruc-

tions within basic blocks are represented using AST-like node objects. They explicitly

refer to their implementation as a “hybrid bytecode/AST interpreter approach”,

showing that it is not easily categorized as either AST or BC.

3.3.5 Conclusion

Given that many of these examples blur the line between AST and BC designs, a

natural question may be how one can categorize any of these designs as either AST or

BC. It may be possible to come to an agreement on a clear definition of both terms, for

example, deem any interpreter to be a BC interpreter if and only if its representation

is compact and has reified jumps as direct offsets.

In our eyes, however, this is not the most valuable angle of approach. Although

it might be possible to precisely define the terms AST and BC, these hybrid designs

highlight that interpreter design is not easily represented as a binary choice between

two distinct representations.

3.4 Design Trade-offs: AST-like and BC-like

In the previous section, we explored different hybrid interpreter designs that were

neither clearly AST nor bytecode interpreters. Based on this, we argue that inter-

preters can be somewhere in-between two possible extremes and have traits that put

them closer to an AST or a BC design. In other words, we argue that interpreters can

be more or less AST-like and BC-like.

3.4.1 AST-like and BC-like: Host Language and Target Machine

We find it useful to conceptualize AST and bytecode interpreters on a spectrum,

which we show in fig. 3.1. On one end, we have a AST interpreter, recursive and

relying on virtual dispatch, e.g., with a visitor-based or naturally-recursive design

(see section 2.1.1). On the other end, we have a well-performing interpreter that relies
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on a compact program representation and a main dispatch loop, i.e., a traditional

bytecode interpreter (see section 2.1.2).

AST-like BC-like
recursionvirtual dispatch

sparse, separate objects

main dispatch loop

compactlinear

FIGURE 3.1: Spectrum from AST-like to BC-like, with characteristics that may more
closely identify with one end than the other. The left end benefits from the host

language, and the right end minimizes distance with the target machine.

A key distinction between both is that one maximizes the use of the host language

and the other intentionally avoids depending on it, to instead attempt to maximize

performance by minimizing the distance with the underlying machine4. Therefore, we

define AST-like as benefiting from host language abstractions and BC-like as minimizing

distance with the target machine.

Based on section 3.2, we conclude that AST interpreters are commonly assumed

to rely heavily on host language features and abstractions (and so tend to rely on host

languages structured similarly to the guest language, which can otherwise lead to

semantic mismatch - see section 3.4.4). Many typical AST designs use recursion to

traverse the representation, which relies on the host language call stack. They usually

navigate from one node to another by dereferencing a pointer and invoking a method

on the node, for instance to execute a subexpression. To return to the parent, they

simply return from the method call. However, to return from nested expressions e.g.

when throwing a guest language exception, they may use host-language exceptions

to unwind the host language call stack.

Bytecode interpreters, on the other hand, tend to implement these operations

explicitly with data structures they have full control over. For example, they may use

offset-based jumps for local control flow or modify a list of activation records when

handling a guest language exception.

Bytecode sets are generally designed to be a linearized and compact program

representation. This has the benefit of fitting multiple bytecodes in a single CPU

cache line, which can be important for performance. Thus, when we say BC-like

4We assume that the machine in question has a Von Neumann architecture, and is not e.g. a LISP
machine, which is outside the scope of this work.
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interpreters minimize the distance with the target machine, this does not require that

bytecodes match hardware instructions. Instead, we mean that the overall interpreter

design aims to utilize the hardware as effectively as possible, typically by using

lower-level programming constructs, and often forgoing host-language abstractions

with the aim for greater control over the language implementation.

For example, by utilizing more low-level mechanisms, bytecode interpreters can

minimize the bytecode dispatch overhead with optimizations such as threaded code

(see section 2.3.5) which uses low-level constructs, e.g. goto, instead of the more

high-level switch/case. Such choices move bytecode interpreter designs closer to

the target machine for the benefit of performance. However, these choices also come

at the cost of more engineering effort and moving away from the host language’s

core features, which typically means that debugging tools become less direct, and

interpreter implementers need to implement their own alternatives, for instance to

print out or visualize the guest-language stack.

3.4.2 Intersection of AST-like and BC-like

Many design decisions are enabled by one another, and seem to move an interpreter

design further towards the AST-like or the BC-like end of the spectrum.

Starting with a very AST-like design, as one moves away from the host language

closer to the target machine, one may choose to rely on an iterative design rather than

a recursive one (section 3.2.2), such that complex control flow can be represented

more efficiently than using host language mechanisms (section 3.2.4). One can then

apply a pre-order transformation to rely on a compact tree structure and offset-

based references (section 3.2.3) and thus, benefit from improved cache locality and

possibly improve performance. The representation can then more easily leverage

the underlying machine in other ways (section 3.2.5), such as by relying on a set of

registers instead of a stack, have more efficient dispatching e.g. using threaded code,

and overall exercise greater control over the language.

With this model of a spectrum for the design space, a compact tree structure would

represent roughly a midpoint, being ambiguously both AST-like and BC-like, which
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matches our observations in section 3.3.3 that this design narrows the difference

between AST and BC.

Though, not all possible design decisions will necessarily be comparable or enable

one another, as all points of a spectrum do not necessarily form a total order. So, we

find it also helpful to think of design decisions as forces that push or pull an interpreter

closer towards one end of the spectrum. For instance, a CPS-style interpreter as

discussed in section 2.1.1 may rely on recursion. This design decision implies a

degree of reliance on the host language, and pushes it towards the AST-like end of

the spectrum. However, it also reifies the program control state as a continuation,

which reduces its dependence on host language mechanisms, which pulls it closer

to the BC-like end of the spectrum. One can assume these forces to have different

magnitudes depending on the design decision in question, though even roughly

quantifying them is a difficult problem.

3.4.3 Advantages of AST-like

Benefits of Utilizing the Host Language Having defined AST-like to mean “benefit-

ing from host language abstractions”, these interpreters tend to leverage the existing

host language facilities, such as the host language call stack. This makes them easier

to implement (Basso et al. 2023; Humer et al. 2014b; Kalibera et al. 2014; Würthinger

et al. 2012), and it is a key advantage. It makes getting a first implementation to a

functional state faster, it allows for quicker experimentation, and saves on engineering

effort that can then be spent elsewhere. As BC-like designs work with a representation

closer to that of machine code rather than source code, this can make it harder to

reason about and require custom tooling for debugging. While a structure like that

of bytecode relies on jumps to represent control flow, an AST close to the original

code syntax would keep the control-flow structures present in the guest language,

e.g., if and while statements. An AST then represents the control-flow operations

with specific nodes, e.g., IfNode, WhileNode.

This closeness to explicit structured control-flow mechanisms can make debug-

ging an interpreter easier. It can help to reason about the execution path of a program
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by seeing the AST structure, which is harder with a BC structure. For an AST inter-

preter that relies on the host language stack, they benefit from the debugging support

of the host language, and variables will be named and stored explicitly on the host

language stack. For a bytecode interpreter with a custom stack or registers, one may

have to maintain custom debugging information to identify stored variables. Though,

this debugging information may be more easily centralized since it is not scattered

across host language stack frames, which may help inspect the current context and

therefore make debugging easier for bytecode interpreters. However, this does not

remove the implementation cost of this custom tooling, and we nonetheless find our

AST interpreters, used in Chapter 4 and Chapter 5, to be easier to debug overall.

AST nodes are also likely to be implemented using host language objects, which

enables us to inspect them in a debugger. Many languages also provide facilities to

pretty-print host languages objects for debugging, such as the Debug trait in Rust. In

comparison, bytecode is more likely to be implemented in a custom way, so that we

need a custom decompiler to show it as readable text.

In general, relying on the host language reduces the need for custom tooling,

e.g. bytecode disassemblers, making debugging and implementation easier, and

therefore reducing the overall engineering effort. In addition to these engineering

benefits, parts of the implementation may also see performance benefits. For instance,

in a recursive AST interpreter, it is straightforward to have more coarse nodes to

implement loops with a ForLoop node or a ForEachLoop node. While a bytecode

interpreter would typically encode these semantics with multiple bytecodes, each of

which incurs dispatch overhead, an AST interpreter makes it natural to use coarser

nodes, which also benefit from the host language stack for intermediate values,

instead of having to store them on a guest stack or in a register.

Benefits of a Non-compact Representation When AST nodes are represented as

host-language objects, an advantage of a pointer-based representation is that it enables

specialization of nodes by replacing them based on run-time feedback, for instance

in the sense of self-optimizing AST interpreters (Würthinger et al. 2012), which also

facilitate partial evaluation to enable just-in-time meta-compilation (Würthinger et al.

2017, 2013). With pointer-based representations, specialization and optimization have
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many freedoms, where an in-place specialization may be limited by the available

space of the original node.

For bytecodes, quickening (Brunthaler 2010a,b) is such an optimization, but be-

cause bytecode are generally a compact representation, quickening a bytecode to a

more complex structure requires additional mechanisms, especially when it needs

more memory. For instance, one can use side tables to represent cached informa-

tion. One example is the Bytecode DSL (Bytecode DSL 2025; Humer et al. 2022) for

Truffle interpreters, which uses side tables to enable, for instance, type specialization

and caching. Another is Wizard, which uses side tables to enable efficient in-place

interpretation of Wasm bytecode (Titzer 2022).

Alternatively, the bytecode sequence could be reallocated to make space for

additional information to be inserted. However, such inserting may then require

jump offsets to be adjusted, or one to use a trampoline or self-adjusting mechanisms,

where offsets are adjusted lazily on the next execution, introducing more complexity

and maintenance challenges.

For any regular jump offset or trampoline, tooling and correctness checks are

desirable to ensure that it is pointing to the correct bytecode. Meanwhile, a pointer to

a host language method in the AST will have been intrinsically validated by the host

language and possible type checks.

3.4.4 Advantages of BC-like

Since we defined BC-like interpreters to rely less on existing host language mecha-

nisms to be closer to the target machine, avoiding these mechanisms implies greater

engineering effort. Though, moving away from host-language mechanisms can also

be beneficial, such as when the guest language is limited by the host language, i.e.

that there is a semantic mismatch (Bolz et al. 2013b). For instance, a goto mechanism

or call/cc can be cumbersome or impossible to efficiently implement with maxi-

mal host language use. This instead becomes much easier when using a bytecode

interpreter and the guest-language stack is reified.

Another advantage is that since such interpreters typically work with compact
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structures, e.g., a byte-based program representation, this can help reduce the mem-

ory footprint of a program. Specialized hardware such as for embedded devices

may only have a limited amount of available memory, making a compact program

representation mandatory.

Finally, a key argument for minimizing distance with the target machine is, of

course, better run-time performance. It is a primary concern for many language

implementers, and so a major argument for BC-like designs. Gaining finer-grained

control over the execution enables many optimizations, and helps ensure excellent

performance. As such, a highly optimized BC interpreter is widely considered to be

faster than a highly optimized AST interpreter (Nystrom 2021).5

3.5 Summary Table of Interpreter Design Dimensions

In this chapter, by highlighting the existence of several hybrid approaches in sec-

tion 3.3, we motivated the terms AST-like and BC-like which we defined in section 3.4.

Based on these definitions, and on our observations of commonly held opinions about

AST and BC interpreters in section 3.2, we now define a set of traits that we find to be

commonly associated with AST-like and BC-like designs. We find these contrasting

traits to be the most notable when analyzing the interpreter implementation space by

focusing on constrating AST and BC interpreters.

AST-like BC-like

Overarching design decisions
Closer to: Host language Target machine
Presumed Performance Overall lower Overall higher

Design dimensions
Program Repr. Layout Sparse/Separate, Non-Linear Compact, Linear
Program Repr. Uses: Host language objects Is Reified/Byte-based
Main dispatch mechanism Virtual dispatch Main dispatch loop
Typically Uses Recursion Yes No, avoids host stack

TABLE 3.1: Table of design dimensions for AST-like and BC-like interpreters, high-
lighting traits that we identify to be associated with either design.

5While there are many anecdotes to this effect, we are not aware of any experiments showing this
scientifically for a system-level host language.
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These design dimensions are outlined in table 3.1. We first show overarching

high-level traits of AST-like and BC-like interpreters, with AST-like interpreters

being closer to the host language with generally lower performance, and BC-like

interpreters leaning closer to the target machine. A key reason for BC-like interpreters

prioritizing the target machine is run-time performance, and so generally speaking,

we can assume they have better run-time performance than AST-like interpreters.

Though, in this thesis, we find this to not necessarily always be the case, as we will

most notably see in Chapter 4.

We then define some design dimensions, which can be broadly divided into two

categories, the representation of the interpreted format, and how execution takes

place.

Regarding the format, we define AST-like interpreters to rely on a sparse and

non-linear representation (see section 3.2.3), while BC-like interpreters rely on a

purposefully compact and linear representation instead. This often comes with AST-

like interpreters relying on host language objects, which are usually allocated by the

host language sparsely on the host language heap, while BC-like interpreters often

instead directly rely on a set of bytes which they keep contiguous in memory, and so

rely less on the host language.

For execution, we find AST-like interpreters to rely not just on host language

objects, but also on host language dispatch mechanisms, i.e. virtual dispatch. Mean-

while, BC-like interpreters usually reify this dispatch mechanism themselves by

implementing a main dispatch loop, with a conditional branch redirecting to the cor-

rect handler based on the current instruction, and with no virtual dispatch involved.

This main dispatch loop is especially important since it usually means an interpreter

does not rely on a recursive structure (see section 3.2.2) as it avoids the use of the host

language stack entirely. Recursion can occur at the level of expressions, though as we

saw in section 3.3.1, one can also design BC-like interpreters that are recursive only at

the level of guest-language functions. We find recursion to be a trait associated with

AST-like interpreters, as this means we rely on the host language stack for part of the

core interpreter execution, which can warrant the use of host language exceptions

(see section 3.2.4).

As we consider these traits to be key interpreter design dimensions, we build
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upon them to discuss the design of our runtime systems in the following chapters,

as they allows us to distinguish design decisions in our interpreters as AST-like or

BC-like. Defining these traits thus enables the next chapters, and so these dimensions

are prevalent thoughout this work.

3.6 Related work

D’Hondt (2008) explored the idea of bytecode being an outdated program representa-

tion, having been originally designed to mimic machine code and not having been

revisited since. He argued that staying as close as possible to the semantics of the

program, by relying on a graph-like structure, may not be as suboptimal as often

assumed, and that bytecode was not the pinnacle of interpreter design. Our work also

supports the idea of exploring designs beside bytecodes, but focuses on identifying

and discussing different design dimensions where AST and bytecode are merely ends

of a spectrum.

Körner et al. (2021) compare AST and BC interpreters implemented in Prolog.

They note that recursive AST interpreters work well with Prolog’s recursive execution

model. They achieve good performance with an AST interpreter and find that it

outperforms a bytecode interpreter on top of Prolog. This is a good example of how

the host language needs to be considered when choosing an interpreter design, and

one needs to make sure that the two fit together.

Several works compare AST and bytecode interpreters in terms of run-time per-

formance. In Chapter 4, we will investigate the performance in the context of meta-

compilation systems where one implements an interpreter and the runtime system

provides JIT compilation. Within the context of meta-compilation, we find that AST

interpreters can rival the performance of bytecode interpreters. Niephaus et al. (2018)

on GraalSqueak, and Kalibera et al. (2014) on FastR also study the performance angle

in different contexts. Though, all three of these works focus on performance and do

not explore the design space itself, which is what our work focuses on.

Last but not least, Midtgaard et al. (2013) investigated how to engineer definitional

interpreters to reach performance closer to that of practical bytecode interpreters.

They focus on what they call control context, i.e., where and how execution continues
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after evaluating an expression. They experiment with families of interpreters that ei-

ther use the host language, reify control context as a data structure, or a continuation.

They also experiment with designs close to bytecodes, but stay brief since their host

language OCaml limited them, thus being an example of semantic mismatch. Most

notably, they evaluated hybrid designs that use a mix of control context representa-

tion for different parts and achieve good results. Interestingly, for them, using the

host language for control context seems to have given them their fastest interpreter

METACON-LETTMP.

3.7 Conclusion

In this chapter, we have explored characteristics typically associated with either

abstract syntax tree or bytecode interpreters. We then showed that these characteristics

could feature in either design and that hybrid approaches are possible and useful.

We call interpreters with hybrid characteristics AST-like and BC-like. We propose to

reason about AST and BC interpreters in a novel way: as extremes on a spectrum,

with AST-like meaning close to the host language and BC-like designs to mean that they

minimize the distance with the target machine.

We believe that there are more than a select few options when designing an

interpreter: it is more than AST or bytecode, or merely stack-based BC or register-

based BC. Instead, reasoning about the design space in terms of proximity to the

host language or to the target machine allows us to consider engineering as well as

performance trade-offs. In the end, there is a fundamental push-and-pull between

better run-time performance and the cost of engineering, which is a classic software

problem extending far beyond interpreters.

This high-level overview of the interpreter design space, and the terminology we

established, will be relevant for the next chapters to go more in-depth with specific

aspects of interpreter design. Though, since the terms AST-like and BC-like were

coined by our work and are not standard terminology, we will henceforth refer to

classic AST interpreter designs as simply “AST”, and classic BC interpreter designs

as simply “BC”. We will rely on the terms “AST-like” and “BC-like” as needed, to

highlight deviations from more typical interpreter designs.
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Chapter 4

Interpreters on Meta-Compilation

Systems

Interpreters execute code directly and immediately, but have low performance. They

are thus commonly paired with just-in-time compilers, which can compile efficient

native code at run time, but first need the program to be executed and profiled to

gather run-time feedback and identify valuable compilation targets.

While interpreters are lightweight and comparatively easy to implement, JIT

compilers are much more complex systems that require far more engineering effort.

However, thanks to meta-compilation systems such as RPython (see section 2.4.1) and

GraalVM (see section 2.4.2) it became possible to use existing just-in-time compilers,

garbage collectors, multi-threading support, tooling (Van de Vanter et al. 2018), and

language interoperability (Grimmer et al. 2018), all without investing the hundreds

of person years of engineering effort that went into systems such as the HotSpot

JVM, GraalVM, and V8 JavaScript. This can be very beneficial for many language

projects, since most do not have such a great amount of resources. To benefit from

meta-compilation, one only needs to implement an interpreter. Like with most VMs,

this interpreter is used to execute code immediately and identify targets for the JIT

compiler, but the interpreter is also the base from which the JIT code gets generated.

Therefore, meta-compilation is a key domain in which to analyze the design space

of interpreters, given the central role played by the interpreter in this context, notably

in terms of run-time performance, peak performance, and memory usage. And a

major decision in the design of any interpreter is the choice of representation, from

AST-like to BC-like.
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Notably, several interpreters implemented on top of GraalVM are AST interpreters,

with naturally-recursive (see section 2.1.1) designs. While Graal’s partial evaluation

approach, combined with just-in-time compilation, allows language implementations

to reach peak performance that is comparable with V8 (as we later see in section 4.3.2),

it can not yet compete with custom-built systems when it comes to memory use and

warmup performance. Given these issues and commonly held negative views on

AST interpreters (see section 3.2), one may assume AST to be the cause, which may

contribute to GraalVM now facilitating the implementation of bytecode interpreters

as well (Bytecode DSL 2025; Humer et al. 2022).

However, on meta-compilation systems, we find that this generally accepted truth

does not hold given the constraints and opportunities of such systems. To carefully

study the trade-offs between interpreters at both extremes of our design spectrum,

we implemented four interpreters: an AST and bytecode interpreter each on top of

both RPython and GraalVM. PySOM is built on top of RPython and comes with

a self-optimizing AST interpreter as well as a bytecode interpreter that supports

quickening. TSOM (TruffleSOM) is built on top of GraalVM and uses the TruffleDSL

to implement a self-optimizing AST interpreter and has a custom bytecode interpreter

that utilizes many of the self-optimization techniques, too. By investigating different

interpreter designs on both RPython and GraalVM, we believe our conclusions may

generalize to other meta-compilation systems.

All four interpreters implement the SOM language (see section 2.2), and are de-

signed with the design dimensions commonly associated with AST and BC designs

in mind (see section 3.2) to justify labeling our systems as AST/BC interpreters,

though our BC interpreters have some AST-like traits, as we will see in section 4.1.2.

The interpreters are as similar as possible to each other to facilitate direct compari-

son, while exploiting some minor performance opportunities where available (see

section 4.1.6). They also implement many common interpreter-level optimizations,

including polymorphic inline caching, inlining of control structures, self-optimization

and bytecode quickening, supernodes and superinstructions, as well as optimizing

object storage models and storage strategies for arrays.

Our interpreters reach peak performance similar to V8 using the Are We Fast Yet

benchmarks (see section 2.7) as we show in section 4.3.2. Thus, the meta-compilation
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systems of RPython and GraalVM are effective, and the SOM implementations are

fast enough to enable a study of trade-offs between bytecodes and ASTs in the context

of such systems.

To assess the trade-offs between AST and bytecode interpreters, we compare

interpreter performance as well as just-in-time-compiled peak performance. We find

that AST interpreters are on par in run-time performance, and in some cases even

moderately faster. Thus, bytecode interpreters do not have the generally expected

advantage on top of meta-compilation systems. When looking at the overall memory

use, we even find that bytecode interpreters have drawbacks because boxing avoid-

ance is not as applicable, and their interpreter structure requires additional allocations.

However, we can also confirm that bytecodes are more compact in memory, which is

important for large codebases. But, this benefit narrows when the code is executed

and collects profiling information.

For completeness, we also assess the warmup behavior and the performance

impact of optimizations that improve AST or bytecode performance.

The contributions of this chapter are:

1. the implementation of TSOMAST, TSOMBC, PySOMAST and PySOMBC, to com-

pare interpreters on top of GraalVM as well as RPython, and an overview of their

design based on the design dimensions that we defined in Chapter 3.

2. the design of an experimental methodology to identify run-time performance

and memory usage trade-offs between AST and bytecode interpreters.

3. an analysis that shows that bytecode interpreters cannot be assumed to be faster

on top of current meta-compilation systems.

4.1 Overview of TSOM/PySOM

The experimental subjects for this chapter are the four SOM interpreters that we

will refer to for brevity as TSOMAST, TSOMBC
1, PySOMAST, and PySOMBC

2, distin-

guishing the abstract syntax tree (AST) and bytecode (BC) variants. Since TSOM is

1https://github.com/SOM-st/TruffleSOM
2https://github.com/SOM-st/PySOM/

https://github.com/SOM-st/TruffleSOM
https://github.com/SOM-st/PySOM/
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based on GraalVM using partial evaluation, and PySOM builds on RPython using

meta-tracing, we cover both meta-compilation approaches.

All four interpreters were designed with these priorities in mind:

• being as strongly AST-like and BC-like, as possible, to meaningfully compare

interpreters on both ends of our design spectrum as much as meta-compilation

systems allow, and explore their associated design decisions.

• ensuring the notable difference between TSOMAST/TSOMBC and PySOMAST/PySOMBC

to be the program representation and its implications.

• similar designs between TSOMAST/PySOMAST and TSOMBC/PySOMBC to en-

able meaningful comparisons across meta-compilation frameworks.

• run-time performance.

While we previously mentioned several hybrid AST/BC approaches on top of

GraalVM and RPython (see section 3.3.4), our focus in this chapter is on comparing

AST and BC interpreters, and so our systems were designed to be as strongly AST-

like and BC-like as possible, basing this definition on the design dimensions we

previously listed in section 3.5.

Within a meta-compilation system, we ensure that the main difference between

the AST interpreter and BC interpreter is the program representation, and the design

impact of relying on this representation. We aim to share as much as possible between

the implementations that is independent of AST-like or BC-like design decisions,

which includes for instance the implementation of built-in functions such as loading

of files and producing output. They also share the same object model and storage

strategies, as we will discuss in section 4.1.4. Moreover, any optimization is also

implemented in the other interpreter, or has an optimization that serves as a counter-

part implemented instead. And wherever possible, design decisions are matched in

interpreters across meta-compilation frameworks. This also implies that our systems

have all received a similar amount of engineering effort.
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Finally, run-time performance is a key concern, which is true of both interpreter

performance and peak performance. This led to the implementation of many op-

timizations, and impacted the design of our interpreters in ways that we describe

shortly, in section 4.1.3.

In preparation of the experiments sketched in section 4.2, we give an overview

of the four interpreters, and describe the key high-level design decisions taken in

our systems to make them AST-like and BC-like. We also detail the optimizations

implemented, and discuss relevant differences between the implementations.

4.1.1 AST Interpreters

As previously mentioned, TSOM is built on top of the Truffle framework and uses

the TruffleDSL to implement a self-optimizing AST interpreter. PySOM on the other

hand, is implemented in RPython, which gives us a bit more freedom but also does

not provide the conveniences of the TruffleDSL. In practice, this means we often keep

the RPython interpreter simpler, but without sacrificing performance, as we will see

in section 4.3.1.

Both AST interpreters implement a variety of nodes, including nodes for reading

and writing method arguments and local variables, nodes for reading global variables,

literals, instantiating blocks, or sending messages, i.e., looking up and activating

methods on a receiver object. A full list of nodes is given in appendix B.1.

Our AST interpreters were designed to be strongly AST-like. We now discuss

this by going over several traits and features implemented in both TSOMAST and

PySOMAST, which we previously found to be associated with AST interpreters in

section 3.2.

Non-Compact Representation Each AST node is represented by a host language

object. These objects thus come with metadata such as object headers, and refer to one

another with machine-word-sized pointers, which has an additional memory cost but

allows us to benefit from host-language tooling for implementation and debugging, as

well as enabling self-optimization (Würthinger et al. 2012). Additionally, they are not

guaranteed to be stored next to one another in memory, therefore the representation
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itself is fragmented and may lead to pointer chasing. Though, despite this potential

issue, our AST interpreters achieved good performance, as we see in section 4.3.1.

Recursive Design Both AST-based interpreters have a naturally-recursive design

(see section 2.1.1). Each node implements a virtual execute method which defines

its behavior, and takes in the frame of the current context. For example, the execute

method for an ArgumentRead node may simply read and return the Nth argument

from the frame. Since this method is virtual, any node can store a reference to any

other node as one of its children, and invoke it by doing a call to its execute method.

Such a design naturally uses the host language stack, which is populated by recursive

calls from nodes to other nodes. A similar AST interpreter design was previously

shown in listing 2.1.

This design was mandated by the TruffleDSL, which is designed to work with

nodes implementing such virtual methods. We matched this design decision in

PySOM to meaningfully compare TSOMAST and PySOMAST, and because we find it

to be a natural way to implement an AST interpreter, easily handling all the many

different possible nodes, and allowing for easier integration with host language

tooling, and self-optimization.

Exceptions For Non-Local Control Flow We use host language exceptions to model

non-local control flow, as described in section 3.2.4. As TSOM and PySOM are

written in Java and Python respectively, handling SOM non-local returns is done

most idiomatically using host language exceptions, since they unwind the host

language stack. This allows the language implementations to unroll the stack until

finding the correct context to return to.

4.1.2 BC Interpreters

Both TSOMBC and PySOMBC are stack-based. Just as our AST interpreters were

designed to be strongly AST-like, our bytecode interpreters were designed to be as

BC-like as possible. Though because of the constraints of meta-compilation, our BC

interpreters leverage the host language in more ways than others, and so are AST-like

in a few aspects.
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Compact Bytecode Set Our interpreters rely on a compact, byte-based represen-

tation. Each bytecode and each argument of every bytecode is represented with a

single byte, stored in a byte array containing all bytecodes for a given scope.

The original SOM interpreter had merely 16 instructions3, while our bytecode set

was designed to be more complex, to achieve good performance. Both TSOMBC and

PySOMBC have roughly 70 different bytecodes, with the full set listed in appendix B.2.

We optimized it by introducing variants that directly encode certain parameters. To

give two examples, pushing self on the stack, i.e., the first method argument, is

very common and thus, we introduced PUSH_ARG_0. Pushing the nil value is also

common, and done with a specialized superinstruction PUSH_NIL. These specialized

bytecodes avoid the extra byte to encode the argument, and at the same time, they

can be slightly more efficient, because for instance PUSH_NIL does not need to load

the value from the literal array but pushes a constant directly to the stack.

Recursive/Iterative Design Our interpreters rely on recursion at the guest-language-

method level, and were previously used as an example in section 3.3.1. That is, they

feature a main bytecode dispatch loop, but within a function that gets invoked

recursively for each guest language function. The bytecode index is kept in a local

variable as opposed to stored within a frame object. Therefore, while they rely on an

iterative main dispatch loop, which iterates over all bytecodes in the sequence, this

dispatch loop does get invoked recursively for each guest-language method.

There are two main reasons for this design choice. First, for Truffle-based in-

terpreters, an implementation is forced to be recursive in this way at the guest-

language method level, since each of these methods must be invoked after providing

an Object[] argument array and a Frame object. Second, we found that it helped

PySOMBC generate more efficient code, and so achieve better peak performance.

This may be because this design may make it easier for meta-compilation systems to

identify precisely which frames correspond to which methods, and so which methods

are being executed, which is important information to generate well optimized code.

Though we find this design to be valuable to our interpreters, we find it to be

an example of the host language, or underlying system, pulling the design of the

3https://github.com/SOM-st/som-java/blob/original/src/som/interpreter/Bytecodes.java

https://github.com/SOM-st/som-java/blob/original/src/som/interpreter/Bytecodes.java
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interpreter closer towards one end of the AST-like/BC-like spectrum. In this case,

we argue that this decision makes the interpreter more AST-like, since it introduces

recursion to the core interpreter loop. Indeed, this use of the host language stack also

means that non-local returns are handled using host language exceptions.

Exceptions For Non-Local Control Flow As with our AST interpreters, because

our designs rely on recursion, we need exceptions as a host language mechanism

to unroll the stack. Non-local returns in TSOMBC and PySOMBC thus also use a

ReturnException, which is caught by exception handlers which we add to previous

scopes. While this decision stems from our recursive design, which we found to be

a valuable design in our case, this may negatively impact the performance of the

interpreter (Basso et al. 2023), though such a design grants better peak performance

in PySOM and is unavoidable in TSOM.

Therefore, our meta-compilation-based BC interpreters have some AST-like traits

because of the context of the meta-compilation frameworks that we rely on. We focus

on more strongly BC-like interpreters in Chapter 5, where we rely on interpreters

written directly in a system-level language.

4.1.3 Optimizations Common to All Four Interpreters

We first compare optimizations present in all AST and bytecode interpreters, so that

we may later analyze their individual effects in section 4.3.5. Our general approach

is to have the interpreters as similar as practical, which also includes optimizations.

The optimizations described in this section were previously defined in section 2.3,

though we also introduce a few optimizations specific to our meta-compilation-based

interpreters in section 4.1.4.

Polymorphic Inline Caching

All of our interpreters rely on polymorphic inline caches (see section 2.3.1). For

GraalVM, this optimization also enables inlining across SOM methods. While this is

not strictly needed for RPython with its meta-tracing, the PIC avoids unnecessary

repeated lookups during tracing, too.
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In both TSOM and PySOM, the maximum number of entries in the polymorphic

cache is six, a maximum which is very rarely reached in practice with our benchmark

set.

Global Variable Caching

As seen in section 2.3.2, SOM has the notion of global variables. While they can be

mutated, this hardly happens in practice, and so we cache their values and treat them

as constants. This is highly valuable for the JIT compiler since treating values as

constants leads to generating more optimized code, and potentially enables constant

folding and constant propagation (i.e. precompute constant values, and substitute

the known constants for their values). In case a global is mutated, compiled code

using them will be invalidated to ensure correct semantics.

In the AST interpreter, access to globals is implemented with the Global nodes. For

true, false, and nil, we have nodes with the corresponding value. For other globals,

they start out in an uninitialized state, and rewrite themselves to a CachedGlobal after

looking up the global.

The bytecode is very similar and has PUSH operations. Though, we only added

PUSH_NIL for literals, since true and false are very rarely used directly. For normal

globals, PUSH_GLOBAL will rewrite itself to Q_PUSH_GLOBAL, which uses the result of the

lookup.

Inlining Control Structures

The bytecode interpreters support the inlining of control structures (see section 2.3.2)

for the methods for conditional branches, the #and: and #or: methods on booleans,

and while loops. SOM features a #to:do: counting loop which was not included

since it did not yield the desired performance. To support the inlining, we added the

JUMP bytecodes listed in the appendix B.2.

The AST interpreters inline the same methods as the bytecode interpreters, but

also #to:do:. During inlining, method call nodes are replaced by specific nodes for

the control flow structures. e.g., an InlinedIfElse node (see appendix B.1). The

lambda arguments are inlined into the calling method on the AST level, too.
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Lowering of Basic Operations

Like control structures, basic operations such as arithmetic operations and comparison

operators are also implemented as normal SOM methods, which is not very fast (see

section 2.3.2). Therefore, PySOM and TSOM provide primitive versions for methods

implemented in SOM’s core library to improve performance.

Since TSOMAST is using the TruffleDSL, it also uses what we call eager operations

replacement. Instead of relying on the polymorphic inline cache to resolve operations,

we directly replace standard method call nodes for operations such as + and >=

with AST nodes that specialize on argument types and implement the necessary

semantics. This avoids the method call overhead and enables boxing elimination

on the statement level TSOMAST, because statements that work on integers can use

code paths that are consistently typed for integers, without having to fall back on a

representation that encapsulates the integer value in an object.

Since RPython does not have the TruffleDSL, and the eager replacement is not

applicable to bytecode interpreters, PySOMAST, PySOMBC, and TSOMBC do not use

eager operations replacement. However, the extra flexibility of RPython allows us to

handle activation of basic operations differently without extra overhead, such as by

specializing primitive dispatches based on one, two or three arguments instead of

always providing an array. Furthermore, all interpreters benefit from the primitive

versions of SOM library methods.

Trivial Methods

All our interpreters directly handle trivial methods, as described in section 2.3.3. This

means that simple methods like getters or setters are detected at compilation-time

and are marked as trivial, meaning that their behavior is simple enough that we can

avoid allocating a stack frame for them. Given that these methods are relatively

common, speeding up their dispatch is beneficial to reducing the overall run time.

TSOM and PySOM directly handle getters, setters, methods that simply return a

literal value, and methods that simply return a global value.
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4.1.4 Optimizations Orthogonal to Program Representation

PySOM and TSOM implement a number of other optimizations to reach the perfor-

mance level of Node.js. Though, since they are orthogonal to the program representa-

tion, we will only briefly sketch the object model and use of storage strategies as the

most important ones, and do not assess their performance impact.

Unboxed Number Storage in Object Fields The object model takes inspiration

from maps (Chambers et al. 1989) and the object model used by GraalVM (Wöß et al.

2014). Its main benefit is unboxed storage of SOM integer and double values, which is

especially beneficial in compiled code. Though, the object model is simplified to avoid

the need of a transition tree and reduce the problem of high map-polymorphism (i.e.

polymorphism from a large number of possible maps/object layouts). Instead, each

class tracks only the latest layout, i.e., mapping between logical fields and physical

storage. Objects are transitioned to the latest layout lazily, avoiding a global impact

when the layout changes.

Unbox Storage in Arrays PySOM and TSOM implement storage strategies (Bolz

et al. 2013a; Pape et al. 2015), an optimization which allows for efficient storage of

homogeneous collection types. Since collections can store data of different types,

implementations usually rely on boxing values. But if the collection is homogeneous,

boxing can be avoided entirely by instead representing the collection in memory with

all of its elements stored consecutively, and without storing type information for

individual elements.

To achieve this, collections are able to shift between different strategies for specific

types, and fall back to a generic strategy if the data becomes heterogeneous. Our

interpreters currently support strategies for SOM integers, doubles, and booleans. In

addition, they also support a strategy for empty arrays, i.e., arrays that store only nil

values. In this case, the array only stores the length, which avoids allocating memory

when not yet needed.

As with the object model, since strategies help avoid storing values in their boxed

form, this is especially beneficial in compiled code.
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4.1.5 Optimizations Applied to a Subset of Interpreters

Because of the differences in implementation platform, and between AST and byte-

code, the following optimizations are only available in some interpreters. We will

detail key differences in section 4.1.6. Note that superinstructions, quickening, and

supernodes are nominally different optimizations. However, we apply them in a

way that the resulting interpreters are as similar as possible to ensure fairness in the

comparison.

Superinstructions

We use several superinstructions (see section 2.3.4) that we identified as common

patterns based on bytecode profiles. This includes INC and DEC bytecodes, which

increment or decrement the top of stack value, INC_FIELD and INC_FIELD_PUSH, which

increment the value stored in a field, and possibly push the result onto the stack,

as well as RETURN_SELF or RETURN_FIELD_n, which combines taking the self value or

reading a field from self with returning either at the end of a method. Getters are

perhaps the most common methods that end with reading a field.

Quickening

Our interpreters use quickening (see section 2.3.4) to incorporate run-time feedback

into bytecode, for instance for the method-call bytecodes. The initial bytecodes initial-

ize the polymorphic inline caches on first execution, and then rewrite themselves to

quickened versions Q_SEND[_n], which merely use the caches. Similarly, as discussed

in section 4.1.3, we use quickening for access to global variables and introduced the

Q_PUSH_GLOBAL bytecode. For these examples, quickening avoids run-time checks

and improves the performance of method calls and access to globals. In the AST

interpreters, we use self-optimization (see section 2.3.4), which is very similar to

quickening in that it also relies on rewriting at run time, however, because of the tree

structure of ASTs, it is more flexible.
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Supernodes

We applied supernodes (see section 2.3.4) to TSOMAST based on frequent node pat-

terns observed in the interpreter. They reduce dispatch overhead for common opera-

tions by avoiding virtual calls to the execute methods of the now-merged child nodes,

but supernodes are also beneficial since they reduce memory use. The number of

node objects is reduced by combining several nodes into one, which in turn removes

several Java object headers, and pointers to link nodes with one another, including

parent pointers.

An example of a supernode we implemented is the IntInc supernode, matching

the INC bytecode (previously used as an example of a supernode in Chapter 2 with

listing 2.6). It is applied in situations where we have an addition of a literal integer to

a value obtained from an arbitrary subexpression.

Another set of supernodes fuses method call nodes with an argument read node

for the receiver, e.g., with the BinaryArgSend node. We also added common com-

parisons with literal values, which simplifies the comparison logic since the literal

value is statically known. Our supernodes for a few selected arithmetic expressions

include squaring a value and squaring a value read and stored back into a field,

which enables us to significantly reduce redundant type checking for this pattern.

4.1.6 Overview of Differences Between the Interpreters

Given the constraints and guidance provided by RPython and GraalVM with its

TruffleDSL, there are some differences between the interpreter implementations that

may lead to different trade-offs.

GraalVM provides a more strict framework requiring the use of a predetermined

calling convention between guest-language-level methods and a provided Frame

abstraction that does type profiling of local variables, including boxing avoidance

for primitive values. For the TSOM interpreters, this means calling between SOM

methods has a relatively high overhead because an Object[] array needs to be

allocated to pass method arguments, and the Frame structure needs to be constructed,

which involves multiple objects and arrays. This means our Truffle-based interpreters

must necessarily be based on recursion at the level of guest language methods, for
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both our AST and BC interpreters, and so our interpreters always rely on the host

language in that aspect.

Since RPython does not provide and require such a strict framework, we had more

leeway. We represent method activations with a simple array, and constructing frames

is not as complex as it is for Graal. Similarly, there is no calling convention, which

allowed us to specialize the calls to methods with one, two, and three arguments

by providing explicit methods for it, and only requiring an allocation for an array

to pass arguments when four or more arguments are needed, which happens much

less frequently. So while TSOMBC had more rigid design constraints, we could have

instead opted not to rely on recursion in PySOMBC. Though, meta-tracing gave

better performance from a recursive interpreter structure, as previously mentioned in

section 4.1.2.

On the other hand, the TruffleDSL makes it straightforward to provide specializa-

tions for primitive values such as long and double, which enables us to avoid boxing

of such values on the statement level in the TSOMAST interpreter (Humer et al. 2014a;

Würthinger et al. 2012). This enables nested expression nodes to pass temporary

values between them as unboxed values.

In PySOM, we do not do any such specializations and all values in the interpreter

are always boxed, i.e., stored in an object, except when storing a value in a SOM

object or array (see section 4.1.4).

The TSOMBC interpreter does not benefit as much from avoiding boxing since the

bytecode structure does not directly benefit from the TruffleDSL-provided special-

izations, and temporary results of expressions are stored in an explicit stack, which

is realized as an Object[] array, and thus, requires the boxing of long and double

values. However, the TSOMBC interpreter still uses the same node objects for basic

operations that the TSOMAST interpreter uses. This allows us to benefit from the

profiling built into these nodes, to facilitate partial evaluation.
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4.2 Methodology to Compare AST and Bytecode Interpreters

Our goal is to characterize the performance trade-offs of AST and bytecode inter-

preters in the context of meta-compilation systems. We focus on run-time perfor-

mance and memory usage, since these are the two key aspects commonly named

when preferring bytecode over AST interpreters.

Since meta-tracing and partial-evaluation-based meta-compilation have different

trade-offs (Marr et al. 2015), we use both platforms to get a complete picture. This

experimental methodology is designed to compare AST and bytecode interpreters,

and is therefore not limited strictly to the domain of meta-compilation. So, we also

later apply it in Chapter 5, where we compare AST and BC interpreters written in the

Rust language.

4.2.1 Interpreter Performance

The perhaps most important aspect for us is the run-time performance of the inter-

preters before just-in-time compilation. Here the interpreters have the highest impact

on the observable performance.

For a wide range of workloads, the interpreter performance is crucial for the user

experience. This includes highly interactive and often short-running applications

such as scripts on websites, many short-running command-line scripts, large-scale

applications with frequent redeployments many times a day (Ottoni et al. 2021), and

perhaps most important for the acceptance of new language implementations: the

run time of unit test suites.

To assess interpreter performance, we compile the interpreters to stand-alone

binaries without JIT compilation support. Both RPython and GraalVM are able to

produce binaries with the interpreters ahead-of-time compiled for best interpreter

performance.

4.2.2 Peak Performance

In the context of meta-compilation systems, we are also interested in the best possible

performance that our language implementations can achieve. Thus, we want to assess
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the performance with JIT compilation enabled, and the benchmarks running long

enough to be fully compiled.

This peak performance is especially relevant for long-running applications. How-

ever, even short-running applications may benefit when the executed code is compiled

early on, and thus, can reduce the overall response time.

To assess the best possible, i.e. peak, performance, we use both RPython and

GraalVM with JIT compilation enabled. In the case of RPython, this is a native binary

of the interpreter with the JIT compiler included as well. For GraalVM, we run TSOM

on top of the HotSpot JVM using the Graal compiler for JIT compilation of the SOM

programs. This configuration is recommended to gain the best performance overall,

since for instance the garbage collector and other runtime elements of HotSpot are

more sophisticated than in the ahead-of-time compiled binary we used to assess

interpreter performance. However, using HotSpot may have a negative impact on

warmup performance, because TSOM starts executing like any other Java program,

which means first it is executed by HotSpot’s Java interpreter and the TSOM inter-

preter code itself may be JIT compiled by HotSpot before the Graal compiler can JIT

compile the running SOM program.

Both RPython and GraalVM rely on activation counters that once they reach a

threshold trigger compilation. For RPython, we verified that the standard thresholds

lead to a full compilation of the used benchmarks. The GraalVM’s runtime system

is more sophisticated, which however also makes it less predictable. To ensure full

compilation, we adapted its settings by reducing the compilation threshold, disabling

multi-tier compilation, and dynamic compilation thresholds.

While there is no guarantee that an arbitrary program can reach peak perfor-

mance (Barrett et al. 2017), we adapted compilation settings and we execute the

benchmarks long enough to ensure that all parts are compiled.

4.2.3 Warmup Performance

The phase between starting execution and reaching peak performance is the warmup

phase.
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In RPython, tracing and compilation happen on the same thread as the program

execution. Thus, compilation stalls application progress and may be noticeable in the

warmup behavior. RPython starts to trace and compile a loop after 1039 iterations.

For functions, the threshold is higher at 1619 activations. This will give hot loops,

which are likely more relevant for performance, a chance to compile before individual

functions, typically resulting in better overall performance.

GraalVM supports background compilation, has a multi-tiered compiler, and uses

a system of dynamic compilation thresholds, which is meant to carefully balance

the compilation work with the resources needed by the application. In contrast to

RPython, the background compilation ensures that the application can continue

executing, while another thread compiles the function that reached the compilation

threshold. To measure warmup on this system, we run both on top of Hotspot and

the ahead-of-time compiled version. The goal here is to see whether the difference

between AST and bytecode interpreters has an influence on the warmup behavior

in either system. We also use the ahead-of-time compiled version, since here the

interpreter performance is best, and has a higher impact during warmup.

4.2.4 Memory Usage

Since our AST interpreters are AST-like, their memory representation leverages the

host language to represent programs as trees of objects. Our BC-like interpreters in-

stead encode programs into an array of bytes, which avoids the cost of object headers

and machine-word-sized pointers. Consequently, bytecodes should be more compact,

and we need to assess the memory overhead of an AST-based approach compared to

a BC-based approach. However, our interpreters also collect profiling data in the form

of lookup caches. TSOM’s bytecode interpreter also uses the TruffleDSL-generated

nodes for basic operations, which keep additional profiling information (as seen in

section 4.1.6). Thus, in our bytecode interpreters designed for meta-compilation, the

memory use of the program representation is not simply the number of bytes emitted

by the bytecode compiler.

In addition to characterizing the difference between program representations,

memory usage is also relevant in practice. When hosting applications in the cloud,
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memory is a direct cost. Moreover, since the program representation is subject to

garbage collection, it may also have a secondary run-time cost by increasing the time

garbage collection takes.

With meta-compilation and garbage collection in the mix, measuring all impact

of the differences of the program representation is not straightforward. For instance,

tracing and partial evaluation will be affected, and thus may use different amounts of

memory.

To have a single consistent metric for both systems, we will use the maximum

Resident Set Size (RSS). RSS corresponds to the maximum heap size the language

implementation requested. It thus is an overapproximation of all memory used by the

interpreters. While measurements could potentially be skewed by temporary spikes

in memory usage, we did not observe such abnormal behavior in our benchmark set,

and so did not see fit to report RSS over time instead of the simpler maximum RSS

observed. In programs that use large working memory, the impact of the program

representation is naturally de-emphasized. However, for programs that load many

lines of code, we will get a clearer picture of the cost of the program representa-

tion. Thus, while not precise, the maximum RSS reflects what users of a language

implementation may care about.

Overall Impact. To get an impression of the high-level impact on memory usage,

we measure the maximum RSS for the benchmark execution on the interpreter, as

well as for peak performance. This will give us an intuition of the practical differences.

However, especially for TSOM, the numbers are not only reflecting the difference

in program representation, but also the difference between optimizations applied to

the interpreters. As discussed in section 4.1.3, TSOMAST is able to perform boxing

elimination to a higher degree than TSOMBC, which is reflected in the memory usage.

Impact of the Program Representation. To more clearly measure the memory used

by program representation, we need to dominate the overall memory use with it.

Unit tests are a common extreme case for many language implementations, since

much of the code is executed exactly once.
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To measure the impact of the program representation, we thus compare the

memory use between different sizes of unit test suites. Specifically, we measure the

memory use of the interpreter for running 1 to 100 copies of the SOM unit tests.

For 100 copies, this corresponds to 2,528 files with 197,756 LOC in total, excluding

comments and blank lines. With this setup, memory use is dominated by the program

representation.

A second version of this experiment merely loads the code. Thus, memory is

allocated to represent the program, but neither run-time objects nor profiling data are

allocated, providing a lower bound for code that is not executed.

With this approach, we can minimize the impact of other allocations, approximat-

ing the memory used to represent the program as AST or bytecode.

4.2.5 Impact of Optimizations

We previously described the optimizations that we have implemented in section 4.1.

Several of these optimizations leveraged profiling information e.g. by caching, which

is beneficial in the interpreter, but can also be useful to generate more efficient JIT

code.

By assessing the performance impact of a number of optimizations, we want to

gain a better understanding of how performance relates to the program representation

on meta-compilation systems and whether any possible additional memory use may

translate into better run-time performance.

As a secondary goal for this work, since it is a relatively unexplored aspect of

interpreters built with meta-compilation systems, we also want to gain a better un-

derstanding of which optimizations are most important for interpreter performance,

peak performance, and warmup performance. This may help fellow language imple-

menters to focus their efforts depending on whether they aim for a design closer to

that of an AST or bytecode interpreter.

However, measuring the impact of individual optimizations is nontrivial. Op-

timizations can interact in unpredictable ways. Some optimizations may even be

relevant at the beginning, but become later less important because they are redun-

dant in some way. Assuming the goal is overall best performance, we take our fully
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optimized interpreters and remove specific optimizations to identify their impact on

the final performance of the systems. Thus, for each optimization under investigation,

we have an interpreter that removes it completely to assess its impact.

4.2.6 Measurement Methodology and Reported Statistics

All experiments were run on a system with Ubuntu 20.04.6 LTS (kernel 5.4.0-146),

with two 6-core Intel Xeon E5-2620 CPU at 2.40GHz, and with 16GB RAM. TSOM is

based on the GraalVM development branch. PySOM uses RPython from the version

7.3.11 release of PyPy. For the baseline comparisons, since our benchmark suite is

cross-language (see section 2.7), we compare TSOM and PySOM with well-established

virtual machines for languages other than SOM, namely Node.js 17.9 and JDK 20.

We use ReBench (Marr 2023), in version 1.2, to configure the machine for bench-

marking, and to collect the results. ReBench instructs Linux to use the performance

governor, disables Turbo Boost, runs the benchmarks at the highest priority, and

avoids scheduling other processes on the cores used for benchmarking (CPU shield-

ing). This is intended to reduce the measurement noise.

To measure interpreter performance, just-in-time compilation is disabled, and we

start the interpreter 100 times for a benchmark, and the benchmark harness measures

how long one iteration of the benchmark takes.

We generally report the median run time factor over a baseline as well as the

minimum and maximum to characterize the full range.

For measuring peak performance, the just-in-time compilers are enabled, and we

start the interpreter once, and the benchmarking harness measures the time of 2000

iterations. Thus, all iterations execute in the same process, and benefit from the JIT

compilation. We looked at the over-time performance of all benchmarks, and used

the last 1000 measurements for the statistics. They are generally free from further

compilation.

Since most experiments compare a set of benchmarks against a baseline, we report

the median ratio over a baseline. The results are depicted as boxplots on a logarithmic

scale, which leads to a more intuitive understanding of differences, since both a factor

of 0.5 and 2 have the same physical distance from 1 on the resulting plot.
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4.3 Results of Comparing our Meta-Compilation-based AST/BC

Interpreters

We follow the high-level methodology outlined in section 4.2 to identify the trade-offs

between the different program representations.

Our experiments can be reproduced through the artifact submitted alongside the

original publication associated with this chapter.4

4.3.1 Interpreter Performance

As discussed in section 4.2.1, we start by assessing the run-time performance of our

interpreters with JIT compilation disabled. Figure 4.1 shows the results. We use Java

as the baseline, as it performs best overall. However, most interpreters have at least

one benchmark that is faster than on Java. For instance on Node.js, the Json parser

benchmark takes only 33% of the time it takes on Java.

Mean run times (shown with ⋄) are slightly ahead of the median runtimes, though

they lead to the same order as sorting by median. When we focus on whether AST

or bytecode interpreters on top of meta-compilation systems are faster, we see that

the PySOM interpreters have very similar interpreter performance. The median

slowdown of PySOMAST compared to Java is 3.16× (min. 0.91×, max. 8.94×), while

the one for PySOMBC is 3.51× (min. 0.94×, max. 8.12×), and thus only slightly slower.

However, the difference on top of GraalVM is larger for our interpreters. TSOMAST is

3.07× (min. 0.90×, max. 7.07×) slower than Java, while TSOMBC is 4.96× (min. 1.18×,

max. 8.59×)

Based on these results, we conclude that AST interpreters can be on par with

bytecode interpreters in run-time performance, and may even have an edge in some

benchmarks and on some meta-compilation systems.

4.3.2 Peak Performance

Since one of the main reasons to use a meta-compilation system is to benefit from the

JIT compilation, we look at the peak performance results in fig. 4.2. Here we omit the

warmup phase, which we will come back to in section 4.3.3.

4https://github.com/OctaveLarose/ast-vs-bc-experiments

https://github.com/OctaveLarose/ast-vs-bc-experiments
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FIGURE 4.1: Interpreter run-time performance, on a logarithmic scale, with Java as
baseline. While TSOM and PySOM are overall slower than the Java and Node.js
interpreters, we can also observe that PySOMAST and TSOMAST are faster than the

bytecode versions. TSOMBC is the slowest interpreter overall.
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FIGURE 4.2: Peak performance with just-in-time compilation enabled, a logarithmic
scale, with Java as baseline. TSOMAST reaches the performance of Node.js, while

the peak performance of the other implementations is a little further behind.

We use again Java as the baseline, since it has the best overall performance. The

median run time of Node.js is about 1.92× (min. 0.92×, max. 3.19×) higher than Java. .

From our implementations, TSOMAST is overall the fastest and takes about 2.29×

(min. 1.00×, max. 4.00×) more time than Java, which is roughly at the same level as

Node.js since the range over the benchmarks is well overlapping. TSOMBC is not far

behind with 2.45× (min. 1.25×, max. 4.81×).

For PySOM, PySOMBC is the fastest implementation, taking about 3.12× (min.

1.28×, max. 165.13×) more time than Java. Though, the mean run time of PySOMBC

is much behind that of any other interpreter, due to the CD benchmark being much

slower. This still overlaps well with Node.js, but has a few more benchmarks that

do not quite reach the same level of performance. PySOMAST reaches 4.35× (min.

0.96×, max. 18.19×). A closer investigation shows that highly recursive benchmarks

do not reach the same performance as on other systems. Here, RPython’s trace-based

compilation struggles to make the most optimal decision of when to stop tracing,

which is a known issue. 5 While the bytecode version comes out faster, this result is

5https://web.archive.org/web/20241126035337/https://foss.heptapod.net/pypy/pypy/-/
commit/928f810b36

https://web.archive.org/web/20241126035337/https://foss.heptapod.net/pypy/pypy/-/commit/928f810b36
https://web.archive.org/web/20241126035337/https://foss.heptapod.net/pypy/pypy/-/commit/928f810b36
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dominated by a more suitable recursion inlining threshold.

Overall, there does not seem to be a clear benefit for either AST or bytecode

interpreters in terms of peak performance. For TSOM, the results are arguably too

close together, and for PySOM, the particularly slow recursive benchmarks make a

strong conclusion seem undesirable. However, this in itself is a useful result. Even

when focusing on peak performance, there does not seem to be a clear winner, which

may allow us to make decisions in favor of one or the other program representation

based on other factors (e.g. advantages described in Chapter 6).

4.3.3 Warmup Behavior During JIT Compilation

As discussed in section 4.2.3, we collected and analyzed the warmup data for TSOM

on Hotspot and the ahead-of-time-compiled interpreter, and PySOM. For brevity we

only include plots for the ahead-of-time-compiled systems. However, the results are

similar for TSOM on top of Hotspot.
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FIGURE 4.3: Performance of benchmark iterations over time for the TSOM inter-
preters as measured on the ahead-of-time-compiled GraalVM Native Image. All
data is normalized to the median of TSOMAST and shown with a logarithmic y-axis.
While we see performance difference between TSOMAST and TSOMBC, only the

Richards benchmark seems to display a noticeable warmup delay on TSOMBC.

We illustrate the data in fig. 4.3 and fig. 4.4, showing the iteration times for each

benchmark normalized to the median value of the baseline. For consistency, we chose
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FIGURE 4.4: Performance of benchmark iterations over time for the PySOM in-
terpreters. All data is normalized to the median of PySOMAST and shown with a
logarithmic y-axis. While we see performance difference between PySOMAST and

PySOMBC, there does not seem to be a major difference in warmup.

the AST interpreter as baseline. This approach preserves the over-time variations,

while having a consistent goal value of 1 (or better), that implementations would want

to achieve.

The main question we try to answer here is whether there is a notable difference

in warmup behavior between AST and bytecode interpreters. As can be expected

from the peak performance results (see section 4.3.2), there are clear performance

differences. However, we see neither for TSOM nor PySOM any systematic differences

in warmup behavior. On TSOMBC in fig. 4.3, we see Richards has a longer delay

before reaching the peak performance, which may be due to Richards having a higher

degree of polymorphism compared to most other benchmarks. However, none of

the other benchmarks show it as pronounced. On PySOM in fig. 4.4, we may have

more benchmarks that do not reach a similar performance, but this does not change

after the shown 100 iterations either, and as such is not a warmup difference. A

notable difference between PySOMAST and PySOMBC is the CD benchmark being 10

times faster for PySOMAST, which matches CD previously being an outlier in fig. 4.2.

Overall, the PySOM interpreters achieve peak performance in a shorter period of

time than the TSOM interpreters.
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FIGURE 4.5: Maximum Resident Set Size (RSS) used by the interpreters, on a loga-
rithmic scale.

Based on the available data, we cannot identify any systematic differences. Though,

warmup issues are typically more pronounced on larger applications, and the Are We Fast Yet

benchmarks are not large enough to trigger them.

4.3.4 Memory Usage

Besides run-time performance, memory use is the other major concern when it comes

to program representation. As discussed in section 4.2.4, we assess the overall impact

on memory use, as well as on the program representation itself.

Overall Memory Impact

Figure 4.5 shows the maximum Resident Set Size (RSS) used by the benchmarks. We

show the data separately for TSOM and PySOM, each for the interpreter and with JIT

compilation. The numbers of the interpreter are expected to show a stronger effect,

if one is indeed there. The JIT compilers and their escape analysis may be able to

reduce any additional allocation during optimization.

For TSOM, we can indeed see a difference in fig. 4.5a. The benchmarks on TSOMBC

seem to use more memory. Figure 4.5c shows a similar trend, but not as clearly.
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For PySOM, if there is any effect, the AST interpreter might use slightly more

memory. However, this is much less clear from the data.

When investigating the allocation profiles on TSOM, we found that the bytecode

interpreters allocate a significantly larger number of Long and Double values, because

the TruffleDSL’s approach to boxing avoidance does not translate directly to bytecode

interpreters. We also noticed an increase in the number of allocations of Object[]

arrays. Since we need to reify the stack for our stack-based bytecode, each method

activation allocates an extra Object[] array, which for some benchmarks leads to

a significant increase in allocations. The last significant difference is the allocation

of Object[] arrays in the bytecode loop to pass arguments to method calls. In the

AST interpreter these allocations happen inside of execute() methods, which in

some cases allows the compiler to already avoid the allocation even in the interpreter.

However, in the bytecode interpreter, this allocation happens in the bytecode loop,

before passing it on to a polymorphic call site. This prevents compilers from avoiding

the allocation. Thus, on top of GraalVM, the AST interpreters may have some benefits

in terms of memory usage, because boxing avoidance and code structure can lead to

fewer allocations.

On PySOM, we do not see such effects because we do not have statement-level

boxing avoidance and the SOM method calling convention does not require an array

allocation for calls with fewer than four arguments, which are the most common

ones.

While investigating the allocation behavior in detail, we also looked at precise

memory allocation behavior. Though, the results were too similar to include and

with garbage collection in the mix, maximum RSS seemed to be the more practically

relevant metric.

Memory Usage for Program Representation

As detailed in section 4.2.4, we approximate the differences in memory used by the

program representation by using 1 to 100 copies of the SOM unit tests. One version

of the benchmark executes the unit tests, covering every line, and thus, allocates

memory to store profiling information, polymorphic inline caches, etc. However,
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it of course also allocates memory for the necessary run-time objects. Though, the

run-time objects are garbage-collected almost immediately, since the unit tests do

not hold onto them. Thus, the program representation dominates memory use more

and more with an increasing number of copies of the unit tests. A second version

of this benchmark merely loads the code. Thus, memory is allocated to represent

the program, but neither run-time objects nor profiling data is allocated, providing a

lower bound for code that is not executed.

With this approach, the AST on PySOM requires about 2.55× more memory than

the bytecode when it is not executed and about 2.30× when it is executed. For TSOM,

we see 2.89× more memory use for the AST when we load the code but do not execute

it, and only 1.21× more when we load and execute it. As mentioned in section 4.1.6, the

bytecode interpreter reused the node objects of the AST interpreter to benefit from the

profiling they provide. The size of these nodes is comparably large, and can explain

the increase in memory use during execution in the TSOMBC interpreter, which we do

not see in PySOMBC, because there we do no use this technique. Thus, with increased

run-time profiling, the difference between bytecode and AST interpreters in terms of

memory use further narrows.

4.3.5 Impact of Optimizations

This section assesses the impact of our optimizations from section 4.1.3 to better

understand how they interact with the choice of program representation. This analysis

is intended to help language implementers to prioritize optimizations.

Impact on Interpreter Performance

Figure 4.6 shows the impact of the various optimizations on interpreter performance,

without JIT compilation. It shows how the run time increases when specific opti-

mizations are removed. Inlining of control structures (see section 4.1.3) and inline

caching (see section 4.1.3) have the highest impact overall. On TSOMAST, removing

the inlining of control structures increases the median run time by 3.74× (min. 1.51×,

max. 5.40×). On PySOMBC, its impact is lower but still the most important one at

1.66× (min. 1.19×, max. 2.52×).
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FIGURE 4.6: Performance impact of removing individual optimizations on the
interpreter-only speed of the fully optimized interpreters. Run time normalized to
the implementation with all optimizations, on a logarithmic scale. Optimizations
marked with (*) are specific to AST or bytecode interpreters. Overall, inlining of
control structures, inline caching, and lowering of basic operations give the highest

benefit.

On TSOMBC and PySOMAST, inline caching is more important. On TSOMBC it

gives 3.13× (min. 2.15×, max. 5.86×) and on PySOMAST 1.45× (min. 1.28×, max. 1.87×).

As can be seen with the difference between PySOM and TSOM, inlining is more

beneficial when the cost of method activation is high, which is the case for TSOM.

The caching of globals is not of high importance in the TSOM interpreters, but

will be more important when we look at just-in-time-compiled performance.

Supernodes and superinstructions give roughly similar benefits on TSOMAST

and TSOMBC respectively, which is to be expected, since they reduce the dispatch

overhead between operations and open up a similar optimization potential. However,

they are highly targeted and thus only give a modest gain.

When optimizing interpreter performance, we would recommend to start with

inline caching, which is the most widely applicable optimization and highly important

for large-scale applications. Afterwards, lowering of basic operations will give good

benefits and can target specific benchmarks of interests. Finally, inlining of control

structures will also be important for interpreter performance. However, it can come

with significant implementation complexity.
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FIGURE 4.7: Performance impact of individual optimizations on the peak perfor-
mance of the fully optimized interpreters. Run time normalized to the implementa-
tion with all optimizations, on a logarithmic scale. Optimizations marked with (*)
are specific to AST or bytecode interpreters. Inline caching gives the highest benefit
on TSOM, because there it is needed for inlining across SOM methods. PySOM

benefits more from inlining of control structures.

Impact on Peak Performance

Before looking into the impact of specific optimizations on peak performance, we

can observe in fig. 4.7 that some optimizations are less important for it than others.

Furthermore, one difference to the impact on interpreter performance is that caching

of globals makes a good difference on TSOM for specific benchmarks, because with it

the compiler can assume the value to be a constant, which enables it to optimize more.

Also on TSOM, the lowering of basic operations, supernodes, superinstructions, and

even quickening have a less noticeable impact, because the compiler can perform

similar optimizations.

Similar to the interpreter performance, inline caching is important on TSOM.

Removing it from TSOMAST results in 10.09× (min. 1.00×, max. 33.39×) increase in run

time. On TSOMBC, it results in 28.96× (min. 11.83×, max. 114.38×), making it the most

important optimization. This is because inline caching enables the GraalVM’s partial

evaluator to inline across SOM methods, which is important to enable subsequent

optimizations. This is in stark contrast to PySOM, where we see a difference of

1.03× (min. 0.94×, max. 1.21×) on PySOMAST, and 1.00× (min. 0.89×, max. 1.07×), on
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PySOMBC. Since RPython uses meta-tracing, inline caching is not needed to enable

inlining.

On PySOM, the most important optimization is the inlining of control structures.

On PySOMAST it results in 1.46× (min. 0.87×, max. 3.81×) on PySOMAST, and on

PySOMBC it gives 1.17× (min. 0.74×, max. 2.11×). The inlining helps to reduce the

overall trace length and makes optimization opportunities usually more evident to

the compiler. However, on top of PySOMBC we do see also some benchmarks slowing

down when applying the optimization. In the cases we observed, the inlining in the

bytecode leads to the compiler not having as precise information on the lifetime of

variables, which can lead to extra boxing. Here, we notice that the AST structure and

the use of the host-language stack communicates such details more precisely. The

reified stack in the bytecode interpreter on the other hand can lead to such details

being obscured. This effect is also noticeable on TSOMBC where removing inlining

of control structures results in 3.16× (min. 0.60×, max. 7.93×). increase of run time.

While generally beneficial, there are still some slowdowns observable.

These results show that optimizations have a larger performance impact on our

Graal-based interpreters, as seen from it ranging from 0.5x to 30x/100x on TSOM

compared to only going up to 2x/3x on our PySOM interpreters. This may attest

to Graal-based virtual machines requiring more engineering effort, i.e. optimiza-

tions, to achieve good run-time performance, compared to RPython-based virtual

machines (Marr et al. 2015).

Overall, we conclude from this analysis that there is a stronger difference between

meta-tracing and partial evaluation than the choice of program representation. How-

ever, it remains to be noted that in some cases the explicit reified stack in a bytecode

interpreter can obscure variable lifetimes, which makes it harder for a meta-compiler

to yield optimal code.

4.4 Result Discussion

In the following discussion, we will reflect on the results, their generalizability, the

limitations of this study, and our perception of engineering differences.
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4.4.1 Results and their Generalizability

Results Our results show that in the context of meta-compilation systems, there

is no overwhelming evidence to only consider bytecode-based interpreters, as one

would expect based on folklore. Instead, we have found that naturally-recursive

AST interpreters can be competitive with BC interpreters, validating our original

hypothesis (“Can AST interpreters be as performant as BC interpreters?”) for meta-

compilation-based systems.

Specifically, in section 4.3.1 we have seen that the pure interpreter performance

of AST interpreters can be better than that of bytecode-based interpreters. The peak

performance, seen in section 4.3.2, is also generally on par. Currently, the memory use

is perhaps the most significant difference. There are some cases where the interpreter

structure of bytecode interpreters has drawbacks. Here, techniques such as multi-

level quickening (Brunthaler 2021) may provide solutions. On the other hand, it is

still true that bytecodes are significantly more compact (see section 4.3.4) than ASTs.

Especially for established languages with large codebases, this can be a dominating

factor. For new languages, perhaps in the context of research, small applications, or

scripting, AST interpreters do not only seem to be good enough, but may have benefits

over bytecode interpreters.

By challenging the assumption that bytecode interpreters always outperform AST

interpreters, we also implicitly question whether bytecode interpreters do always

outperform other hybrid designs, e.g. serialized tree-based interpreters (section 3.3.3),

or if we might observe similar results as in this chapter. This is outside of the scope

of this work, though, as this would require the implementation and maintenance of

many more interpreters, thus be an untenable amount of engineering effort.

Generalizability to Other Languages and Meta-Compilation Systems We previ-

ously argued in section 2.7 that we believe our results to generalize to other dynamic

languages beyond SOM, since it shares many implementation challenges with widely

used dynamic languages, e.g. Python, Ruby, or JavaScript. Therefore, we believe that

our results in this chapter are transferable to other language implementations on the

studied systems.
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Expanding the scope beyond the guest language, we can then ask whether our

results would generalize to other meta-compilation systems. We believe this to be

possible, as we purposefully explored our research questions on top of two very

different meta-compilation systems. On the one hand, there is the difference in

compilation approach. While RPython uses trace-based compilation, GraalVM uses

method-based compilation, both having very different trade-offs in terms of perfor-

mance and engineering characteristics (Marr et al. 2015). On the other hand, they

differ drastically in the degree of support they provide and the sophistication of the

runtime system. While RPython uses a minimalistic approach with a few annotations,

GraalVM uses the Truffle framework and TruffleDSL to enforce a much more strict

way how languages are to be implemented. Similarly, the RPython system has a

relatively straightforward incremental garbage collector, while GraalVM can use

the HotSpot JVM and many of its garbage collectors. Since RPython compiles to C,

our RPython interpreters are closer to system-language interpreters albeit with the

restrictions of RPython. Thus, both systems arguably differ significantly from each

other, which means our results may generalize to other meta-compilation systems, or

at least, to meta-compilation systems that are similar to GraalVM or RPython.

The results suggest that there may be further room to improve meta-compilation

systems for AST as well as bytecode interpreters. AST interpreters could benefit

from techniques for more compact representations that more closely resemble byte-

codes (Koparkar et al. 2021; Pape 2021; Pape et al. 2017; Vollmer et al. 2017), thus

leaning more towards BC-like designs for the sake of performance (as we previously

discussed in section 3.4.4). Of course, taking the other perspective, support for byte-

code interpreters could be further improved for instance with support for boxing

avoidance as provided by the TruffleDSL (Humer et al. 2014a), multi-level quickening

(see section 2.3.4) or threaded code (see section 2.3.5). In short, meta-compilation

systems could be engineered to have fewer limitations in the design of the interpreter,

such that they could get closer to the degree of control, and greater performance,

available to system-level interpreters.

Generalizability to System-level Interpreters From the results in this chapter alone,

it is unclear whether our findings may generalize to interpreters implemented in



4.4. Result Discussion 91

system-level languages. Generally, we assume these languages to have more control

over data layout and control flow, which results in a different performance trade-off

space, and may therefore yield entirely different results.

So, we make system-level interpreters the focus of the next chapter. While this

chapter focused on the domain of meta-compilation, we will next broaden the design

context by focusing on interpreters written in a system-level language, namely Rust.

Based on the findings in this chapter, we will see if Rust-based AST interpreters bring

as many engineering benefits in terms of ease of implementation, if they can also rival

BC interpreters in terms of run-time performance, if AST also requires more memory,

but also whether that extra memory usage is somewhat balanced out by the size of

run-time information. We will also see whether the semantics of Rust influences the

design of Rust-based interpreters by encouraging more AST-like, or BC-like design

decisions.

This domain of custom-built systems is different from that of meta-compilation

systems, which do not reach such high levels of performance. While relying on

a system-level language is beneficial performance-wise, it can induce a very large

amount of engineering effort, which can be practical for industry projects such as

V8 and JavaScriptCore VMs and even research projects such as the Wizard We-

bAssembly interpreter (Titzer 2022), but is less suited to many other projects. For

meta-compilation systems, a key focus and benefit is rather the overall reduction

of engineering effort, compared to manually implementing one or several JIT com-

piler tiers, GC implementation, custom tooling, and more. Another point of note

is that meta-compilation systems have restrictions to the type of optimizations that

are supported, as well as the code patterns the compilers are optimized for. For

instance, bytecode interpreters currently cannot immediately benefit from optimiza-

tions such as threaded code, and while work is underway (Izawa et al. 2025, 2022)

to enable language implementers to benefit from more such optimizations, it seems

unlikely that one will have the same freedom as for completely custom-built language

implementations.
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4.4.2 Limitations of this Study

As discussed in section 4.1.6, there are differences between the interpreters and

their optimizations. These differences may have an impact on the accuracy and

precision of our comparisons. While we believe that the most significant differences

are related to the different underlying systems, i.e., GraalVM and RPython, there

are also differences in the degree of optimization applied to AST and bytecode

interpreters. Overall, we believe that we reached a similar level of optimization on all

systems, enabling us to draw conclusions from this study. However for completeness,

we will reiterate the main differences as limitations.

Boxing Avoidance One of the major differences between TSOMAST and TSOMBC

is the degree of boxing avoidance realized in the interpreter. The AST interpreter

is able to do boxing avoidance for full statements, relying on the tree structure,

which specializes itself to code that avoids boxing of long and double values. In

the bytecode interpreter, this is not currently possible in the same way. The linear

structure of bytecode does not provide the context for this optimization and the stack

being reified as an Object[] array leads to boxing between bytecodes. Using more

quickening (Brunthaler 2010a, 2021) and an additional stack for unboxed values may

help to improve this and reduce some of the memory overhead seen in section 4.3.4.

However, we also saw the cost of the reified stack itself in the memory cost. Thus,

boxing is not the only factor here, as the overall structure of bytecode interpreters also

had an impact. We believe this difference may only lead us to slightly overestimating

the difference between TSOMAST and TSOMBC on interpreter-only performance.

In the context of the overall study, we also believe this difference does not have a

major impact since neither PySOMAST nor PySOMBC do boxing avoidance, and thus,

we have a consistent comparison along this axis.

Degree of Run-time Profiling The TSOM interpreters both have a high degree of

run-time profiling. This includes profiling the activated specialization in nodes as

well as active branch and value profiling. Both TSOMAST and TSOMBC do almost

the same amount of profiling. There are only minor differences caused by nodes that

are only used in TSOMAST since they are not applicable to the bytecode interpreter,
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because the operations are expressed as bytecodes. Given that the peak performance

is fairly similar (see section 4.3.2), we believe there is no fundamental issue.

PySOM does not do the same style of run-time profiling. While it does self-

optimization and quickening in the interpreter, meta-tracing uses concrete values

from the trace, which means we do not need to collect profiling information in the

interpreter.

Bytecode-level Optimizations and Supernodes Bytecodes and superinstructions

were identified in a step-wise process based on profiles of bytecode sequences and

run-time profiles of benchmarks. As such, the ones implemented are the ones that

gave the highest likelihood for performance improvements. We used the same

approach on AST nodes, identifying common patterns to construct supernodes.

We could have further expanded the bytecode set and increased the number of

implemented supernodes. Similarly, we could continue to identify further opportu-

nities for bytecode quickening and also add supernodes to PySOMAST. Given that

PySOMAST already outperforms PySOMBC in terms of interpreter performance, any

impact on the overall conclusions is likely not to be significant. We believe that overall,

further performance gains on the used benchmarks would be minimal, because the

overall benefit of these optimizations is limited as we saw from the results in fig. 4.6.

Our experience with larger codebases also suggests that any performance im-

provement potential is thwarted by the cost of method calls, which seem to dominate

larger applications in the interpreter.

4.5 Related Work

We are not the first to compare AST and bytecode interpreters. Most closely related to

our work on top of meta-compilation systems is work by Niephaus et al. (2018) and

Kalibera et al. (2014). Niephaus et al. (2018) implement GraalSqueak and compare an

AST with a bytecode-inspired interpreter on top of GraalVM. GraalSqueak is also a

Smalltalk, which they evaluate with a prime number sieve and Fibonacci benchmark.

However, what they call bytecodes does not leverage the benefits of a compact

representation, because each of their “bytecodes” is represented by a node object



94 Chapter 4. Interpreters on Meta-Compilation Systems

which requires at least a Java header, typically 16 bytes, and a parent pointer of 4 or 8

bytes. Our work here uses a bytecode encoding where each instruction is represented

with one or two bytes (see section 4.1.2). Furthermore, we compare the interpreters

not just on top of GraalVM, but also RPython, and use the more comprehensive

Are We Fast Yet benchmarks. Many of the mentioned GraalVM-specific optimizations

are common to languages using the Truffle framework, and we apply them, too.

Kalibera et al. (2014) implemented FastR, an AST interpreter for a subset of the R

language, and noted that they achieved better performance than the GNU R bytecode

interpreter. While it is another data point suggesting the potential of AST interpreters,

it is a comparison between worlds, i.e., across different systems and implementation

languages with many confounding factors. Our comparison removes these factors

and can examine the differences between program representations, since we have

AST and bytecode interpreters in the same system. That being said, we apply many

of the techniques they recommend in Kalibera et al. (2014) section 4. For instance, we

apply optimizations as soon as possible on AST and bytecode to gain performance.

We utilize aggressive specializations, cache lookups, and use storage strategies to

specialize data structures to reach state-of-the-art performance.

Körner et al. (2021) compared the performance of AST and bytecode interpreters

in the context of Prolog, and found AST interpreters to be more efficient in many cases,

also noting their ease of implementation compared to bytecode. One aspect here is

that Prolog is more amenable to being represented as an AST due to its recursive

execution model, and attests to the strength of the more natural representation of a

tree when compared to the linear nature of bytecode. These types of thoughts are not

new. D’Hondt (2008) asked whether we should consider bytecodes to be an atavism,

however, without a clear answer with respect to performance.

In the context of meta-compilation systems, the difference between meta-tracing

and partial evaluation has been studied before (Marr et al. 2015). While we also use

GraalVM and RPython as the only practical meta-compilation systems, this work

focused on the question of program representation.
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4.6 Conclusion

Meta-compilation systems enable us to implement languages based on interpreters,

while components such as just-in-time compilation and garbage collection are pro-

vided by the system. This makes interpreters a key part of these systems, and makes

meta-compilation a key space in which to analyze interpreter design. Language

implementers benefit not just from reduced engineering effort, but also all the know-

how around interpreters, and part of this folklore is that bytecode interpreters are

faster and more memory efficient than AST interpreters.

In this chapter, we showed that bytecode interpreters are not necessarily more

efficient than AST interpreters on top of meta-compilation systems. Instead, AST

interpreters are on par, and in some cases even faster than bytecode interpreters,

with and without meta-compilation. We showed this based on PySOM and TSOM, for

which we built both an AST and bytecode interpreter on top of both RPython and

GraalVM. We evaluated performance and memory use based on the Are We Fast Yet

benchmarks (Marr et al. 2016). Therefore in this context, AST-like interpreters bene-

fiting from their proximity with the host language may be able to do so without a

performance cost.

While we found that both AST and bytecode interpreters can be on par performance-

wise, we could also confirm that bytecodes are more memory-efficient than AST

nodes, as expected from BC-like interpreters relying on a compact representation,

instead of AST-like interpreters using sparse host language objects. However, as

soon as run-time profiling information comes into the mix, the difference becomes

smaller. Furthermore, with the structure of bytecode interpreters, they may need

more run-time memory allocations, which can have a negative impact on overall

memory use. We also investigated the performance impact of common optimizations,

which can help language implementers to prioritize their implementation.

We believe our results show that AST interpreters should not be so readily dis-

counted when it comes to implementing efficient and fast language implementations.

While bytecodes can be more compact, AST interpreters have engineering benefits

such as direct utilization of the host-language stack, more localized and encapsulated

state, and their tree structure facilitates early optimizations that can make them a
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suitable choice for some implementations.

We have seen that meta-compilation frameworks can put constraints on some

design decisions, or encourage others, in our case pushing BC interpreters a bit

towards being AST-like. So, meta-compilation systems could also benefit from further

improvements to provide more flexibility. Using techniques proposed by Koparkar

et al. (2021), Pape et al. (2017), Pape (2021), and Vollmer et al. (2017) may enable

more compact representations of ASTs that can still be interpreted and benefit from

self-optimization. Truffle’s Bytecode DSL (Bytecode DSL 2025; Humer et al. 2022),

which generates BC interpreters on top of Truffle, is also very promising. It aims to

make the implementation of bytecode interpreters on top of GraalVM as convenient

as AST interpreters, could solve the issues we observed around boxing avoidance

and may enable the integration of multi-level quickening (Brunthaler 2021).

While we were not able to measure warmup differences with the benchmarks

we used, we know that bytecode interpreters can suffer from longer compilation

times on top of GraalVM. The partial evaluation system will first unroll the bytecode

loop and duplicate it as many times as a method has bytecodes, and inline all called

methods aggressively. This results in huge compiler graphs and is a known limitation

with the current system. Future work should investigate how to effectively interleave

classic optimizations with partial evaluation to minimize the compiler graph and the

corresponding compilation time.

GraalVM is currently also limited in the optimizations it can apply to bytecode

interpreters since the GraalIR only supports structured control flow. Thus, creative

solutions to e.g. enable effective threaded interpretation would be needed.

Our work so far was strictly focused on interpreters in the context of meta-

compilation, as opposed to interpreters written in system-level languages, e.g. C, C++

or Rust. Therefore, our results may or may not generalize outside of meta-compilation.

The following chapter thus aims to answer this question by focusing on comparing

two optimized interpreters, one AST-based and one BC-based, both written using

the Rust language. We focus on their performance, memory usage, but also how

the implementation effort compares to our interpreters on top of meta-compilation

systems.
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Chapter 5

Interpreters in Rust

5.1 Introduction

Many interpreters are written in system-level languages, e.g. C, C++ or Rust, to

achieve the best possible performance. These languages provide control over memory

layout, and offer high performance, at the cost of more engineering effort.

The previous chapter focused on AST interpreters and BC interpreters in the

context of meta-compilation systems, written in Java and RPython, and being based

on a meta-compilation framework that imposed certain restrictions and requirements

in the overall design of our interpreters. This chapter focuses instead on interpreters

written in Rust (see section 2.6), a language which offers high performance and

some safety guarantees. Within the context of meta-compilation, we found AST

interpreters could rival BC interpreters in terms of run-time performance and memory

usage. In this chapter, we perform similar experiments within our optimized, Rust-

based interpreters, to see if these results also extend outside of the realm of meta-

compilation, for interpreters written in system-level languages.

We describe our two Rust-based interpreters for the SOM language (see sec-

tion 2.2), SOMrs-AST and SOMrs-BC1. Unlike TSOM and PySOM in the previous

chapter, the SOMrs interpreters are pure, i.e., not based on meta-compilation systems

(see section 2.5). Though like our meta-compilation-based interpreters, both SOMrs-

AST and SOMrs-BC are designed based on the design dimensions we associated

with AST-like and BC-like designs in section 3.2. We focus on garbage collection and

how we implemented it in both runtime systems, as we previously did not need to

1https://github.com/OctaveLarose/som-rs

https://github.com/OctaveLarose/som-rs
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implement it for our intrpreters based on meta-compilation, and as it had an impact

on interpreter design decisions, especially in our AST interpreter. We then assess the

run-time performance of our interpreters, and their memory usage, both in general

and isolating the memory needed solely for the program representation.

The contributions of this chapter are:

1. the implementation of SOMrs-AST and SOMrs-BC, both optimized interpreters

written in the Rust language, and a discussion of their design.

2. an analysis showing that optimized BC interpreters outperform AST interpreters

in terms of run-time performance when both are written in system-level lan-

guages, though that the gap is not as large as one may assume.

3. a discussion on the design of AST interpreters on top of Rust, and the associated

challenges with certain AST-like traits, especially when paired with efficient

garbage collection.

5.2 Overview of the SOMrs Implementations

Both interpreters are implemented in Rust, execute the SOM language, and were

designed with similar priorities as we have seen in section 4.1, though not strictly

identical:

• being strongly AST-like and BC-like, to enable comparisons between interpreters

on both ends of our design spectrum.

• run-time performance.

• similar overall designs with our meta-compilation-based interpreters, to enable

potential comparisons with them.

As with the previous chapter, our interpreters are designed to be as strongly

AST-like and BC-like as possible. We justify labeling our interpreters as such in the

next section, where we associate each interpreter with AST/BC design dimensions

defined in section 3.5.

Run-time performance is a key focus in our interpreters also, as it is a core part

of the appeal of using a system-level language such as Rust. It is therefore of high
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interest to language implementations written in this language, and written in system-

level languages as a whole. Therefore, our interpreters strive to be fast, though they

have received less overall engineering effort than our interpreters described in the

previous chapter.

Additionally, we kept the structure of the SOMrs interpreters similar to that of

TSOM/PySOM, with the goal of enabling comparisons between both. Though, com-

parisons are limited in terms of run-time performance, since our meta-compilation-

based interpreters have received more optimization effort overall, while SOMrs had to

dedicate some of its engineering effort e.g. to implement garbage collection. We can,

however, roughly compare interpreters in terms of memory usage (see section 5.5.2).

5.2.1 High-level Overview

We implemented SOMrs using the Rust language, which we chose as it promises

high performance, as well as give us full control over the code representation and the

design of the interpreter. The language also provides compile-time memory safety

guarantees (see section 2.6.1), which help catch bugs ahead of time by imposing

constraints, which we found to help with the implementation and maintainability of

our interpreters. Though, while these guarantees were especially useful to develop

the initial versions of SOMrs, we gradually did away with these guarantees in some

areas for the sake of performance using the unsafe keyword, most notably to integrate

efficient garbage collection, which we later see in section 5.3.

SOMrs-AST is designed to be strongly AST-like and SOMrs-BC is designed to

be strongly BC-like. Thus, we stay close to the common AST and BC characteristics

discussed in section 3.5, which we list for both of our interpreters.

Both are part of the same codebase, share some core features, such as garbage

collection, and both have received a similar amount of engineering effort. Our

interpreters implement the same optimizations, or implement optimizations that

have a clear counterpart in the other interpreter. Since all optimizations are shared,

we can meaningfully compare the performance of both interpreters, and assume that

the most important difference between both is their choice of program representation,

being AST or BC. We expand on all implemented optimizations in section 5.2.5.
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5.2.2 AST

1 pub enum AstExpression {
2 GlobalRead(Box<GlobalNode>),
3 LocalVarRead(u8),
4 NonLocalVarRead(u8, u8),
5 ArgRead(u8, u8),
6 FieldRead(u8),
7 LocalVarWrite(u8, Box<AstExpression>),
8 NonLocalVarWrite(u8, u8, Box<AstExpression>),
9 LocalExit(Box<AstExpression>),

10 InlinedCall(Box<InlinedNode>),
11 UnaryDispatch(Box<AstUnaryDispatch>),
12 BinaryDispatch(Box<AstBinaryDispatch>),
13 ...
14 }

LISTING 5.1: Part of the AST representation used in SOMrs-AST, stored in a Rust
enum type.

Non-Compact Representation Listing 5.1 shows part of its AST representation. The

AST used by SOMrs is similar to that of TSOM and PySOM, as previously seen in

section 4.1.1. We describe the AST nodes in full in appendix C.1.

Our AST nodes are defined in an AstExpression enum. In Rust, enum instances

are laid out in memory such that for any enumeration item, no matter which variant

it is, its size will be that of the largest variant, plus additional storage for the tag of

the item2. This means that AST nodes corresponding to expressions, in SOMrs-AST,

do not have variable size. In our case, every expression needs 24 bytes in total, as the

largest variant needs 16 bytes and Rust needs an additional byte to keep the tag of

the enum, with this tag needing to be aligned on an 8-byte boundary for alignment

purposes (on a 64-bit machine). This is in contrast to TSOM and PySOM, which

relied on Java and Python objects respectively, which have object headers, alignment

requirements, as well as size that depends on their object fields, thus requiring more

memory overall to store their representation.

SOMrs-AST relies on a non-compact representation. As we can see in listing 5.1,

AST nodes are stored and accessed with Box<T>, i.e. pointers into the Rust heap.

Although SOMrs makes frequent use of pointers directly into our garbage collection

heap Gc<T> (as we will see in section 5.3.2), we instead use Box<T> pointers because

2The Rust compiler can also occasionally require no additional storage for the tag, if it can store it in
unused bits in the data type itself.
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we store the AST on the Rust heap. We discuss this decision not to store the AST

on our GC heap in section 5.3.3. Garbage collection was, generally speaking, more

difficult to implement within SOMrs-AST than SOMrs-BC.

The AST representation is more compact than that of TSOM/PySOM in that

relying on a Rust enum means every AST node has the same size, therefore that consec-

utive AST nodes can easily be stored next to one another in memory. Therefore, each

method has a Vec<AstExpression> which stores expressions consecutively in mem-

ory, but expressions refer to subexpressions using the Box<T> type, meaning those

subexpressions could be anywhere in memory. So, our representation is relatively

non-compact overall.

Recursive Design SOMrs-AST has a naturally-recursive design, as described in

section 2.1.1, matching the design of our meta-compilation-based AST interpreters.

AST nodes implement the Evaluate trait and its associated evaluate method in

which the behavior of the node is specified, mirroring “execute” in TSOM and

PySOM. In our meta-compilation-based AST interpreters, calls to this “evaluate”

method dynamically dispatch to the correct implementation depending on the caller.

However, SOMrs-AST does not rely on dynamic dispatch, while it is supported by

Rust (using the dyn keyword), and instead dispatching an AstExpression is done

with a match statement with branches for each possible expression variant. This is

a trait that we previously categorized as BC-like (see section 3.5), which we used in

this case as we believe it to be an idiomatic way to implement different AST nodes in

Rust.

Exceptions For Non-Local Control Flow While Rust does not feature an exception

type, SOMrs relies on its own exception-like type to handle non-local control flow.

Each operation returns an enum Return, which can be a normal return, or a non-local

return, both wrapping values. A non-local return also wraps a target scope, and so

caller methods have their own “exception handlers” where they check that the return

value of the previous statement was or was not a non-local return, and propagate the

non-local return to the correct target scope if needed.
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5.2.3 BC

1 pub enum Bytecode {
2 Pop,
3 PushLocal(u8),
4 PushNonLocal(u8, u8),
5 PushArg(u8),
6 PushNonLocalArg(u8, u8),
7 PushField(u8),
8 PushBlock(u8),
9 PushGlobal(u8),

10 WriteLocal(u8, u8),
11 ReturnLocal,
12 Jump(u16),
13 JumpBackward(u16),
14 JumpOnTrue(u16),
15 Send1(Interned),
16 Send2(Interned),
17 Send3(Interned),
18 SendN(Interned),
19 ...
20 }

LISTING 5.2: Part of the SOMrs-BC bytecode set.

Bytecode Set SOMrs-BC is a stack-based bytecode interpreter, with a bytecode set

intentionally designed to roughly match that of TSOM and PySOM, as we described

in section 4.1.2 and show in full in appendix B.2. We show the full bytecode set for

SOMrs-BC itself in appendix C.2.

Listing 5.2 shows part of the bytecode set. As with AST nodes, we represent

bytecode as a Rust enum, meaning that the size of a single bytecode is fixed, being

equal to the size of the largest variant plus storage for the tag. Therefore, while a

PushLocal(u8) variant could be stored using only two bytes of storage (one for the

tag and one for its argument), Rust instead uses 4 bytes to represent it, as it does for

each bytecode. This means our bytecode set is not as compact as it could possibly be,

since several bytecode variants are given extra bytes that they make no use of. We

come back to this trade-off between engineering and performance in section 5.6.2.

Purely Iterative Design Bytecode is dispatched with a main bytecode loop. We

do not rely on a recursive design, as first described in section 3.3.1, but instead a

non-reentrant bytecode interpreter design, with the bytecode loop function invoked

once and used for all methods throughout the execution. This is in contrast with
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TSOM and PySOM which relied on a guest-method recursive bytecode loop function,

which we argued in section 4.1.2 was an AST-like design in some aspects, as meta-

compilation encourages designs that leverage host language mechanisms. SOMrs-BC,

instead, relies on what we find to be a more BC-like design.

No Exceptions For Non-Local Control Flow Our other bytecode interpreters rely

on the host language stack for their execution, but SOMrs-BC has a purely iterative

design. It thus also has its own stack, and therefore, any non-local control flow can be

handled by modifying this stack, popping frames until the correct scope is reached.

5.2.4 Differences with Interpreters Based on Meta-Compilation

As SOMrs relies on the Rust language and is completely outside the context of meta-

compilation, its design has several differences with TSOM and PySOM. This section

already established some differences between these interpreters and SOMrs in terms

of the runtime representation, such as how AST/BC is laid out in memory and

how both interpreters handle dispatching to the next instruction. Here, we describe

differences stemming from being outside of the context of meta-compilation.

Less Profiling Information An important difference between SOMrs and our meta-

compilation-based interpreters is that since our Rust-based interpreters feature no JIT

compilation, they do not need to store profiling information for the sake of efficient

dynamic code generation. They thus do not need to e.g. increment invocation

counters to report hot methods, and instead only store run-time information that

benefits the performance of the interpreter itself, such as inline caches. This is likely to

save memory through needing less storage for profiling information, and to improve

run-time performance by avoiding spending cycles to store and update this profiling

information.

Calling Convention As we described in section 4.1.6, TSOM also has to allocate

object arrays for method calls due to the calling convention enforced by GraalVM.

PySOM did not enforce any calling convention, and SOMrs similarly has no such

restrictions. This freedom is why SOMrs mirrors the decision originally taken by
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PySOM to specialize method dispatches based on one, two, or three arguments, as

seen in listing 5.1 with the [Unary|Binary|...]Dispatch nodes, and in listing 5.2 with

the Send[1-2-...] bytecode variants, with otherwise an N-ary dispatch node/byte-

code which incurs an additional allocation.

Object Boxing Both TSOM and PySOM rely on object boxing to some extent. While

TSOM leveraged the TruffleDSL to implement specializations that avoided a large

amount of boxing, all values are boxed in PySOM. SOMrs instead relies on NaN

boxing/NaN tagging (which we later see in section 5.2.5) to represent values, which

was not an option for our meta-compilation-based VMs since neither Graal nor

RPython support tagging schemes. This means that the value is not boxed on the

heap, but encoded within a 64-bit floating point number. The type of the value has to

be checked prior to being used, and that its type has to be extracted from the floating

point value, but these operations are cheap bitwise calculations. SOMrs relying on

NaN boxing is also why it does not rely on storage strategies and an object model like

that of TSOM/PySOM (see section 4.1.4), since boxing avoidance is far less beneficial

to SOMrs.

5.2.5 Implemented Optimizations

We focused on implementing optimizations that can be applied to both AST and

BC interpreters, so that we could meaningfully compare the performance of both

interpreters. Thus, the following optimizations are present in both SOMrs-AST and

SOMrs-BC, and are therefore orthogonal to the program representation.

Apart from NaN boxing, these optimizations were previously described in sec-

tion 2.3, and the majority match optimizations present in meta-compilation sys-

tems, described in section 4.1.3 and section 4.1.5. We define those shared optimiza-

tions again here briefly since SOMrs implements several of them differently than

TSOM/PySOM, e.g. SOMrs uses a different number of cache entries for inline caching.

Inlining Control-Flow Structures and Lowering of Basic Operations In SOM,

everything is a message send, which is a flexible and elegant model, but comes at

the cost of performance. Therefore, reducing the number of method calls is essential
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for good performance. Since control-flow operations are defined as methods, e.g.,

#whileFalse:, we inline such methods to avoid the call overhead and represent

control flow directly.

The inlined constructs are methods previously mentioned in section 2.3.2, namely

#ifTrue:, #ifFalse:, #ifTrue:ifFalse:, matching nil-specific methods e.g. #ifNil:,

#whileTrue:, #whileFalse:; #and:, #or:, and #to:do:. The inlining decisions taken

mirror those of TSOM/PySOM, and the only difference is that SOMrs also inlines the

#to:do method, which was only done in TSOMAST/PySOMAST.

Unlike our AST interpreters based on meta-compilation, we do not directly re-

place standard arithmetic operation function calls such as + and >= with specialized

AST nodes directly when parsing. Though, we directly implement them in both

interpreters as primitive functions, alongside e.g. common string or array operations,

and so they are special-cased to achieve better performance nonetheless.

Trivial Methods SOMrs directly handles trivial methods (see section 2.3.3), avoiding

the allocation of a stack frame for simple methods such as getters and setters. Both

SOMrs-AST and SOMrs-BC handle all four trivial method types which we defined

in Chapter 2. In practice, this means every method in both of our interpreters is

categorized as either a normal method, primitive method, or trivial method.

Monomorphic Inline Caching To optimize the method dispatch, inline caching (see

section 2.3.2) stores lookup results at a call site. After a successful method lookup,

the receiver class and the result is cached at that call site and thus avoids the need for

subsequent lookups when executing the call site with the same receiver class again.

Since our benchmarks are overwhelmingly monomorphic (see appendix A.1), as are

the majority of call sites in industrial benchmarks for dynamic languages (Kaleba et al.

2022), storing only one cache entry per call site is sufficient for SOMrs. We previously

used polymorphic inline caches, but did not see noticeable performance benefits, and

thus, decided to simplify the implementation.

Supernodes and Superinstructions Based on the work of Casey et al. (2007) and

Larose et al. (2023, 2022) we added specialized and coarser bytecodes and AST nodes
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for common operations typically referred to as superinstructions or supernodes. For

example, we added the PUSH_1 bytecode to push a 1 onto the stack, and the IncLocal

AST node to increment a given local variable by 1. We implement less superin-

structions and supernodes overall than our interpreters based on meta-compilation,

though, as we see in appendix C.

NaN Boxing We implemented NaN boxing (Leijen 2022), a technique that encodes

data by using not-a-number bit patterns of IEEE 754 64bit floating numbers. With

this technique, NaN doubles can be used to encode a type tag and a value. Crucially,

there is room for pointers, since they require only 48 bits on current 64-bit systems.

This allows us to represent doubles without boxing, i.e., without allocating a wrapper

object, as well as 32bit integers, true, false, nil.

A key benefit of NaN boxing is that if every number type is a double by default,

then no unboxing is necessary for double types, which can be read directly from

the value. This is not the case in SOM, which therefore does not benefit from this

advantage of NaN boxing. However, when we later implemented various object

tagging schemes instead of NaN boxing, we did not observe a significant performance

improvement. Therefore, the versions of SOMrs analyzed in this chapter rely on NaN

boxing and not an alternative type of tagging.

5.3 Garbage Collection in SOMrs

In Chapter 4, Garbage Collection (GC) was already provided to our interpreters by

the meta-compilation frameworks themselves. This is not the case for SOMrs, which

needs to implement its own garbage collector(s) or rely on an existing GC framework.

Automatic garbage collection in Rust is idiomatically handled using naive refer-

ence counting (see section 2.5.1), with the Rc<T> type. This type allows for multiple

ownership, by keeping a reference count to the number of live references, and safely

dropping the value when this counter reaches zero. To allow for safe mutable ac-

cess, it can be paired with the RefCell<T> which dynamically checks borrow rules,

therefore data T can have multiple owners that can mutate it using a Rc<RefCell<T>>

type. This representation is useful for SOMrs, since e.g. a Rc<RefCell<Class>> can
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be shared among several Instances of this class, such that any instance can read but

also write to static class fields.

However, this approach leads to issues, most notably difficulties handling cy-

cles, but also lower execution speeds. Pointer access is ubiquitous, yet accessing a

value here requires checking that the value is not already mutably borrowed, and to

increment the reference count. After using any such pointer type and having it be

dropped when exiting the current scope, the reference count gets decremented and

then checked to potentially free the value. Moreover, naive reference counting cannot

easily deal with cycles, which can cause memory leaks.

For these reasons, and while it is an idiomatic way to implement garbage collection

in a Rust-based VM, we chose not to rely on the Rc<T> type. To reduce the overall

engineering effort needed while achieving good performance, we instead implement

GC by relying on the MMTk framework, which we see first in section 5.3.1. We

then describe our approach in section 5.3.2, and since efficient GC can be difficult to

correctly implement in Rust, we expand on these challenges in section 5.3.3.

5.3.1 MMTk: Memory Management ToolKit

While not directly provided by the host language, there are several ways to implement

garbage collection within Rust, which we described several of in section 2.6.4. For

SOMrs, we chose to rely on MMTk (Blackburn et al. 2004), which stands for Memory

Management ToolKit. It is a framework for implementing garbage collectors, which is

being implemented in Rust (Lin et al. 2016).

MMTk was chosen for the following reasons:

• its stability, having existing sturdy bindings for OpenJDK3 and V84, among other

industry virtual machines.

• the promise of high performance, an essential argument for our interpreters as

mentioned at the start of section 5.2.

• saving engineering effort from not having to implement GC strategies ourselves.

3https://github.com/mmtk/mmtk-openjdk
4https://github.com/mmtk/mmtk-v8

https://github.com/mmtk/mmtk-openjdk
https://github.com/mmtk/mmtk-v8
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• the ability to easily switch between different GC strategies, to have the possibility

to switch to a more effective one in the future.

• being written in Rust itself, thus being easier to integrate with our Rust-based

virtual machine by avoiding designing a foreign function interface.

It is not a Rust-specific solution, as MMTk is designed to be usable in any language

implementation. SOMrs must ensure correctness itself, e.g. properly report all

reachable values when scanning the heap, or ensure that the world is properly

stopped during collections.

5.3.2 Overview of our Garbage Collection Approach

Our pointer type is a mutable raw pointer directly into the garbage collection heap,

called Gc<T>. The pointer that it refers to is mutable, as opposed to an immutable

*const T, since we need to have the ability to modify the data in memory.

SOMrs works with both a mark-and-sweep collector and a semispace collector (see

section 2.5.2), with both implementations provided by the MMTk framework. Mark-

and-sweep (McCarthy 1960) is a simpler, non-moving approach to GC, which was the

initial GC approach for SOMrs, and with which compatibility has been kept. Though,

for performance reasons, the default GC plan for both SOMrs virtual machines is

a semispace approach (Fenichel et al. 1969). The reasoning behind this choice is

that allocation is cheaper with a semispace approach, as it relies on a bump pointer

allocator, i.e. requesting N bytes cheaply allocates by increasing a pointer into the

GC heap by N. That is because memory is guaranteed to be compact since all de-

allocations happen as data gets moved and compacted to the new heap, therefore a

de-allocation can never create a gap in memory. Meanwhile, mark-and-sweep never

moves or compacts data, so de-allocations can lead to memory gaps, and so any

allocation requires scanning the heap for a large enough space available in memory.

Faster allocation is key in our benchmarks since collections are not as common as

they would be for larger, longer-running applications. Given that our systems are

interpreters and do not feature JIT compilation, they are usually meant to run for

shorter amounts of time, therefore not run long enough to trigger many collections.
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Given the flexibility of MMTk, we could easily switch to a more efficient garbage

collection algorithm in the future, e.g. Immix (Blackburn et al. 2008), should we want

to further improve the performance of our runtime systems. Though since our current

priority is allocation speed and not maximizing throughput, we find the performance

of our GC sufficient for the purposes of this work.

5.3.3 Ensuring Soundness With Moving GC

As seen in the previous subsection, SOMrs can rely on GC approaches that move data

when collecting, with collections being possibly instigated from various parts of our

virtual machines. This potential moving can be at odds with the Rust type system

if we do not properly inform it that specific data can be moved, which can lead to

undefined behavior. In this section, we explain how such bugs may occur, and how

we designed the SOMrs virtual machines to avoid these issues.

Example of Unsoundness from Moving GC

Rust often assumes that variables cannot get moved and could not possibly have been

moved, and optimizes based on this knowledge. These invariants indeed hold in

regular, safe Rust code, or when using non-moving GC e.g. mark-sweep. However,

this is not the case with moving GC, such as with our semispace approach.

1 // Note: universe.current_frame is a known GC root
2 let prev_frame: &mut Gc<Frame> = &mut universe.current_frame;
3
4 // Requesting memory may trigger GC
5 let mut frame_ptr: Gc<Frame> = gc_interface.request_memory(SIZE);
6
7 // ERROR: prev_frame may be invalid if GC was triggered!
8 frame_ptr.initialize_frame(method, prev_frame)

LISTING 5.3: Example of unexpected undefined behavior from moving GC, which
relies on unsafe Rust code.

Listing 5.3 shows an example of unsound code. Frames store references to the

previous frame, in order to be able to access non-local variables. Therefore in the first

line, we get a reference to the current frame, which will be the “previous frame” for

the new frame. We then request memory to create a new frame object, which as with

all memory requests, may trigger a collection and therefore move objects. Though
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there should normally be no issues in this case, since the prev_frame is a reference

to a Gc<Frame> that we store in universe, a structure that is used to report GC roots,

and therefore the value is not isolated on the Rust stack. Finally, we use prev_frame

to initialize the new frame object (as well as its associated method).

This leads to rare bugs where if GC triggers in this case, prev_frame still points

to the old heap, having seemingly not been correctly adapted by GC despite having

been reported as a root. Such an issue leads to the new frame getting initialized with

invalid data (e.g. storing an invalid pointer to its associated method), and execution

may or may not fail at some later point because of this incorrect behavior.

This is explained by the “frozen reference property”5, meaning that the Rust

compiler may perform optimizations assuming that the variable referenced cannot

have changed, leading to incorrect behavior. Moving GC is implemented using

unsafe code, yet the Rust compiler optimizes based on the knowledge that aliasing

rules are respected and not circumvented using unsafe, which we indirectly did in

this context with GC moving the prev_frame variable. Therefore, undefined behavior

can be introduced through a mismatch between the expectations of the compiler and

unsafe code breaking those expectations.

To limit such issues, throughout our VMs, we inform the Rust optimizer of which

variables should be considered to have potentially moved. This can be done with

the compiler hint std::hint::black_box, which tells the compiler not to perform

optimistic optimizations on a given variable, and so assume that e.g. it may have

been moved. Though, the stronger solution is for us to rely on the UnsafeCell<T>6

type, which allows for interior mutability, i.e. an &UnsafeCell<T> may point to data

that is being mutated, without introducing undefined behavior.

Therefore, whenever GC may occur, we can ensure that the compiler is informed

of any potential variables that may have been moved, to avoid issues as we described

in this section. This highlights that our GC implementation circumvents the Rust

type system, and so that we have to manually ensure that any GC API call does not

introduce undefined behavior, without Rust safety guarantees aiding in this process.

5https://gist.github.com/Manishearth/70856e2f01e18935681c
6https://doc.rust-lang.org/std/cell/struct.UnsafeCell.html

https://gist.github.com/Manishearth/70856e2f01e18935681c
https://doc.rust-lang.org/std/cell/struct.UnsafeCell.html
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Though, this solution still allows multiple references to be created, which can lead

to unsound behavior. We designed our interpreters such that the high-level structure

minimizes the chances of such issues occurring, and though we cannot be certain that

we have tracked every possible point of contention we have taken a lot of care to limit

the possibility of such bugs, as we see in the next sections. Both SOMrs interpreters

can run every benchmark in our suite, and more importantly pass every test in our

SOM test suite. Our careful design and extensive testing leads us to believe that our

runtime systems are sound, but these potential issues with our approach may be

harder to manage if adapted to work within larger VMs, with many more potential

GC triggers needing to be manually tracked.

Primitives Only Relying On The Universe On a Need-to-use Basis

Both SOMrs virtual machines feature a variety of primitives, to perform operations

ranging from adding values to concatenating strings. Several of these primitives can

trigger garbage collection, however. Invoking Class::#new will naturally need to

allocate memory for a new instance of a class, but even simply adding two integers

may possibly require allocating a big integer object on the heap. To avoid issues such

as those described in section 5.3.3, primitives maintain invariants that allow us to

avoid similar unsoundness bugs by design.

Both interpreters rely on a Universe Rust class for access to global state and

operations that impact said global state, such as directing the flow of execution by

requesting the creation of a new frame, or making requests to the garbage collector in

general. Therefore, all primitives were previously given access to this Universe class

to be able to request allocations at will.

However, primitives take arguments which we want to remain on the AST or BC

stack, such that they are reachable for the GC. This stack is global state, which leads

to an issue of ownership, since dispatching a primitive means fetching its arguments

through global state, but primitives themselves need a reference to this global state if

they require it e.g. to request memory.

A possible fix is by using unsafe, which can let us duplicate references. Dispatch-

ing any primitive can then be handled by fetching a reference to the arguments stored
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on the stack, duplicating the reference so that the stack and its associated global state

are no longer deemed by the Rust compiler to be already borrowed, and then both

arguments and global state can be passed as arguments to the primitives. Theoreti-

cally, since primitives only take references to values as arguments, and not arguments

directly, the referenced arguments should get correctly updated after moving GC

and the references should then point to correct, updated values. However, it would

lead to subtle bugs in some primitives, where the references to the arguments would

not get correctly updated, in similar compiler errors as described in section 5.3.3.

Moreover, the stack is a Rust vector, which Rust may theoretically reallocate if too

many values are added to it by some stack-intensive primitive operation, e.g. the

Object»#perform: primitive, which allows indirectly calling any method on the re-

ceiver object. Therefore, any duplicated reference may rarely be incorrect, and so this

behavior unsound.

To address this issue, primitives are divided into two distinct types: those which

never need access to the Universe or global state to function, and those which do.

Primitives take in either the arguments they fetched from the stack, or a reference to

global state, but never both. For primitives which never need access to global state,

as part of dispatching them, their arguments are fetched and their types checked, and

the primitive is then invoked as a function which takes in just these arguments. This

has the major benefit of providing an easy way to identify which functions can never

trigger GC, therefore cannot lead to GC bugs.

Every other primitive does not directly get provided its arguments, and is instead

tasked to fetch and verify them from the global stack themselves. These primitives

maintain the invariant that no value is left unreachable on the Rust stack, prior to any

arbitrary code execution that may rarely trigger GC.

This dispatch mechanism leads to some added complexity, but avoids the un-

soundness we would get from duplicating references. Moreover, this helps maintain

our virtual machines by limiting the space where GC bugs can originate. This is

an example of us designing our interpreters to avoid potential undefined behavior

despite our use of the unsafe keyword, and this can be seen as a high-level mirroring

of Rust ownership rules, which avoid bugs by limiting the amount of live references

to data, while we limit the amount of live references to shared global state.
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AST: Finding Roots, and the Host Language Stack

A common GC problem is that of finding roots. For live objects not to be missed by GC,

the implementation must ensure that all root objects are reachable and reported prior

to any GC phase. This led to issues regarding SOMrs-AST and its extensive reliance

on the Rust stack, to be AST-like as first defined in section 3.4, which SOMrs-BC did

not share given its non-recursive and non-reentrant design.

1 impl Evaluate for BinaryDispatchNode {
2 fn evaluate(&mut self, universe: &mut Universe) -> Return {
3 let receiver = self.receiver.evaluate(universe);
4
5 // /!\ if this call triggers GC...
6 // ...the contents of "receiver" did not get moved!
7 let arg = self.arg.evaluate(universe);
8
9 self.dispatch(self.method_name, receiver, arg, universe)

10 }
11 }

LISTING 5.4: Example breaking SOMrs-AST code, where we miss the receiver root
since it is isolated on the Rust stack.

Listing 5.4 highlights this issue. When evaluating a BinaryDispatchNode, dis-

patching must be done after evaluating the value of the receiver and the argument.

Since both can be any expression or block, evaluating them may trigger GC, especially

if they represent complex long-running operations. If this happens, this can lead to

invalid behavior: if after evaluating receiver, we evaluate arg and this triggers GC,

then receiver was not reported to the GC and may point to data which has now

gotten collected.

Our solution instead was to have SOMrs-AST rely on a custom value stack, which

shadows part of the Rust stack. Whenever we would leave a value stranded on the

Rust stack and not reachable by GC, we do not rely on the Rust stack but instead

push it to our custom global stack, and we then report each GC pointer within it as a

root. Values are removed from the stack when they are no longer used by the VM.

Adding and removing values to our custom stack has an unfortunate performance

cost. However, an unexpected benefit is that this helps improve method dispatching,

which is highly common. Since our stack is a Vec<Value> type, its values are stored

contiguously. When dispatching to a new method, we need to allocate a new Frame



114 Chapter 5. Interpreters in Rust

object in which the arguments of the method must be copied. And since the arguments

are already stored on our stack contiguously, which matches their expected memory

layout in Frame objects, we can call Vec::drain to efficiently remove the arguments

from the stack while giving us a slice that we can copy to the Frame object. Moreover,

we may be able to get further speedups by never moving arguments off of this global

stack into the frame, and instead directly accessing/modifying them, though we may

then require additional bookkeeping to ensure we can correctly clean the stack in the

event of a non-local return.

Despite this optimization mitigating the performance loss, reifying the language

stack in this way is in no way an ideal solution. However, we found it to be necessary

to ensure that SOMrs-AST properly interacts with GC if it is to keep its recursive

design.

Interestingly, this makes SOMrs-AST a stack-based AST interpreter, while one

would typically associate using stacks with non-recursive, e.g. more BC-like designs.

This indeed makes our AST interpreter amenable to be refactored to be more BC-like,

since by no longer relying on the host language stack for temporary values, we could

also more easily refactor the interpreter to not rely on the host language stack for

control flow, and no longer use a recursive structure.

AST: Storing Nodes on the Rust Heap

As seen in section 5.2.2, SOMrs-AST stores its AST representation on the Rust heap

instead of our GC heap. Edges between AST nodes do not rely on our Gc<T> pointer

type, but on the Rust Box<T> type, the standard pointer type for data on the Rust heap.

We implemented a version of SOMrs-AST which did not rely on Box<T> at all, and

stored all the AST nodes on our GC heap instead. Unfortunately, this led to major

issues with moving GC invalidating pointers to some AST nodes.

We use the code in Listing 5.5 to highlight the problem. AstBody is one of the

most common AST nodes, which stores a sequence of nodes, and is used by method-

s/blocks to execute all their expressions in order. This code works as expected if the

AST nodes are stored on the Rust heap. If they are stored on the GC heap instead, but

using our non-moving GC implementation, we also do not run into issues. However,
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1 impl Evaluate for AstBody {
2 fn evaluate(&mut self, universe: &mut Universe) -> Return {
3 let mut last_value = Value::NIL;
4 for expr in &mut self.exprs {
5 last_value = expr.evaluate(universe);
6 }
7 Return::Local(last_value)
8 }
9 }

LISTING 5.5: The evaluate method in SOMrs-AST for any sequence of nodes,
invoked for every block and method.

storing nodes on the GC heap while using moving GC breaks this implementation.

Since nodes are GC objects, they get moved whenever a collection triggers, and since

evaluate method calls can execute any AST node, they may always be assumed to

potentially trigger GC. If this happens in this example, then self itself would point

to an incorrect, non-moved version of the AstBody node, self.exprs would become

invalid and SOMrs-AST then has incorrect behavior.

We may manually inspect the Rust stack ourselves to track and move all node

references, as previously described (see section 5.6.1), but this remains a complicated

and likely error-prone solution. The easiest solution may be to report all these self

values as roots, for each AstBody, in another stack, on top of the one previously

described in the previous section. Then the next expression in the sequence would be

accessed by not accessing self, but the value of self we stored on our own stack, to

ensure we do not access an incorrect value. Though, this would likely induce major

slowdowns.

On another note, this design decision would make our AST interpreter partly rely

on its own reified stack for control flow. To avoid slowdowns, this would encourage

refactoring the overall design to not be recursive, and so shifting the interpreter

towards being more BC-like. Alongside the stack we already use to store temporary

values that we saw in the previous section, one can see how using Rust while trying to

get a well-performing recursive design, leads to pressure to switch to a non-recursive,

more BC-like design, from the host language itself.

Because of these issues, we opt not to store the AST on the GC heap at all. We do

not find this decision to be limiting in terms of performance, and we did not observe

a clear benefit on our non-moving GC implementation.
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Self-Referential Frames

1 pub struct Frame {
2 pub previous_frame: Gc<Frame>,
3
4 pub associated_method: Gc<Method>,
5
6 // To know where to resume execution when returning to parent frames.
7 pub bytecode_idx: u16,
8
9 // Arguments and local variables would idiomatically be stored in vectors,

though we do not. (see current section)
10 // pub args: Vec<Value>,
11 // pub locals: Vec<Value>
12 }

LISTING 5.6: A example of a frame in SOMrs-BC. Frames in SOMrs-AST are almost
identical, though e.g. do not need to store a bytecode index.

The most accessed object in both our virtual machines are language frames, which

are created for each normal (i.e. non-primitive, not specialized) SOM method call.

Listing 5.6 shows an example. Each SOMrs-BC frame contains an associated_method

field, storing a pointer to the method associated with the current frame, used to

access the bytecode for the current method or literal values. Additionally, the current

bytecode index is stored when creating new frames, such that when they are finished

executing, execution can resume in the parent context at the right index. This leads to

frames requiring slightly more memory in SOMrs-BC compared to SOMrs-AST (see

section 5.5.2)

Frames in both the AST and BC interpreter contain a reference to the previous

frame, as well as arguments and local variables for the scope associated with this

frame. However, the number of arguments and locals associated with each frame

depends on what scope it represents. There can be an arbitrarily large amount of

arguments or local variables in SOM (though often capped at 255), and our virtual

machines must account for these possibilities.

The idiomatic way to handle this in Rust is to use one or several vector types:

Vec<Value>. Prior to managing our own GC heap, a SOMrs Frame had to contain

a vector for these values, and creating a new frame thus involved an additional

invocation, that of a vector on the Rust heap. Vectors can always grow in size,

however, which is a non-requirement in this case. Given any scope, we always

expect the same number of arguments and the same number of local variables, which
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was determined by our SOM parser and compiler. Fixed-size arrays may then appear

better suited to our purposes, but their size has to be determined at compile-time,

while we only determine this size during runtime, during our compilation phase

from SOM to AST/BC.

Using GC, or more specifically being in charge of our own allocations, helps

us solve this problem by letting us change the memory layout of our Frame objects.

Frames are allocated with extra memory of a variable size N, with N being the size

of a Value type times the total number of argument and local variables. Therefore,

instead of storing them on the Rust heap with a Vec<Value> type, we can store them

directly inline for any frame and ensuring each frame incurs a single allocation and

not two.

This design meets the Rust type system halfway. A Frame is still a Rust struct, and

we can access all of its data normally, e.g. reading the bytecode index for the current

frame is done using frame.bytecode_idx. Reading arguments and locals, however, is

done through known offsets from a pointer to the frame, and the Rust type system

can not know that these values are actually part of the frame without issue.

5.4 Methodology to Compare the SOMrs Interpreters

Our methodology for SOMrs is largely based on section 4.2. Its goal is to characterize

the performance trade-offs of AST and BC interpreters in the context of Rust, focusing

on run-time performance and memory usage.

Since SOMrs does no JIT compilation, we do no analysis for peak performance and

warmup performance. Furthermore, we did not assess the individual performance

impact of our optimizations. When developing SOMrs, we relied on our performance

results for interpreter performance in TSOM/PySOM to prioritize which optimiza-

tions to implement, and when doing so, we observed similar performance benefits

as expected based on our previous findings. Therefore, we did not deem a similar

examination of the impact of optimizations for SOMrs to warrant the engineering

effort, as we expect it would yield largely similar results as we already found in

section 4.3.1.
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5.4.1 Interpreter Performance

Run-time performance in SOMrs is only assessed through interpreter performance, as

we do no JIT compilation. We compile both interpreters to stand-alone binaries, while

enabling several flags for optimal performance. This includes setting the optimization

level to the maximum available (opt-level = 3), disabling parallel building to ensure

LLVM generates optimal code (codegen-units = 1), enabling link-time optimization

(lto = yes), and minimizing the amount of stack information held onto by disabling

unwinding the stack in case of an error (panic = "abort"). Though, other than

changing the optimization level, we found these flags to be of minimal performance

benefit.

5.4.2 Memory Usage

As with our interpreters on top of meta-compilation systems, we expect our AST

interpreter to have some memory overhead compared to our BC interpreter, since our

bytecode is a more compact representation than our AST nodes. Though, the SOMrs

interpreters collect far less profiling information, since there is no JIT compilation

involved, which is likely to impact the results by having both systems require less

memory overall.

Because of the complexity of the underlying meta-compilation systems, our ex-

periments in Chapter 4 relied on the maximum resident set size (see section 4.2.4),

which is not perfectly precise but an overapproximation of memory use. Using the

same metric on SOMrs did not yield interesting results, since our implementation

pre-allocates a fixed size for the GC heap, therefore the maximum RSS for most bench-

marks was generally the size of the GC heap. But since we have more control over

garbage collection than TSOM/PySOM, we can more accurately track all allocations

within SOMrs, and so report exactly how many bytes were requested throughout run

time.

To calculate the overall impact of the program representation on memory use, we

keep a global memory counter which gets incremented by the memory requested

for each allocation. This allows us to also track precisely what is being allocated

(e.g. a frame, method, instance, ...) since requesting memory requires specifying
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the data structure for which it is required, to aid in debugging and maintaining our

interpreters. This is especially useful to track the impact of the program representation

itself, isolating types that correspond to methods, classes, literal values, and any type

that is used to represent the program. Though as AST expressions are stored on the

Rust heap (see section 5.2.2), we also manually track these Rust heap allocations and

increase the memory usage based on their sizes.

5.4.3 Experimental Setup

All experiments ran on Ubuntu 22.04.5 (kernel 5.15.0-130), with two 6-core Intel Xeon

E5-2620 CPU at 2.40GHz and 16GB RAM. This is the same machine we used for our

experiments on meta-compilation-based interpreters in section 4.3, though with a

more up-to-date Ubuntu and kernel version, a change which we do not believe has

meaningfully affected their performance.

We use ReBench (Marr 2023) version 1.3 to set up the machine for benchmark-

ing, e.g. by minimizing measurement noise, and to collect the results. We use the

Are We Fast Yet benchmark suite (see section 2.7), to allow helpful cross-language com-

parisons. This enables us to compare the performance of our SOMrs interpreters with

widely used bytecode-based virtual machines, such as Node.js, Java and CPython.

We use two different versions of CPython, namely CPython 3.10 and CPython 3.13,

since CPython has received many optimizations in its past few releases, significantly

improving performance.

As with our interpreters in Chapter 4, we measure interpreter performance, by

invoking benchmarks 100 times each, and with the benchmark harness measuring

how long one iteration takes.

5.5 Results of Comparing our SOMrs AST and BC Inter-

preters

In this section, we compare our two SOMrs interpreters in terms of run-time per-

formance and memory usage. We follow the methodology previously defined in

section 5.4.
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5.5.1 Run-time Performance
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FIGURE 5.1: Interpreter run-time performance of the Are We Fast Yet benchmarks,
on a logarithmic scale, with Java as baseline. SOMrs-AST and SOMrs-BC are roughly

at the same level, and are in the same ballpark as CPython 3.10.

We compare SOMrs-AST and SOMrs-BC to other interpreters in terms of run-time

performance, with Java as a baseline. Figure 5.1 shows the performance of all systems.

After Java, Node.js is first with a median slowdown of 1.69× compared to Java, then

CPython 3.13 with 1.72×. We then have SOMrs-BC and SOMrs-AST, with median

slowdowns of 2.81× and 3.18× respectively, then followed by CPython 3.10 with

3.63×.

Both SOMrs interpreters have similar performance ranges, with 0.71× to 8.86× for

SOMrs-BC, and 0.83× to 10.11× for SOMrs-AST. Thus, they are roughly similar in

performance, but the AST interpreter is a bit slower, around 16%. This performance

difference can be observed in our results, and is more pronounced than with our

meta-compilation interpreters (see section 4.3.1) but we do not find it to be large

enough to make our AST interpreter entirely outclassed by its BC counterpart.

We believe these results show that our SOMrs implementations reached a level of

optimization that makes them suitable for a wide range of use cases where just-in-time

compilation is not needed. They can both struggle to reach the performance of highly

optimized implementations like Java, which have received far more engineering effort,

but also occasionally outperform them. Arguably, it is a level of performance that can

be reached with only modest effort by many custom language implementations, and

thus, it is a performance level that is representative for language implementations

with limited engineering resources.

Our BC interpreter outperforming its AST counterpart may be explained in part

by SOMrs-AST relying on the host language stack for its execution, while also having

to keep its own stack to track all GC roots. But since the performance difference is
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minor, while these results are not expected to generalize, they suggest that the choice

between AST and bytecode may not be as important as careful optimizations. While

further optimizations of the SOMrs implementations may increase the difference in

performance, each language implementation project needs to weigh the tradeoffs

between performance and maintainability, where for instance tooling plays a major

role.

To address our original hypothesis: can AST interpreters be as performant as BC

interpreters?, we find that when relying on pure, Rust-based interpreters, our AST

interpreter is outperformed by its BC counterpart. Though, the performance gap is

not wide enough for SOMrs-BC to fully outclass SOMrs-AST.

To compare SOMrs with our interpreters in Chapter 4, we also compare the

performance of all our interpreters in appendix C.3

5.5.2 Memory Usage

As discussed in section 5.4.2, we assess the overall memory usage by aggregating the

amounts of memory needed for all allocations, and then isolate the amount of memory

associated with allocations that are needed to store the program representation itself.

Total allocations

We calculate how many bytes are allocated in total for each benchmark by both

SOMrs-AST and SOMrs-BC. This includes all bytes for the program representation,

but also any structure needed at run time, such as language frames or class instances.

0.8 1.0 1.2 1.4 1.6

SOMrs-AST

SOMrs-BC

FIGURE 5.2: Total number of bytes allocated, with SOMrs-BC as a baseline.

Figure 5.2 shows our results. For all but one benchmark, SOMrs-AST required

far less memory overall throughout execution, with a median of 0.50x less memory

allocated, down to a minimum of 0.45x. These results are not explained by the size
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of the program representation, but by the amount, and size, of structures allocated

during run time. Instances are allocated at run time, yet have the exact same size

and memory layout for both SOMrs implementations. However, frames require 8

more bytes in SOMrs-BC, as they store a pointer to their associated method to access

e.g. literal values for the current context, while SOMrs-AST stores this information in

AST nodes directly. And frames are by far the most allocated structure, since every

guest language method invocation (non primitive, non trivial method, and which

was not inlined) requires a new frame. Therefore, our AST interpreter needs less heap

memory overall, especially for longer running benchmarks.

This memory usage difference being caused by frames is shown by the fact that

the only benchmark where the AST needed 1.66x more memory is Mandelbrot,

which consists of nested loops that all get inlined, as well as primitive method

calls. Therefore, few stack frames are allocated during execution. This shows that

if the frame size was smaller in our BC interpreter, so that it matched the size of a

SOMrs-AST frame, our BC interpreter would require less heap memory than its AST

counterpart. But in practice, since AST interpreters can typically store information on

the host language stack instead on a reified stack, they may sometimes require less

heap memory than BC interpreters, despite the program representation itself often

being less memory-efficient.

5.5.3 Program Representation Size

On top of calculating the overall memory usage of our interpreters, we also isolate

the memory usage needed for the program representation itself.

1.0 1.2 1.4 1.6 1.8 2.0

SOMrs-AST
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FIGURE 5.3: Comparison of the memory needed by both SOMrs interpreters to
represent the program itself, with SOMrs-BC as the baseline. Higher is worse.

Our results can be seen in fig. 5.3. For every benchmark, representing the AST

required more memory than representing the BC. SOMrs-AST needed a median of
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1.54× more memory than SOMrs-BC, with a minimum of 1.49× and a maximum

of 2.03×. Therefore, in our SOMrs interpreters, relying on an AST structure always

requires much more memory than relying on a BC structure.

These results are in line with our results for the total number of bytes allocated,

where our benchmark that allocated very few frames saw the AST require a similarly

larger amount of memory. They are also in line with those obtained in section 4.3.4,

in which the memory use for the BC interpreter was lower than that of the AST,

which has a less compact program representation. However, for SOMrs, the observed

amount of memory needed may be lower than what we observed in TSOM and

PySOM. This is not a strict comparison, since SOMrs calculates the precise amount

of bytes needed to represent the program, while our meta-compilation systems

calculated the maximum heap size requested by the language implementations when

executing programs which loaded large amounts of code, such that the run time was

dominated by the cost of the program representation. Regardless, both measures

represent the gap in the memory needed to represent a program for an AST and a BC

interpreter, though SOMrs is more precise.

For TSOM and PySOM, while the difference narrowed during the execution itself

due to the addition of profiling information, when the program was not executed,

the AST on PySOM needed 2.55× more memory than its BC counterpart, while on

TSOM that difference was 2.89×. In comparison, SOMrs-AST only needs a median of

1.54× more than its BC counterpart. This may be explained by the fact that the AST is

represented using Rust structures as opposed to Java/RPython objects, in which case

every object also requires some additional metadata, such as for object headers and

parent class pointers.

5.6 SOMrs: Interpreter Design Discussion

In this section, we expand on the design of both SOMrs interpreters. We discuss

several design decisions in both SOMrs-AST and SOMrs-BC, focusing particularly on

how the majority of these decisions were shaped and influenced by the usage of the

Rust language.
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We first talk about SOMrs-AST, and how the Rust language clashed with our

intended design.

5.6.1 Design Mismatch: Rust and AST-Like Interpreters

A key advantage of AST interpreters is the reduction of overall engineering effort

(see section 3.4.3), from relying on host language facilities. SOMrs-AST does rely on

the host language stack and host language mechanisms, e.g. a common node trait

Evaluate, but we find that while Rust provides many facilities that AST interpreters

can leverage, closeness with the Rust language can be detrimental. Indeed, we find

this to be a design mismatch between Rust and naturally recursive AST interpreter, a

problem similar to semantic mismatch (see section 3.4.4), which refers to a mismatch

between the host language and guest language. In this case, it corresponds to a

mismatch between the host language and certain design decisions, which are AST-

like in our case.

Mutable Tree Structures in Rust

Rust ownership rules (see section 2.6.1) can make it difficult to work with tree-

like data structures. A tree is made up of nodes with edges between them, with

each node typically represented by a host language object. For example, in SOMrs-

AST, a VarWriteNode may hold a reference to an AdditionNode, which represents the

expression to be written to the local variable in question.

This is easily implementable in Rust, but can cause issues if the tree structure

can be mutated during run time, and when execution is recursive. If the tree must

be mutable, then executing a method requires borrowing it mutably. However, if

guest code decides to invoke a guest method recursively, then invoking that method

a second time will require borrowing the method object mutably again, which goes

against ownership rules. This happens because the mutable borrow for the first

invocation of the method was never relinquished, as a consequence of our naturally

recursive AST interpreter relying heavily on the host language stack. Invoking a

method is done by calling evaluate for that method, and so borrowing it mutably,
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with that borrow not relinquished until this method is done executing, hence recursion

breaking execution.

There are several potential solutions to this problem, but the most efficient and

least likely to induce additional runtime costs may be to rework the interpreter

to not rely on the host language stack for its execution. Though, we consciously

tried to avoid such a design since we previously defined recursive execution as

a characteristic of AST-like interpreters (see section 3.5), and so SOMrs-AST was

designed to be naturally recursive, like TSOMAST and PySOMAST. We solved this

problem through our unsafe garbage collection API, where several mutable references

are made possible, and the caller is in charge of ensuring soundness (see section 5.3.3).

This solution is clearly not idiomatic Rust, however, and recursive AST interpreters

struggle with other aspects of GC, such as finding and reporting roots.

Finding GC Roots on the Rust Stack

Since SOMrs-AST is designed to be strongly AST-like, it relies on the host language

stack, and so often stores temporary variables on it. However, as we described

in section 5.3.3, we find this design to be ill-suited to Rust when using any GC

implementation that may need to scan the host language stack, and we therefore

engineered the interpreter to have its own custom stack.

A possible alternative solution would be to use unsafe and inline assembly (using

Rust’s asm! macro) to get a pointer to the Rust stack and manually report GC heap

pointers that we find in it. This would also involve spilling the contents of all registers

to the Rust stack when collection is triggered, since they may also be storing GC

pointers. While it may solve this issue, this is a non-idiomatic approach which would

involve having different ASM instructions depending on the architecture, and which

would be very likely to introduce new bugs from the added complexity.

So, since we avoid the Rust stack and reify our own, a non-recursive interpreter

design becomes fewer design changes away. Therefore, the Rust language not pro-

viding mechanisms to easily scan the host language stack becomes a mismatch with

optimized AST-like interpreters that rely on recursion, and is an example of the host

language encouraging a more BC-like approach. It should also be noted that most
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system-level languages do not provide stack scanning mechanisms, and so that this

problem is not exclusive to the Rust language.

Serialized AST Interpreter

As we first saw in section 3.3.3, it is possible to implement an interpreter that relies

on a serialized tree structure, i.e. a data structure where nodes are contiguous in

memory, and access one another not using pointers but using relative offsets. It is a

beneficial representation in terms of run-time performance, since it provides better

cache locality and representing edges with offsets requires less memory than pointers

do.

This optimization was considered for SOMrs-AST, since as seen in section 5.2.2,

the majority of AST nodes have the same size, and as a result many of them are

already stored contiguously in memory. More specifically, every root expression in

any method or block is stored contiguously with other root expressions, while they

all contain pointers to the nodes for their subexpressions. We could instead store

even those subexpressions contiguously in memory with the root expressions, and

rely on indices into this node list to represent edges, without incurring large amounts

of engineering effort. In fact, it is already likely to be the most idiomatic way to

represent mutable trees in Rust, being nearly identical to an arena (Goregaokar 2021).

We would be relying on a special case of arena, since they do not typically impose

any specific order for their stored elements, while we would likely strictly store our

AST nodes in a pre-order serialization order. This would keep nodes that execute one

after the other close in memory, leading to better cache locality, and this would allow

us to store no relative offset if the next node to execute is the next one in memory.

We did not implement it since as we established in section 3.4, while this repre-

sentation is used to model an AST, we consider it to be a prime example of leading to

an interpreter design that lies somewhere ambiguously between AST and BC. Both

SOMrs interpreters would then rely on a compact representation, and the difference

between an AST node and a bytecode would become quite narrow, while we would

need to start relying on a main AST node dispatch loop as we do in SOMrs-BC.
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We expect that there would be a performance gain from this change, though we

are unsure whether it would be major or minor, since we have not implemented

any interpreter that relies on a serialized tree structure. Gibbon (Vollmer et al. 2017)

achieved over 2x speedup on some benchmarks by relying on serialized trees, but

these benchmarks were dominated by the cost of tree traversal, while our benchmarks

are not large enough to generate extremely large ASTs.

5.6.2 BC Interpreter Design in Rust

As BC-like designs intentionally distance themselves from the host language, we

did not find a design mismatch between our BC interpreter and Rust as in our AST

interpreter. This section focuses instead on design decisions that were taken, or not

taken, in SOMrs-BC.

Bytecodes Not Variable Width

As seen in section 5.2.3, each bytecode is represented as a variant of a Rust enum,

meaning our bytecode set is not variable width and so not as compact as it could

possibly be. This means that each bytecode has the same size in memory, and since

some bytecodes require more information than others (e.g. a PushLocal(u8) should

need less memory than a Jump(u16)), most bytecodes are bigger than they could be.

The main benefit of this design decision is seen in the bytecode dispatch loop, which

can then be represented with a switch statement over all possible bytecode. Using

Rust, dispatching to the correct bytecode handler is done idiomatically thanks to the

language checking the type of the bytecode for us, and the payload of each bytecode

gets automatically extracted into named variables, leading to far less boilerplate

code. It also has the benefit that Rust enumerations are easily represented by most

debuggers, and can easily be printed to standard output in a human readable way. Its

engineering benefits extend to the fact that when adding new bytecodes, their proper

integration into the VM will be checked by the type system, since the interpreter will

not compile until every switch statement checking the type of a bytecode accounts for

this new possibility, which includes the main dispatch loop but also e.g. optimizing

bytecode passes or disassembler.
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In contrast, TSOM, PySOM and many other VMs rely on a variable-width en-

coding with raw bytes. We experimented with moving away from an enumeration

to instead adopt a similar design, but we did not notice performance benefits from

doing so. This means the memory saved does not seem to be a meaningful difference

on our benchmark set, and therefore, we kept the idiomatic solution.

Threaded Code

While threaded code (see section 2.3.5) can yield good performance, SOMrs-BC

does not implement it. Our concern was that we could not identify a matching

optimization for AST interpreters , where instruction dispatch is usually handled

using host-language mechanisms, and have therefore less control over instruction

dispatch. However, as mentioned in section 5.2.2, SOMrs-AST has some degree

of control over its instruction dispatch, as it does not rely on dynamic dispatch,

and executing AST nodes is instead done using a match/case statement for each

possible node, similarly to how one would typically dispatch bytecode. Therefore, we

believe that it would not take a significant refactoring effort to modify SOMrs-AST

to implement a main AST dispatch loop, and to make it rely on threaded code by

making AST nodes directly jump to the body of the next node.

This design decision would then make our AST interpreter far more BC-like, since

there would be little difference between the described AST dispatch loop and a classic

BC dispatch loop. As such, threaded code was implemented in neither interpreter, as

implementing it only in SOMrs-BC may give it an unfair performance edge over the

AST which would prevent meaningful performance comparisons, and implementing

it also in SOMrs-AST would make its design too BC-like. Though, the performance

benefits may not be major in the case of a SOM interpreter, as we previously explained

in section 2.3.5.

5.7 Conclusion

By writing interpreters in a system-level language such as Rust, one can write inter-

preters with high execution speeds, which is highly appealing for many language

projects, especially when run-time performance is a key concern. As this thesis aims
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to analyze the interpreter design space, we identify this as an important area to focus

on.

While bytecode interpreters are often deemed to be the better choice to implement

an interpreter that achieves excellent run-time performance, we did not know whether

AST interpreters could rival BC interpreters in this context, as we observed to be

the case in the previous chapter on meta-compilation systems, despite commonly

held assumptions about AST interpreters. Prior to this chapter, we also did not know

if the engineering benefits of AST-like interpreters, which rely extensively on the

host language, extend to a language such as Rust where the language itself imposes

constraints that may clash with efficient AST interpreter designs.

To answer these questions, we have implemented one strongly AST-like inter-

preter and one strongly BC-like interpreter, namely SOMrs-AST and SOMrs-BC, and

compared their run-time performance and memory usage.

We found that our SOMrs interpreters both achieve acceptable performance, being

on the level of CPython 3.10, though Python has more complex semantics than SOM.

Under these conditions, our BC interpreter outperforms our AST interpreter, though

the difference is not large. We did find, though, that Rust-based AST interpreters

came with several engineering challenges when paired with a naturally recursive

design and garbage collection that is not naive reference counting, such as difficulty

making the AST mutable to add inline caches, or properly tracking and reporting all

GC roots.

Our results show that AST-like interpreters can be implemented on top of a

system-level language while being reasonably efficient, though that on top of Rust,

the host language encourages pushing the design of such an interpreter towards

becoming more BC-like. As with meta-compilation pushing BC designs slightly closer

to being AST-like, we find that using the Rust language encourages AST interpreters

to adopt more BC-like traits.

Both interpreters could still be pushed further in terms of performance, though

improving the performance of our AST interpreter should be done while not straying

too much towards a BC-like design. These results highlight potential mismatches

between the host language and the chosen interpreter design, where the host language

may be a bad fit because of the constraints that it imposes, or the facilities that it does
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not provide. Such mismatches may be interesting to explore in the future with other

hybrid designs on top of Rust, or with different host languages.
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Chapter 6

Interpreter Design

Recommendations

This chapter synthesizes our findings by providing recommendations for interpreter

design, based on our exploration of the interpreter design space and on our experi-

ments. With this, we aim to help language implementers by giving recommendations

based on their needs and requirements, and based on the design space analysis which

we performed throughout this work.

We organize these recommendations on a chapter basis, starting with high-level

recommendations, based on Chapter 3, then recommendations for interpreters based

on meta-compilation, based on chapter 4, and for Rust-based interpreters, based on

chapter 5.

To make these recommendations easier to refer to and use, we summarize them

at the end of this chapter in a table.

6.1 High-level Recommendations

Based on our observations from Chapter 3, we propose high-level recommendations

for interpreter design. We talk about hybrid approaches as overviewed in section 3.3,

advantages of AST-like compared to BC-like as seen in section 3.4.3, as well as AST-

like interpreters benefiting from their non compact representation, as mentioned in

the same section 3.4.3.
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6.1.1 Consider Hybrid Approaches

We gave an overview of hybrid approaches in section 3.3. Our aim was to highlight

that the design space was not limited to a binary choice between an AST design and

a BC design. Rather, one can design a variety of interpreters that lie somewhere

in-between. This may be beneficial for some implementations, which for instance

strive for good performance but have limited means in terms of engineering effort,

and so largely benefit from a degree of reliance on host language mechanisms.

Hybrid approaches can be beneficial in a variety of contexts. For instance, if the

interpreter is targeting resource-constrained systems, then low memory use is a key

concern and using a compact program representation is then desirable. Our AST

representations required more memory in both TSOM/PySOM (see section 4.3.4) and

SOMrs (see section 5.5.3), therefore, we find that bytecode requires less memory and

may thus be the natural choice. But a hybrid approach may be used to instead rely on

a compact AST format (see section 3.3.3), which may be a valuable choice to reduce

the memory needed to store the representation, while still benefiting from relative

proximity with the host language.

Alternatively, hybrid approaches may be a desirable choice because of design

requirements or constraints that come with some runtime systems, depending on

the domain in which they are designed, the host language relied upon or the guest

language implemented. For instance, we talked in section 3.3.4 about some BC-like

interpreters built on top of the Truffle framework, and so interpreters that leverage

this framework may benefit from adopting hybrid designs.

6.1.2 Limited Engineering Resources: Utilize Host Language

As we mentioned in section 3.4.4, if large amounts of engineering effort are available, a

BC-like approach is likely preferable to achieve the best possible performance since the

interpreter can get ever closer to the target machine. Though as argued in section 3.4.3,

if the engineering effort that can be dedicated to a language implementation is limited,

it can be very beneficial to stay close to the host language.

For instance, by adopting a recursive interpreter structure and so leveraging the

host language stack, the need for custom tooling remains minimal. In contrast, if the
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stack is reified, code for stack printing or visualization becomes essential to enable

debugging, where we can rely on the standard tooling with the host-language stack.

Similarly, relying on host language objects for the interpreter representation means

one can often rely on existing mechanisms provided by the host language to easily

print and inspect their contents. Such re-use of existing mechanisms sidesteps a

maintenance burden, as any such additional debugging tools must be managed by

the language implementer.

Utilizing the host language also reduces engineering effort by reducing overall

complexity. For instance, by reifying the stack, we add the complexity of reasoning

about a stack machine, which is likely to imply a tail of bugs around stack balancing

issues. Given that managing complexity is essential to software engineering, and that

maintaining software can cost a large amount of time and resources, reliance on the

host language is beneficial in ways that should not be underestimated.

6.2 Recommendations for Interpreters Based On Meta-Compilation

Based on our findings and on our experience designing our interpreters in meta-

compilation systems, we give a set of recommendations for interpreters based on meta-

compilation systems. We base them on our results regarding interpreter performance

in section 4.3.1, peak performance in section 4.3.2, and observations on the benefits of

non-compact AST representation, partly based on section 4.3.5.

6.2.1 Interpreter Performance: Both AST and BC Viable

We find our AST interpreters to be competitive with our BC interpreters in terms of

interpreter performance. Based on this, we believe AST interpreters to be a viable

design choice on top of meta-compilation systems, especially given their engineering

benefits, as seen earlier in section 6.1.2. These results suggest that regardless of the

interpreter design, good performance can be achieved, which may generalize to

hybrid approaches leaning more towards the middle of our design spectrum defined

in section 3.4.

Though, this advantage may be due to meta-compilation systems struggling with

the code structure of a bytecode interpreter, and if so it may shift based on future
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changes in meta-compilation systems. For instance, Graal-based runtime systems

may now benefit from automatically generate BC interpreters (Bytecode DSL 2025;

Humer et al. 2022), and more opportunities for boxing avoidance in these interpreters,

which we found TSOMBC to currently struggle with (see section 4.4.2).

6.2.2 Peak Performance: Likely Orthogonal to AST or BC

A core part of the appeal of meta-compilation is automatically benefiting from JIT

compilation from an interpreter. Therefore, one may ask whether the design of the

interpreter has an impact on the best performance achieved thanks to the generated

native code.

When evaluating the peak performance achieved by JIT compilation in our run-

time systems (see section 4.3.2), we did not see a clear advantage for either our AST or

BC interpreters. This suggests that regardless of the chosen interpreter design, good

peak performance can be achieved. It is possible that such an advantage for a certain

interpreter design exists and that it was not identifiable in our experiments, since

the peak performance achieved by our TSOM-based systems was rather similar, and

the performance of our PySOM-based systems suffered from a few highly recursive

benchmarks.

Additionally, one may ask whether an interpreter design that is more hybrid

would be able to perhaps yield better performance than our interpreters designed to

be AST-like and BC-like. We indeed pushed our BC interpreters slightly towards AST-

like designs, since a recursive BC interpreter design was mandated by Truffle, and we

found such a design to also yield better peak performance than a purely iterative one

with RPython (see section 4.1.2). This benefit stemmed from more clearly informing

the meta-compilation system of what code belongs to each guest language method,

and thus providing better information on which to base optimizations. However, we

cannot think of other changes to the design of our interpreters that could report yet

more useful information about the running program to the meta-compilation system,

and so at present we do not think there is such a hybrid design that would increase

peak performance much further.
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In conclusion, our results thus far find no clear edge for any particular interpreter

design in terms of peak performance.

6.2.3 Non-Compact Representation: Benefits Dynamic Rewritng and Lo-

calizing Profiling Information

Our AST in both TSOM and PySOM is a non-compact representation, with each

AST node being a distinct language object that encapsulates a specific operation.

As we first noted in section 3.4.3, compared to a compact representation, using a

tree-like, pointer-based representation provides additional flexibility, such as the

fact that nodes naturally localize state. This can help reasoning, but it can also be

advantageous in other ways.

For instance, we found in section 4.3.5 that with meta-tracing, inlining could

reduce the peak performance achieved by our BC interpreter in some cases, since this

led to the compiler having less precise information about the lifetime of variables,

and so having to do extra boxing. In comparison, the AST kept more information

about each variable through its sparse structure and localized state, avoiding this

issue.

For meta-compilation systems which need profiling to generate code at runtime,

a non-compact representation also has the natural benefit of localizing profiling

information. Given an AST node, we can easily store profiling information specific to

it inline or with a clear reference to out-of-line data. In contrast, profiling information

in a bytecode-based interpreter needs to be stored in data structures that are accessed

by a wide range of different bytecodes and thus, the interaction pattern is more

complex and requires global instead of local invariants to be maintained.

Another benefit of a non-compact representation is that it can be useful, as men-

tioned in section 3.4.3, when efficient handling of dynamic rewriting is a major

requirement. Compared with a compact representation, one can easily replace nodes

in the tree with more specialized nodes when profiling information reports this op-

eration to be valuable (Würthinger et al. 2012), or potentially collapse a subtree into

a single node. In contrast, if the representation is too compact, inserting elements

different from the original set is more difficult. If it is the same size as the original
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data or smaller, the replacement is not impactful in terms of memory. Though if it is

larger, it cannot fit where the original did, and one needs to rewrite the sequence as

a whole, or use solutions such as jump tables or side tables that incur a minor run

time cost for the indirection. Dynamic rewriting is not incompatible with BC-like

implementations, e.g. with bytecode quickening (Brunthaler 2010a,b), but it is more

cumbersome than with a less compact representation.

This edge in peak performance in PySOMAST compared to PySOMBC might be

limited to the specific meta-compilation system which our interpreters relied upon.

But the advantages regarding dynamic rewriting and profiling extend to any runtime

systems that do dynamic rewriting and/or dynamically generate native code, and so

neither benefit is limited solely to meta-compilation systems. Though both of these

benefits were especially noticeable while working on our meta-compilation-based

interpreters, in which self-optimization and profiling are ubiquitous and vital to good

performance.

6.3 Recommendations for Rust-based Interpreters

Based on our experience implementing SOMrs, we provide guidelines for designing

interpreters in Rust. We base them on our experimental results in section 5.5.1 and

our discussion of AST-like designs on top of Rust in section 5.6.1.

6.3.1 Best Performance: Bytecode Interpreters are Likely Preferable

Our bytecode interpreter outperformed our AST interpreter on top of Rust (see

section 5.5.1). This is not an unexpected result, since if very good performance is im-

portant, one likely needs to use a design close to the target machine (see section 3.4.4).

A more optimized representation for the best possible cache locality, such as highly

compact bytecode, is thus likely to yield superior performance in most cases. How-

ever, reducing the distance with the target machine can significantly increase the

engineering effort (see section 6.1.2), e.g. by requiring tooling to be implemented and

maintained, which we did find to be the case with SOMrs-BC.
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We found implementing a BC interpreter in Rust to be unsurprising in that the

main challenges we encountered were typical for BC interpreters, e.g. stack misalign-

ment issues, ensuring correct bytecode generation, and overall added maintenance

effort compared to its AST counterpart. In large part, BC-specific challenges did not

come from Rust typesystem rules, therefore matched the experience one would get

when relying on different host languages. That is because by designing SOMrs-BC

to be strongly BC-like, it purposefully does not heavily leverage host language fa-

cilities. Though, SOMrs-BC did rely on the host language in that our bytecodes are

represented using a Rust enum instead of raw bytes, as seen in section 5.2.3. This

made debugging and implementing tooling easier, as well as making the bytecode

loop slightly simpler to implement and a bit more readable. We did not observe a

performance cost from not relying on raw bytes, though we are not positive that this

finding would generalize outside of our benchmark set.

6.3.2 Good Performance: AST Interpreters can Remain an Option

While we found our Rust-based BC interpreter to outperform our AST interpreter,

our AST interpreter still performed relatively well (see section 5.5.1). We also found

that it required less memory overall (see section 5.5.2). While neither interpreter

was optimized to the utmost, both had implemented many optimizations, which

by themselves can push the performance of both systems to achieve acceptable

performance.

Therefore, if one wishes to benefit from the host language to reduce engineering

effort, but also strives to achieve good run-time performance, an AST design can still

perform well. One could then imagine gradually transitioning to a more and more

BC-like design to achieve further performance still, if improving the performance of

the interpreter becomes of higher priority as time goes on, at the cost of benefiting

less and less from host language mechanisms. Though, benefiting less from Rust

mechanisms may not be so large an issue because of the mismatch between Rust and

AST interpreter designs, which we address next.
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6.3.3 Recommendation for AST: Non-Recursive Design

For the reasons previously mentioned in section 5.6.1, if one wishes to implement

an optimized AST interpreter, we discourage making its execution rely on recursion.

While recursive designs performed well for both our AST and BC meta-compilation-

based interpreters (see section 4.1), it is less amenable to a Rust-based AST interpreter

that is concerned about run-time performance. Specifically, Rust ownership rules are

a mismatch with mutable tree structures (see section 5.6.1), which make implementing

major optimizations such as inline caching difficult. Moreover, when implementing

garbage collection, it becomes necessary to ensure no values are left unreachable on

the Rust stack (see section 5.3.3), which Rust provides no mechanisms to aid with,

with the potential exception of inline assembly.

With a non-recursive AST design, the AST can easily be represented as one or

several node arenas, which makes it easy to mutate parts of the tree at will. And since

the interpreter then does not rely heavily on the host language stack, efficient GC can

be more easily implemented. Such a design would arguably lean towards BC-like, as

it would imply the design of a main dispatch loop akin to that of a classic bytecode

interpreter, as well as possibly encourage storing the AST as a linear sequence,

and enable other optimizations such as relying on a serialized representation (see

section 3.3.3). This then does highlight the issue that an efficient, strongly AST-like

interpreter in Rust is difficult to implement, since there is a mismatch between the

host language mechanisms provided by Rust and the design of AST interpreters,

namely issues with mutating trees and garbage collection. So, we find that when

using the Rust language, designing interpreters to be more BC-like appears to be

more valuable.

6.3.4 Mismatch With Host Language Needs Consideration

When implementing an interpreter, we previously highlighted that there may be

potential semantic mismatches between the guest language and the choice of host lan-

guage. For instance, a language with complex control-flow mechanisms may be hard

to implement efficiently with a recursive interpreter design, as seen in section 3.2.4. If

the host language cannot efficiently model, e.g. exceptions or continuations, it may
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be necessary to move the interpreter design away from the host language and for

instance reify frames. Therefore, the differences between host and guest language

should be carefully considered when designing an interpreter.

Our experience with SOMrs-AST, as described in the previous section, also high-

lights mismatches between the host language and the design of the interpreter. The

host language may impose some constraints, or not make certain features available,

that make difficult the implementation of some interpreter designs. For instance,

SOMrs-AST struggled with the constraints imposed by Rust ownership rules, but

also the Rust language not providing mechanisms to easily scan the host language

stack, leading to issues with development.

An analysis of potential mismatches, semantic or otherwise, may be interesting

future work. This could be listing out features provided by a host language that may

aid or hinder developing an interpreter using it, e.g. how easy garbage collection

is to implement on top of any given language. Or, focusing on language choices,

analyzing how host languages features interact with the implementation of guest

languages. One could imagine deriving a map of the interpreter design space with

regards to this aspect, and drawing conclusions from which host languages are most

suited to which guest languages. Though, this is outside of the scope of this thesis, in

which we focused our engineering effort on pushing the performance of a relatively

small amount of optimized interpreters.

6.4 Conclusion

This thesis focuses on analyzing the interpreter implementation space, which is quite

broad as any interpreter can be designed in a variety of ways. As a consequence,

when implementing an interpreter, it can be difficult to identify what design decisions

are beneficial or should be prioritized. Therefore, this chapter focused on synthesizing

several findings from our work into actionable recommendations based on the needs

and requirements of a given runtime system.

We summarize the recommendations given in this chapter in table 6.1. We high-

light that instead of adopting a binary view of interpreter design with just AST and

BC interpreters, there is a large space of hybrid designs that may be considered,
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TABLE 6.1: Summary table for our design recommendations in this chapter.

Requirement Recommendation

Choosing an interpreter design Consider hybrid approaches
(section 6.1.1)

Limited engineering resources Utilize host language (section 6.1.2)
Prioritizes performance BC-like design (section 6.1.2)

Meta-Comp.: Good interpreter performance Both AST and BC designs viable
(section 6.2.1)

Meta-Comp.: Good peak performance Likely orthogonal to AST or BC
(section 6.2.2)

Does frequent dynamic rewriting /
Wants benefits of profiling info more localized Non-Compact Repr. (section 6.2.3)

Best interpreter performance BC-like design (section 6.3.1)
Good interpreter performance AST design still performs well

(section 6.3.2)
Choosing an interpreter design/host language Consider mismatch with host language

e.g. Rust and recursive designs
(section 6.3.3, section 6.3.4)

and that may be valuable for different language implementations. In case of limited

engineering resources, leveraging the host language can be highly beneficial, though

moving away from it may yield more opportunities for performance optimizations.

On top of meta-compilation systems, we find that AST interpreters can be com-

petitive with BC interpreters, both in terms of interpreter performance and peak

performance. We expect that these findings would generalize to hybrid interpreter

designs with a similar amount of optimization effort, given that they also report suffi-

cient information to meta-compilation systems to achieve good peak performance.

We also highlight that a non-compact, more AST-like representation can have several

benefits on runtime systems that do frequent dynamic rewriting and perform large

amounts of profiling, as is the case with our interpreters based on meta-compilation.

When designing interpreters in a system-level language, we find that bytecode

designs provide better performance, as the literature reports. Though, designing a

strongly AST-like interpreter can still achieve good performance and still benefit from

the host language, which can be valuable to some language implementations. While

an AST-like design has engineering benefts still, we did find Rust to be an example

of a mismatch between host language and interpreter design, namely a strongly

AST-like one. Indeed, the host language mechanisms provided by Rust can be at odds
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with a recursive, tree-based design, especially with efficient garbage collection, and

thus we recommend circumventing such issues by relying on a more BC-like design,

such as a classic bytecode interpreter or e.g. a serialized AST interpreter. In general,

this highlights that implementers must consider unexpected mismatches between the

host language and their chosen interpreter design.

These recommendations may hopefully assist language implementers in con-

structing interpreters that fit their needs. They are applicable to strongly AST-like or

BC-like designs, but also hybrid interpreter designs which mix AST-like and BC-like

characteristics. We base these guidelines on interpreters for the SOM language, which

is highly dynamic and shares many implementation and optimization challenges

with other dynamic languages, e.g. Python, Ruby or JavaScript, and so we expect our

results to generalize to other interpreters for dynamic languages.
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Chapter 7

Conclusion

This thesis focused on programming language interpreters, their various potential

designs, and the trade-offs associated with different design decisions. We also identi-

fied design dimensions associated with several different interpreters. To conclude

this thesis, we summarize our findings and address our research questions.

Firstly: what are key design dimensions that define the implementation space of pro-

gramming language interpreters? To define the interpreter implementation space, one

may be tempted to rely on a simple binary model that only considers AST and BC

interpreters. In Chapter 3, we find this not to be sufficient, since there are many

hybrid approaches that lie somewhere in between AST and BC, and so cannot be as

easily categorized. To encourage reasoning about this design space as a spectrum, we

coined the terms AST-like and BC-like, to help describe interpreters closer to either of

those designs, or which are ambiguously AST-like and BC-like. We identified a key

difference between them as AST-like interpreters being close to the host language, as

in they leverage host language mechanisms to help reduce engineering effort, and

BC-like interpreters instead having the goal to minimize the distance with the target

machine, as in try to generate code that runs as efficiently as possible, sacrificing

the benefits of the host language, and requiring more engineering effort to increase

run-time performance. From these terms, we extract key design dimensions to reason

about interpreter design (see section 3.5), such as AST-like designs typically using

recursion while BC-like designs avoid the host language stack, or AST-like designs

relying on a sparse, non-linear program representation that relies on host language

objects, while BC-like designs tend to rely on a compact, linear, byte-based represen-

tation. Chapter 3 provided a high-level overview of the interpreter design space as a
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spctrum, contrasting staying close to the host language for engineering benefits, or

separating itself from it to strive for better performance, which we highlight through

our list of design dimensions.

After establishing the high-level context, we focused on interpreters defined

within more specific design domains. We asked: how does meta-compilation influence

the design and performance of interpreters? Meta-compilation is a valuable area in which

to discuss interpreter design, since when writing an interpreter, one automatically

benefits from JIT compilation and so largely improves performance of the runtime

system at little cost. We found that in this case, AST interpreters could rival BC

interpreters in terms of both interpreter performance and peak performance. We posit

that because of the influence of the meta-compilation frameworks, the designs of our

BC interpreters are encouraged to use host language mechanisms in ways that make

them slightly more AST-like. Though we find the design of our BC interpreters to

be suited to their underlying meta-compilation frameworks in terms of dynamically

generating efficient code, as peak performance is similarly high in both our AST and

BC interpreters.

In terms of memory usage, we found AST interpreters to require more memory

than BC interpreters, due to their less compact representation. However, since such

systems need to perform large amounts of run-time profiling, both designs require a

large amount of additional memory to store this information, and so the difference in

terms of memory usage narrows during execution.

We focused on the performance of interpreters based on existing meta-compilation

frameworks, as well as the individual performance impact of various optimizations in

terms of interpreter performance and peak performance. We provided a methodology

for evaluating and assessing meta-compilation frameworks, which may be used by

future projects.

To address our research question, we find that meta-compilation can influence

the design of interpreters as to make BC interpreters lean more towards AST-like,

and make AST interpreters competitive with BC interpreters in terms of run-time

performance and peak performance.
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Afterwards, we focused on system-level languages, of which a core part of their

appeal is the performance granted by the amount of control that they provide. There-

fore, we asked: How does using the Rust language influence the design and performance

of interpreters? We found that as expected, a language such as Rust granted us

enough control over the implementation to perform more optimizations than meta-

complation systems did allow, e.g. NaN boxing. Unlike with meta-compilation

systems, we found our BC interpreter to outperform our AST interpreter, as literature

reports. However, the performance difference was not as major as one may expect,

showing that optimized AST interpreters can have performance that is not vastly

outperformed by that of an optimized BC interpreter. With regards to implementation

effort, implementing a BC design did not cause major issues, but implementing an

optimized AST interpreter in Rust was complicated due to mismatch between Rust

and recursive, tree-based interpreters. This problem is far from unsolvable, but would

likely require shifting the structure of our AST interpreter to be closer to a BC-like

design, which we purposefully avoided doing in this work as we strived to compare

strongly AST-like and strongly BC-like interpreters.

As with the previous research question, we find that design decisions can shift

closer to AST-like or BC-like depending on what the interpreter is based upon, be it a

a host language or a meta-compilation framework. Here, we find that the influence of

the Rust language on interpreter design makes it more difficult overall to implement

an AST-like design, and so more beneficial to focus on a BC-like design.

We provided recommendations based on our high-level overview, and the do-

mains in which this thesis focused, which we synthesized in Chapter 6. We encourage

the use of hybrid approaches if they may fit the needs of language implementers, and

to rely on systems with AST-like design decisions for their engineering benefits, and

BC-like for their performance benefits. For meta-compilation systems, we find both

strongly AST-like and BC-like designs to be viable in terms of interpreter performance

and peak performance, and so that language implementers may have relatively large

amounts of freedom in this context. Within meta-compilation systems, we also find

that a non-compact representation worked especially well to account for frequent

dynamic rewriting. Finally, we recommend BC-like designs when writing interpreters



146 Chapter 7. Conclusion

for the Rust language, though an AST-like design may still perform well. Overall, we

recommend considering potential mismatches between the host language and the

guest language, or the host language and specific interpreter designs, i.e. recursive

interpreters in Rust.

7.1 Future Work

Future work may investigate the performance and design of different interpreters

than we did in this thesis, such as interpreters that are not as strongly AST-like and

BC-like as possible, but rather hybrid designs as seen in section 3.3. Indeed, we do not

have results on what the performance of these various designs would be in the context

of meta-compilation or when using Rust, nor potential matches and mismatches with

those technologies. Such experiments could highlight benefits and disadvantages of

specific arrangements of AST-like and BC-like design decisions, which may be highly

valuable to implementers considering relying on a specific hybrid design.

Since we found that meta-compilation frameworks and the Rust language influ-

ence interpreter designs so as to lean closer to AST-like or BC-like, further research

may also analyze interpreters based on different host languages. We find that certain

host language mechanisms can encourage or discourage certain design decisions, but

we based analyses of beneficial and detrimental design decisions for AST-like and

BC-like designs on a select few runtime systems. So, this amount of interpreters could

be increased, and our results therefore expanded upon. From such an analysis, one

might also possibly define additional key design dimensions that were not relevant

to our interpreters, and so potentially missing from our work.

Based on our key design dimensions and our model of interpreter design, one may

envision interpreter frameworks designed fully with AST-like and BC-like design

decisions in mind. Such frameworks may have the explicit goal to always enable

closeness with the underlying host language, and so enable AST-like design decisions,

i.e. leverage from native debugging, GC, etc., similar to the capabilities of meta-

compilation frameworks. Alternatively, they may ensure that one is always able to be

close to the target machine and so to create BC-like designs, i.e. allow for threaded
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interpretation, or inline assembly. One may also improve meta-compilation frame-

works to better support strongly BC-like interpreters (Bytecode DSL 2025; Humer

et al. 2022) , or perhaps investigate ways to engineer the Rust language to be more

amenable to AST interpreters.
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Appendix A

Background (Chapter 2)

A.1 Overview of the Are We Fast Yet benchmarks

The descriptions and metrics in this section were taken from the Are We Fast Yet

Github repository1, which also contains additional metrics2 about the benchmark set,

such as observed polymorphism, allocations, array accesses, and more.

Table A.1 gives code metrics about each benchmark, to specify how large these

benchmarks are and how macro-benchmarks differ from micro-benchmarks in terms

of size. We show the number of lines of code executed at least once, the number

of classes of which at least one method was executed, and the number of methods

executed at least once. Additionally, we show per iteration methods, which are methods

executed during each iteration, to not count methods only needed to set up or tear

down each benchmark.

Table A.2 provides metrics about the observed polymorphism in every benchmark.

For every call site, we provide the number of observed different receivers, as well as

provide the total number of calls on each call site. We can see that our benchmark set

is predominantly monomorphic, i.e. that there is only one possible receiver for most

call sites, and that there are far fewer calls on polymorphic call sites overall.

1https://github.com/smarr/are-we-fast-yet
2https://github.com/smarr/are-we-fast-yet/blob/master/docs/metrics.md

https://github.com/smarr/are-we-fast-yet
https://github.com/smarr/are-we-fast-yet/blob/master/docs/metrics.md
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TABLE A.1: Code Size Metrics for all Are We Fast Yet benchmarks.

Executed Lines Classes Executed Methods Per Iteration Methods

CD 356 16 43 41
DeltaBlue 387 20 99 75
Havlak 421 18 110 87
Json 232 14 56 56
Richards 279 12 47 47
Bounce 42 5 11 11
List 30 2 9 9
Mandelbrot 39 0 2 2
NBody 105 3 14 14
Permute 33 3 13 13
Queens 36 3 13 13
Sieve 22 3 9 9
Storage 23 4 10 10
Towers 42 2 12 12

TABLE A.2: Receiver polymorphism for the Are We Fast Yet benchmarks, i.e. number
of potential receivers at any call site.

Num. Rcvrs Call Sites Calls

CD 1 166 75,892,212
2 3 23,151,272

DeltaBlue 1 171 6,219,974
2 8 480,130
3 8 3,576,416
4 7 840,146

Havlak 1 256 79,581,122
2 3 2,720,556

Json 1 163 32,115,418
5 2 678,200

Richards 1 108 95,521,018
2 2 10,000

Bounce 1 31 17,736,018
List 1 28 17,271,018
Mandelbrot 1 10 16
NBody 1 38 8,500,102
Permute 1 25 51,982,018
Queens 1 28 29,088,018
Sieve 1 19 60,018
Storage 1 23 32,774,018
Towers 1 27 39,390,018
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Appendix B

Meta-Compilation Systems

(Chapter 4)

B.1 Abstract Syntax Tree Nodes

The PySOM and TSOM AST interpreters differ significantly in the number of different

AST nodes they provide and use. Since the Truffle framework and TruffleDSL strongly

encourage to use nodes, the TSOM interpreter comes with many more nodes. On the

other hand, the PySOM interpreter often relies on simple functions, for instance to

implement primitives.

In table B.1 we give a general overview that is based on TSOM. However, we

omit any nodes that are not used as true AST nodes but are merely additional

implementation details. This includes helper nodes, and nodes that realize built-in

functions but are never used at the AST level.

For brevity, node variants will use the notation [Optional] to indicate optional

name parts. Thus the entry [Non]LocalArgument represents two nodes, one for local

and one for non-local argument accesses. With (Read|Write) we denote alternative

name parts. [Uninit] node variants typically need to resolve some detail on first

execution, but then rewrite themselves to a version that caches the initialization result.
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B.2 Bytecode Set

The SOM bytecode set was originally very minimal with 16 instructions.1 For our

purposes, we expanded it based on static and dynamic bytecode frequency. On the

one hand, we wanted to encode programs as compact as possible, which means we

selected bytecodes, typical arguments, and bytecode sequences based on the static

frequency in which they appeared in our benchmarks. On the other hand, we selected

them based on the dynamic frequency, i.e., based on how often they were executed.

The resulting bytecode set can be seen in table B.2.

Note, the bytecode sets in TSOM and PySOM use different bytecode variants for

accessing frames and method activations, i.e., sends, since the two implementations

differ as discussed in section 4.1.6.

1https://github.com/SOM-st/som-java/blob/master/src/som/interpreter/Bytecodes.java

https://github.com/SOM-st/som-java/blob/master/src/som/interpreter/Bytecodes.java
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TABLE B.1: SOM AST Nodes including Supernodes and Variants.

Name of AST Node Description

Fine-grained Nodes
Sequence list of expressions, evaluated in order

[Non]LocalArgument(Read|Write) read or write of argument
[Non]LocalVariable(Read|Write) read or write of variable
Field(Read|Write) read or write of an object field
(Uninit|Cached|True|False|Nil)Global read a (specialized) global
UninitMessageSend lookup and activate method,

rewrites itself, posssibly to built-in operation
GenericMessageSend lookup and activate method, generic case
ReturnNonLocal unwind stack to outer lexical method
CatchNonLocalReturn catch non-local and return from method
(Int|Double|Generic)Literal evaluate to literal value
Block(WithContext) instantiate block, possibly with lexical context

Basic Operation Nodes
(+|-|*|/|//|%|rem|<=|<|>|>=|=|== various basic operations
<>|~=|&|^|cos|sin|sqrt|abs|
<<< | >>> | && | #and: |
|| | #or: | not )

New instantiate object or array
#at: | #at:put: | #putAll: read, write, and overwrite all for containers
#value | #value: | #value:with: operations to activate blocks

Nodes with Inlined Blocks
Inlined(And|Or|If|IfElse| inlines literal block arguments and realize

IfNil|IfNotNil| the control structure
Do|To|ToBy|DownTo|While)

ReturnLocal return from method, with value of expression

Supernodes
LiteralStringEquals compare value to literal string
[Non]LocalFieldStringEquals compare field to literal string
(Unary|Binary|Ternary|Quat)ArgSend read arg, send method with 1-4 parameters
[Uninit]IncField increment a field value

Inc[Non]LocalVariable increment a variable based on subexpression
IntInc[Non]LocalVariable increment a variable by a constant
IntInc increment a value by a constant

(<|>=)Int compare value to integer constant
LocalArg(<|>=)Int compare argument to integer constant

[Non]LocalVarReadUnaryMsgWrite read var, send unary message, write back result
[Non]LocalVarReadSquare read var, multiply with itself
[Non]LocalVarReadSquareWrite read var, multiply with itself, write back result
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TABLE B.2: SOM Bytecode Set with all Superinstructions and Quickening Variants.

Bytecode Description

Bytecodes and Variants Encoding Common Arguments
HALT exit interpreter loop
DUP duplicate top of stack
PUSH_LOCAL [0|1|2] push local, with explicit index byte, or bytecode variant

explicit index is encoded as 1 byte
PUSH_ARG [0|1|2] push argument, with explicit index byte, or bytecode variant
PUSH_FIELD [0|1] push field value, with explicit index byte, or bytecode variant
PUSH_BLOCK instantiate block, from index in literal array
PUSH_BLOCK_NO_CTX instantiate block but do not set outer lexical scope
PUSH_CONSTANT [0|1|2] push constant from literal array
PUSH_[0|1|NIL] push zero integer, one integer, or nil object
PUSH_GLOBAL push global, explicit index byte into literal array

for name of global for lookup. Quicken bytecode,
caching global association object

POP pop top of stack
POP_LOCAL [0|1|2] pop top of stack, store into local
POP_ARGUMENT pop top of stack, store into argument
POP_FIELD [0|1] pop top of stack, store into field
SEND lookup and activate method,

but quicken bytecode based on number of arguments
SUPER_SEND activate method in lexical superclass
RETURN_LOCAL return, use top of stack as result
RETURN_NON_LOCAL return method that instantiate current block,

unwind stack as necessary

Superinstructions
RETURN_SELF return, use self/this as result
RETURN_FIELD_0|1|2 return, use field read of self as result
INC increment the top-of-stack value by one
DEC decrement the top-of-stack value by one
INC_FIELD increment field
INC_FIELD_PUSH increment field and push result on stack

Control-flow Bytecodes for Block Inlining
JUMP[2] relative jump, with unsigned 1 or 2 byte offset
JUMP[2]_ON_TRUE_TOP_NIL jump if top of stack is true and set top to nil, otherwise pop
JUMP[2]_ON_FALSE_TOP_NIL jump if top of stack is false and set top to nil, otherwise pop
JUMP[2]_ON_TRUE_POP jump if top of stack is true, always pop top of stack
JUMP[2]_ON_FALSE_POP jump if top of stack is true, always pop top of stack
JUMP[2]_BACKWARDS relative backwards jump, with unsigned 1 or 2 byte offset

Quickened Bytecodes
Q_PUSH_GLOBAL push global by reading from cached association object
Q_SEND [1|2|3] lookup with polymorphic inline cache, and activate method

variants to specialize for 1-3 arguments
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Rust-based Interpreters (Chapter 5)

C.1 Abstract Syntax Tree Nodes

We show the AST nodes of SOMrs-AST in table C.1. As with appendix B.1, node

variants use the notation [Optional] to indicate optional name parts.

SOMrs-AST has a smaller node set than TSOMAST, e.g. not having nodes for

arithmetic operations, and implementing less supernodes. Like PySOMAST, the

absence of the Truffle framework did not encourage using a great amount of nodes,

and so it often relies on primitive functions instead. Though since the project is less

mature than our meta-compilation-based interpreters, it also received less engineering

effort overall, and so has more room for optimizations through custom, specialized

nodes.

C.2 Bytecode Set

We show the SOMrs-BC bytecode set in full in table C.2. It takes inspiration from

the bytecode set of TSOM and PySOM, to facilitate comparison with both of these

interpreters. However, it does include some changes.

To efficiently inline to:do: (which TSOM and PySOM do not inline), we introduce

the Dup2 and JumpIfGreater bytecodes.

The SOM core library was modified to add the methods ifNil:, ifNotNil:,

ifNil:ifNotNil: and ifNotNil:ifNil:. Our benchmark set was lightly modified

to rely on these methods, turning e.g. method calls from nil ifTrue: to simply

ifNil: for convenience. SOMrs-BC inlines all of these methods, thus our bytecode

set thus also contains jump bytecodes related to these operations, which all check if



156 Appendix C. Rust-based Interpreters (Chapter 5)

TABLE C.1: SOMrs-AST Nodes including Supernodes and Variants.

Name of AST Node Description

Fine-grained Nodes
[Non]LocalVar(Read|Write) read or write of variable
Arg(Read|Write) read or write of argument, local or non-local
Field(Read|Write) read or write of an object field
Global read a (specialized) global, likely using cache
NAryDispatch lookup and activate method,

possibly using cache
SuperDispatch lookup and activate method from superclass
ReturnLocal return to outer lexical method
ReturnNonLocal unwind stack to outer lexical method
Literal evaluate to literal value
Block instantiate block with lexical context

Nodes with Inlined Blocks
Inlined(And|Or|If|IfElse| inlines literal block arguments and realize

IfNil|IfNotNil| the control structure
While|ToDo)

Supernodes
(Unary|Binary|Ternary)Dispatch read arg, send method with 1-3 parameters
IncLocal increment a local variable by 1
DecLocal decrement a local variable by 1

the top-of-stack value is nil and act accordingly. TSOM and PySOM now also inline

these methods and implement similar jump bytecodes, but the versions we evaluated

in Chapter 4 predate this change to the core library, and therefore these bytecodes

were not yet present in their bytecode set. It should be noted that these changes to

SOM itself, and to our benchmark set to rely on these methods, had no noticeable

performance impact on any of our interpreters.

SOMrs-BC also omits some bytecodes which did not yield, or which we did not ex-

pect to yield, performance benefits, such as PUSH_BLOCK_NO_CTX, RETURN_FIELD_0|1|2,

INC_FIELD or INC_FIELD_PUSH, and also discarded the HALT bytecode. Moreover, sev-

eral of our bytecodes do not have specialized versions, e.g. with PUSH_LOCAL [0|1|2]

being instead a generic PopLocal(u8) bytecode.

Finally, we do not have quickened bytecodes like Q_PUSH_GLOBAL or Q_SEND, as

while the equivalent bytecodes in SOMrs verify whether there is associated cache

and act accordingly, they do not rewrite themselves.
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0.8 1 1.2 1.5 2.0 3.0 5.0 10.0

TSOM-BC
PySOM-BC

PySOM-AST
TSOM-AST
SOMrs-AST
SOMrs-BC

Java

FIGURE C.1: Interpreter run-time performance of the Are We Fast Yet benchmarks,
on a logarithmic scale, with Java as baseline. We compare both SOMrs interpreters,

TSOM interpreters and PySOM interpreters.

In Figure C.1, we conflate the results of fig. 4.1 and fig. 5.1 to show the performance

of SOMrs and TSOM/PySOM, side by side. Comparing median run times, SOMrs-

BC is first after Java, with a median slowdown of 2.81×, then followed by SOMrs-

AST and a median slowdown of 3.18×. It is then followed by TSOMAST with 3.83×,

then PySOMAST and PySOMBC with similar median slowdowns of 4.61× and 4.87×

respectively, then finally TSOMBC with 6.10×.

These results show that SOMrs outperforms TSOM and PySOM, as expected from

relying on a system-level language and a “pure” interpreter (see section 2.5). Though,

it does not vastly outperform them, as it received less engineering effort overall than

our meta-compilation-based interpreters.
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TABLE C.2: SOMrs-BC Bytecode Set.

Bytecode Description

Bytecodes and Variants Encoding Common Arguments
Dup duplicate top of stack
Dup2 duplicate second value from top of stack,

only used when inlining to:do:
PushLocal(u8) push local, with explicit index byte
PushNonLocal(u8, u8) push non local, with explicit index byte

and relative scope byte
PushArg(u8) push argument, with explicit index byte
PushNonLocalArg(u8, u8) push argument, with explicit index byte

and relative scope byte
PushField(u8) push field value, with explicit index byte
PushBlock(u8) instantiate block, from index in literal array
PushConstant(u8) push constant, from index in literal array
PushGlobal(u8) push global, from index in literal array

for name of global for lookup.
Caches global association object

Push0|Push1|PushNil push zero integer, one integer, or nil object
Pop pop top of stack
PopLocal(u8, u8) pop top of stack, store into local, with explicit index byte

and relative scope byte
PopArg(u8, u8) pop top of stack, store into argument,

with explicit index byte and relative scope byte
PopField(u8) pop top of stack, store into field
[Send1|Send2|Send3|SendN](u16) lookup and activate method,

based on number of arguments,
and using inline cache if present

SuperSend(u16) activate method in lexical superclass
ReturnLocal return, use top of stack as result
ReturnNonLocal(u8) return method that instantiate current block,

unwind stack as necessary based on relative scope index

Superinstructions
ReturnSelf return, use self/this as result
Inc increment the top-of-stack value by one
Dec decrement the top-of-stack value by one

Control-flow Bytecodes for Block Inlining
Jump(u16) relative jump, with unsigned 2 byte offset
JumpOnTrueTopNil(u16) jump if top of stack is true and set top to nil,

otherwise pop
JumpOnFalseTopNil(u16) jump if top of stack is false and set top to nil,

otherwise pop
JumpOnTruePop(u16) jump if top of stack is true, always pop top of stack
JumpOnFalsePop(u16) jump if top of stack is true, always pop top of stack
JumpBackward(u16) relative backwards jump, with unsigned 2 byte offset
JumpOnNilTopTop(u16) jump if top of stack is nil, otherwise pop
JumpOnNotNilTopTop(u16) jump if top of stack is not nil, otherwise pop
JumpOnNilPop(u16) jump if top of stack is nil, always pop
JumpOnNotNilPop(u16) jump if top of stack is not nil, always pop
JumpIfGreater(u16) jump if top of stack is greater than

second value from top of stack,
pop both if so
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