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Abstract

Soufflé is a highly efficient logic engine that is used in various applications, including static program
analysis, (de-)compiler tools, network analysis, and data analytics. Soufflé obtains high performance by
synthesising parallel C++ from logic code. However, compilation of Soufflié can often takes several
minutes, which slows down the development cycle. As a result, an efficient interpreter is desired to
speed up the debugging and development process.

This work investigates various techniques to implement high-performance interpreters for Soufflé
so that the performance gap between interpreted Souffié and synthesised C++ Soufflé code can be im-
proved. Inherently, the interpreter will always be substantially slower than the synthesised C++ code
due to dispatch of instructions and virtualisation layers of data-structures. In this work, we enable high-
efficient, parallel data structures in the interpreter by adding virtual adapter techniques on the statically
typed data structure which could not be used during runtime in prior. We also present a new strategy
for implementing a tree-walk interpreter - the Switch-based Shadow Tree technique. The new technique
ensures a high-performance tree-walk interpreter for a coarse-grained instruction set and has sound en-
gineering principles for the ease of development. In this work, we implement two different interpreters
for Soufflé, and contrast their performance characteristics: the Soufflé’s Tree Interpreter (STI) with our
new Switch-based Shadow Tree technique, and a Soufflé Virtual Machine (SVM) with a standard virtual
machine. STI follows better software engineering principles, easing the maintenance and future-proofs
the interpreter for extensions.

We conduct experiments with real-world applications, and show that our new Switch-based Shadow
Tree technique outperforms the legacy interpreter of Soufflé, which cannot complete its computation
due to memory depletion and time-outs on some benchmarks. We also show that STI is only 2.11 - 5.88
times slower than the synthesised C++ code, and it is faster than SVM. We also provide a performance
model that explains the gap between the synthesised C++ code and the interpreted execution of logic

programs.

il



Acknowledgements

First of all, most enormous thank to my supervisor Bernhard Scholz. Thank you for being so patient
and supportive, and thank you for helping me out, not only in academic but also in my personal life, I
could not make it without you. It was such an enjoyable and pleasant experience working with you.

I also want to thank Herbert Jordan for helping me with this project, you have so many great ideas
and I’ve learnt a lot from you; and thank you to Martin McGrane, for reviewing and refactoring my code,
made me a better programmer.

I’d also like to thank Abdul Zreika, David Zhao, Ge Jin, Herbert Jordan, and Jiajun Huang for proof-
reading my thesis and providing valuable opinions. Especially to Abdul and David, for offering detailed
feedback and helping on the wording and grammars. You guys are so kind, and I really appreciate it.

To Ruran Jin, thank you for keeping me company and supporting me throughout those years. To
my lovely friends, Xinping Miao, Huamiao Xue, Tianhao Yu, Ding Zhang, Hang Li, Qi Sheng, Zezhou
Chen, Jiajun Huang, Ge Jin, Greg Ge, Dawei Tao and others, thank you for having my back and believing
in me. I wish all of you all the best.

Finally, I want to thank my wonderful family. It was a very rough year, but I'm glad you were there

for me.

iv



CONTENTS

Student Plagiarism: Compliance Statement ii
Abstract iii
Acknowledgements iv
List of Figures viii
List of Tables X
Chapter 1 Introduction 1
L1 ContribDULIONS . . . .. e ettt ettt e e e e e e e 4
LT OUtlIne . . oot e 5
Chapter 2 Soufflé 6
2.1 Logic Programming . . .. ......outnn et e 6
2.1.1 Basic Structure of Logic Programs ............. . i 6

2.2 Overview of Soufflé . . ... ... 7
221 The RAMLANGUAZE . ... ..ottt e e e 8

222 EXAMPIC. . .ot e 10

2.3 Chapter SUMMATY . . ..ottt e, 12
Chapter 3 Background and Related Work: Interpreter and Dispatch 13
3.1 OVEIVIBW . . ettt ettt et e ettt e e e e 13
3.2 IMEEIPIOLET . « o o oottt ettt e et e e e e e e 13
3.3 Abstract Syntax Tree Interpreter. . .. ....ooon it e e 14
3.3.1 Virtual Function and Visitor Pattern ............. ... o i i 15

3.3.2 Switch Dispatch. .. ..o 15

3.4  Virtual Machine INterpreter . ... ...ttt e e e 16
3.4.1 Stack-based VM . ... i 17

342 Register-based VM ... ... e 17



CONTENTS

3.4.3 Stack-based VM versus Register-based VM .......... ...t
3.5 Dispatch TeChNIQUES . . . ...ttt e ettt et e e
3.5.1 Branch Prediction and Context Problem............. .. ... ..o i,
3.5.2 Central DispatCh .. ... e
3.5.3 Threaded Dispatch. ....... ...t e
3.5.4 Indirect Threaded Dispatch............o i e
3.5.5 Subroutine Threaded........... .. i e e
3.6 Instruction OptimIZation . ... ........utinnt ittt e
3.6.1  SUPEI-INSLIUCLION . .« o\ttt ettt e ettt e et et e e
3.6.2 Selective InNliNing . .. ...t
3.6.3 Replication .........oouuiii i e
3.7 Other Related Work . .. ..o o e e
3.7.1 Instruction Reordering . .........ooi i e e
3.7.2 Code Generator for Interpreter . .......ovuuet ettt
3.8 Modern Branch Predictor. ... e
3.9 Chapter SUMMATY . .. ..ottt e e
Chapter 4 Switch-based Shadow Tree Interpreter
A1 OVEIVIBW . ottt ettt e e et e e e e e e
4.2 Challenges in AST INEIPIELer. . . ..o vttt ettt e et eaeeee
4.3 Shadow Tree OVEIVIEW . . ...ttt ittt ettt e ettt eaeeee
4.3.1 Why Tree StrUCIUIE . . . .ot e ettt ettt e e ettt e e aeieee e
4.4 Execution Model. ... ... e
4.4.1 Runtime OptimiZation . ... ......uuuuurttteeeiiiee ettt eiiieeeannnns
4.4.2 Example of Pre-runtime Optimization . .............c.c.ueeeeiiirieeeennnnnnnnn...
4.4.3 Example of In-runtime Optimization ...............ouuiiiireeeeenniineeeennnnns
444 SUMMATY . . oottt
4.5 SSTI or Bytecode Representation . . .......c.uuuueente et eaannn,
4.6 Chapter SUMMATIY . . . .ttt ettt e et e et e e e ettt e et ettt e e eenas

Chapter 5 Implementation of Soufflé

5.1

OVEIVIEW .« o oottt et e e e e e e e

5.1.1 Challenges and Legacy

5.1.2  Soufflé Tree Interpreter

Implementation......... ...

vi

18
19
19
20
21
24
25
25
26
26
27
28
28
28
29
29

31
31
31
32
34
34
34
35
35
35
36
37



CONTENTS

5.1.3 Soufflé Virtual Machine . ......... ..o e
5.1.4 Data Structure Adapter. ... ...ttt e
5.2 Chapter SUMMATY . . . ..\ttt ettt ettt e e e et e ettt et et e e e e
Chapter 6 Experiment and Evaluation
6.1 Performance Measurementon SVM and STL.......... ... . i ..
6.1.1 Semantic Density . .. ......ouniuriitt i e
6.1.2  SUMMATIY . ..ttt e e et e
6.2 Investigation on Indirect Threaded Code Optimization................c.ccoviiueeeennnn.
6.2.1 CPython EXperiment Setup ... ......uutttttii i
6.2.2 CPython Experiment Result and Evaluation ................ ... ... oot
6.2.3 SVM Experiment Result and Evaluation ............ ... ... .. ... o oo
6.3 Performance Model . . ... ... ...
6.3.1 Model Hypothesis and Definition .......... ... ... ..
6.3.2  Calculate Dispatch CoSt. . ...t e
6.3.3 Calculate Overhead in Data Structure Adapter................coiiiiiiiieaann..
6.3.4 Experiment Result and Evaluation.............. ... ... i i i,
6.4 Super-Instruction OptimiZation . . ... ...ttt ettt ettt
6.4.1 Operation Distribution . . ...t e e
6.4.2 Super-Instruction Implementation . ..............cooiiiiiiieiiiiiii..
6.4.3 Resultand Evaluation........ ... e
Chapter 7 Conclusion and Future Work
Tl CONCIUSION . . .. e ettt et e ettt ettt e
7.2 Future WOtk . ..o
7.2.1 Performance Model. . ...... ... i e
7.2.2 Data Structure Adapter. . ... ..oot ittt e
7.2.3  Soufflé Tree INterpreter. . . . ...vvr ettt et e e e
7.2.4 Soufflé Virtual Machine . .......... .
Bibliography
A Details on RAM ... e

vii
43

45
49

51
52
53
55
56
57
57
58
59
59
60
61
61
62
62
63
65

68
68
69
69
70
70
71

72



2.1
2.2
23
24
2.5
2.6

2.7

3.1
3.2
3.3
34

4.1

5.1
52
53

6.1
6.2
6.3
6.4
6.5
6.6
6.7

List of Figures

Soufflé execution model
lustration of two engines
Ram Node

Source program

Control flow graph
Datalog program

Soufflé application example

AST representation, some nodes are omitted for demonstration purpose

Example of virtual dispatch
Example of stack VM instructions

Example of register VM instructions
Shadow tree overview

Tuple 10 in static version (Synthesiser)
Tuple IO in dynamic version (Interpreter)

Diagram of Stream and Source mechanism

Performance evaluation on different implementation
Source program

RAM representation of the main evaluation body
Evaluation of iterative-statement in STI

Evaluation of iterative-statement in SVM

Cpython performance using different dispatch methods

SVM performance using different dispatch methods

viii

10
11
11
11
11

14
16
17

18

33

48
48
49

53
54
54
55
55
58
58



6.8
6.9

LiST OF FIGURES

Performance model evaluation

Instructions distribution input-wise and query-wise. Instructions that are executed less then

1% are discarded.

RAM

RAM Statement
RAM Operation
RAM Expression

RAM Condition

ix

62

64

76
77
79
80
81



3.1
3.2
33
34

6.1
6.2

List of Tables

Prediction result of different dispatch methods with BTB
Superinstruction with switch dispatch and BTB
Replication with BTB and threaded code

Replication resulting in increasing misprediciton

Operation density

Performance Result

23
26
27

28

56
67



CHAPTER 1

Introduction

Soufflé (Jordan et al., 2016; Scholz et al., 2016) is a highly efficient logic engine that is used in various
applications including static program analysis in Java (Antoniadis et al., 2017) and Tensor Flow pro-
grams (Sifis et al., 2020), security-oriented analysis in Ethereum Virtual Machine (Grech et al., 2019)

and network analysis in Amazon Web Services (Backes et al., 2019).

Soufflé’s programming language overcomes some of the limitations of classical forward chaining lan-
guages such as Datalog. For example, programmers are not restricted to finite domains, and the usage
of functors and records are permitted. Soufflé obtains its high performance with its synthesiser, which

compiles the source program into an equivalent, highly parallel C++ program.

However, there is an alternative mode of execution for Soufflé programs, i.e., the Interpreter. Unlike
the compiler, which is only responsible for synthesising the source program into an equivalent and effi-
cient form of the target language (without computing the actual result), the interpreter executes the logic
program directly. In general, an interpreter breaks the execution into several steps. In the first step, a se-
mantically equivalent, high-level, abstract intermediate representation (IR) is generated from the source
program, e.g., a tree representation or a bytecode stream. The interpreter loop commences the dispatch
of instructions, i.e., the interpreter is invoked, it decodes the IR one by one and executes the virtual
instruction. The interpreter loop terminates when the logic program has completed the calculations. A
common implementation of an interpreter is to directly execute the input program on its Abstract Syntax

Tree (AST) generated by the scanner/parser.

Although the performance of an interpreter is sub-optimal compared to a highly-optimised compiled
binary, it still has several advantages. Firstly, the interpreter has no compile-time costs, and can execute
an input program immediately after parsing. In contrast, a compiler spends a considerable amount of
time for synthesising; for example, the compilation of a Soufflé program can be substantial, exceeding

multiple minutes. Secondly, being able to execute the program right away is extremely helpful in an
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active project development cycle since users can obtain feedback right away instead of recompiling the
source program every time when they make a change. Thirdly, no host language compiler is required
for executing the input program. Once the interpreter executable is deployed on the host machine, there
are no further dependencies for executing the input programs. This sometimes makes the interpreter the
only option for a sophisticated system environment. For example, Amazon Web Service Lambda does
not have a C++ environment; hence deploying the interpreter as an executable is the only option to have
Soufflé engine running in such a cloud environment. Fourthly, interpreters are more portable and less

labour-intensive to be implemented.

There has been continuous research in the implementation of efficient interpreters (Ertl and Gregg,
2001, 2003) mainly targeting imperative and object-oriented languages, but this research field has been
relatively inactive in the last decade. As a consequence, most of the experiments and conclusions from
this line of research is no longer valid or at least need to be revisited as modern hardware has evolved.
For example, the improvement in branch-predictions units, pipelines, and cache architectures have made

a significant effect on the interpreter’s performance (Rohou et al., 2015).

Soufflé’s logic engine also has a different style of instructions than traditional interpreters and virtual
machines such as Python and Java bytecode. Soufflé’s instructions set are relational algebra instructions,
which can be very heavy-weight performing relational algebra operations on large tables in contrast to
light-weight and small inexpensive computations in an imperative language. In addition to that, Soufflé’s
excellent performance depends highly on its parallel, efficient data structure which is specialised for
logic evaluation (Jordan et al., 2019b, 2020). Howeyver, the data structures are statically typed classes
(written in C++ ) and have been designed for the synthesiser. These data structures cannot be directly
accessed by the interpreter during runtime due to the lack of a common interface for them. As a result,
the design of Soufflé’s interpreter must overcome this issue and utilise the statically typed data structure
for better performance. In summary, there are different design decisions to be made, and the trade-offs

differ from traditional computational engines.

In this work, we explore the design space by introducing a new tree interpretation strategy - Switch-based
Shadow Tree Interpreter (SSTI). The new strategy evolved from the AST interpreter and introduces
a new executable IR - the Shadow Tree. The shadow tree is a light-weight tree structure that takes
the shape of the source IR as a tree (hence the name, shadow) and enables runtime optimisation with
improved efficiency and maintainability by separating descriptive format of an AST from the execution

state of an interpreter. The standard approach implementing an interpreter on AST is the use of a
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visitor pattern (Gamma et al., 1994). However, using the visitor pattern causes performance issue due
to the double-dispatch (i.e. two virtual calls in two class hierarchies). In addition, it implies software
engineering challenges because execution state of the interpreter quite often requires modifications of
the AST changing the nature of this data-structure from a descriptive format to an executable one. Our

SSTI aims to solve both the performance and engineering issues.

In this work, we adapt and evolve the state-of-the-art interpreter techniques for modern CPUs and ap-
plying them in the context of Souffié. We implement two variants of high-performance interpreters for
Soufflé. Those interpreters pursue different strategies executing Souffié programs. The first interpreter

is a stack-based virtual machine interpreter whereas the second interpreter utilise the SSTI strategy.

Soufflé’s Stack-based Virtual machine (SVM) commits to a linear execution order model, where pro-
grams are represented as a stream of instructions. The program computation is advanced by increment-
ing a virtual instruction pointer (vPC) and by conditional/unconditional goto-statements. The SVM
instruction set is fine-grained, it uses small, light-weight instructions for operations, such as stack push-
ing/poping to pass intermediate results during computation, and a virtual jump operation to transfer

control to an alternative branch.

Soufflé’s Tree interpreter (STI) utilise the Switch-based Shadow Tree strategy. It applies better engi-
neering principle compared to traditional AST interpreter and provides runtime optimisation easily by
separating descriptive information from executable state. In addition to that, STI is a recursive tree in-
terpreter where the control flow follows a recursive tree traversal pattern based on the program semantic.
In contrast to SVM, the semantics of STI is more abstract, high-level and follows directly from the re-
lational algebra machine. Instead of fully emulating the program control flow in a low-level style by
utilising vPC and virtual goto statement. For example, an iterative statement is emulated directly by a

dedicated tree node whereas the SVM would issue several instructions for building a loop.

Both implementations have been highly-tuned for the execution of logic programs. We show that the
STI can outperform SVM in our current implementation by 7 - 15% due to its high semantic density
that fits better in the relational algebra instructions. In addition to that, the tree traversal pattern in STI,
which relies on light-weight tree nodes and switch dispatch, overcomes the performance overheads of
the double-dispatch in the visitor pattern, and still provides great flexibility for change in the future. We

conduct experiments to highlight the performance impact of these strategies.
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1.1 Contributions

‘We summarize the contributions of this work as follows,

(1)

2)

3)

4)

(&)

We design and implement a stack-based Virtual Machine interpreter for Soufflé. We analyse
its performance and revisit its instruction set design to hand-tailor it for a logic programming
language like Soufflé. We conclude that a fine-grained instruction set may not fit well in Soufflé
due to its low semantic density, which results in 10% - 36% of more dispatches compared to
STI in the context of relational algebra operations.

We design a new tree interpreter implementation strategy, which applies sound engineering
principle. The new strategy provides great flexibility for runtime optimisations. We implement
Soufflé’s default interpreter based on this strategy. We conclude that a tree-walk interpreter is
not necessary slower compared to Virtual Machine interpreter. In particular, the coarse-grained
instruction set in STI fits well in the context of logic programming, making it 7% - 15% faster
than the SVM implementation. We have deployed this interpreter into the main branch of
Soufflé since it has excellent performance, and it is easy to maintain and extend, which are
essential properties for Soufflé as a rapid development environment.

We review optimisation techniques for interpreters, and identify the common bottleneck of
interpreter performance, which is the dispatch costs. We analyze the technique not only for
its impact on performance but also its implementation difficulty and maintainability. We also
implement two of the techniques, namely indirect threaded code, and super-instructions (Ertl
and Gregg, 2003) in Soufflé and observe their impact. We conclude that indirect threaded code
is still effective in an imperative language like CPython but is sub-optimal in Soufflé. On the
other hand, super-instructions, if applied carefully with support of statistics data, can result in
a good performance gain.

We build a performance model for STI. This model aims to provide us with a better understand-
ing of the performance difference between interpreter and compiler. We are able to capture
most of the performance gap in relatively simple benchmarks to identify the current bottle-
necks (i.e.,the dispatch costs and virtualisation layer of the data structure).

We build a dynamically typed adaptor classes for the statically typed data structures in Soufflé
so that the interpreter can uniformly access the data. To amortize the virtualization costs of the
adaptors, we design iterators with buffers and other implementation efforts to overcome the

performance penalties of the adaptor.



1.1 CONTRIBUTIONS 5

1.1.1 Outline

The thesis is organised as follows:

In Chapter 2 we give an overview of the Soufflé language, including an introduction to Soufflé’s archi-
tecture and its intermediate representation, namely the Relational Algebra Machine (RAM). In Chap-
ter 3, we give some background about related work in interpreters, including different architectures,
performance results and optimization techniques. In Chapter 4, we give the Switch-based Shadow Tree
technique, we present its implementation detail and we argue about its advantages in a language like
Soufflé. In Chapter 5, we give implementation detail about SVM and STI. In Chapter 6, we present out
experimential results and evaluations. In Chapter 7, we conclude the work and provide potential avenues

for future work.



CHAPTER 2

Soufflé

2.1 Logic Programming

Soufflé is a variant of Datalog (Abiteboul et al., 1995), which is a fragment of first-order logic with
recursion and started as a Database query language. Instead of focusing on how to solve a problem, Dat-
alog programmers express what to solve in the form of Horn Clauses. Horn clauses can either be facts,
rules or goals. Although Datalog commenced as a Database query language, it evolved and overcame
the initial restrictions such as finite domains. Its applications can be found in many fields, including pro-
gram analysis (Jordan et al., 2016), Big Data (Shkapsky et al., 2016), security analysis (Whaley et al.,
2005) and network analysis (Seo et al., 2013), etc.

2.1.1 Basic Structure of Logic Programs

Logic programs consists of Horn clauses of the form:
Lo = Ll, cey Ln

where each L; has the form p;(x, ..., z,,) for some value m; we say L; is a literal with predicts p;
of size m, and each x; can either be a constant or a variable. The left hand side of the clause (Lg) is
referred as head, while the right hand side of the clause (L1, ...) is referred to as the body. When the
body of the clause is empty, it represents a fact; if the head is empty, it represents a goal; otherwise, the

clause represents a rule.
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Facts are also known as an Extensional Database (EDB) in Datalog, and are unconditional true. In a
forward-chaining language such as Datalog, facts are usually used as the starting point of the computa-

tion:

parent(Bob, Alice).

parent(Alice, Carol).

In the example above, the facts mean Bob is the parent of Alice and Alice is the parent of Carol.

The body of the rule consists of a set of conjunctive predicates. A rule can be interpreted as follows: If
all the predicates in the body hold, then the head holds as well. The derived facts are called Intensional

Database (IDB). These facts are the computation results of some other EDB and IDB.
grand_parent(X, Z) :— parent(X,Y), parent(Y, Z).

In the example above, the rule means that X is Z’s grandparent if X is the parent of Y, and Y is the

parent of Z.

A question mark and a dash followed by a single literal forms a goal, 7 :— L. Goals are queries to the

Database, given the rule and facts in the above paragraph and with the query:
?:—grand_parent(X,Y).
Datalog answers all the grandparent relations in the Database - Bob is the grandparent of Carol.

In addition to that, it is also possible to have recursive rules and negation in Datalog (Abiteboul et al.,
1995). Although the theory behind them can be complicated and beyond the scope of this introduction,

their semantic are intuitive and should be straightforward to the reader now.

2.2 Overview of Soufflé

A logic engine like Soufflé breaks up the execution of logic programs into phases as shown in Figure 2.1.
In the first phase, Soufflé takes a Datalog program as input and generates an abstract syntax tree (AST).
In this stage, the input is checked for syntax and semantic errors first. After the semantic checks, a

sequence of high-level optimisations is applied. In a subsequent stage, the AST IR is translated to a



2.2 OVERVIEW OF SOUFFLE 8

FIGURE 2.1. Soufflé execution model

parser
Translator

Relational Algebra Machine (RAM) program, which is an imperative description of the program in the

form of relational algebra queries and control flow.

In the last stage, the RAM program is either synthesised to a C++ program (Figure 2.2b), or interpreted

using an interpreter as shown in Figure 2.2a.

Interpreter Engine Synthesiser

AST AST

RAM RAM @
@ Interpreter @ C++ Binary

(A) Interpreter mode (B) Synthesiser mode

FIGURE 2.2. Illustration of two engines

2.2.1 The RAM Language

Souffle eventually translates the AST into the Relational Algebra Machine representation, which is a
tree representation of the source Datalog program. RAM is designed specifically for executing relational
algebra operations by an imperative programming style. The design of RAM also supports native parallel
statements where a sequence of RAM statements can be executed in parallel until all the sub-statements
are completed (Scholz et al., 2016). Furthermore, the static nature of RAM semantic ensures efficient
pre-runtime optimisation, such as computing the index for fast range query and load-balancing in parallel

computation (Subotié et al., 2018).
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In detail, RAM is represented as a tree-structure in the program memory and used as a description
for executing logic programs that were already lowered to an imperative form with relational algebra
operations. A RAM program is consists of of relations, subroutines and the main program, where the
main program is the root of the RAM tree. In the remaining part of this section, we give some typical

examples of RAM language, with their semantic explanations.

RAMStatement specifies a series of actions that should be executed by RAM. Typical examples of
statements in RAM are: Sequence, which is a compound statement consisting of a list of other state-
ments that should be executed in order. Sequence also has a parallel version Parallel, where the
child statements can be executed in parallel. In addition, C1ear statement specify the action of clearing
the content of a target relation; Swap statement is the action of swapping the content of two relations.
Finally, Loop statement represents a forever loop, it is used to compute a fixed-point evaluation, along

with Exit statement - forever computation is terminated once the exit condition is met.

RAMExpression defines the expressions in RAM. A Number expression returns a constant number
whereas TupleElement accesses and returns element from a tuple access in a relation during com-
putation. In addition to that, Soufflé enables record to support abstract user-defined compound type; a

PackRecord is used to evaluates and store a user-define record.

RamCondition defines control flow operations in RAM. Conjunction defines a conjunction of
conditions, evaluated to true if all the conditions are true; Negation simply negates the result of
another RamCondition; EmptinessCheck and ExistenceCheck are used to check if target
relation is empty, or if a tuple exists in the target relation. Finally, Constraint represents a binary

constraint operation, such as less-equal.

The centre of the execution is the Query statement, representing a loop-nest of operations, which are
defined by RamOperat ion. Clauses evaluation is translated into a series of nested loops in RAM. For
example, consider the rule:

a=bNec
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To derive a, RAM translates the rule into following loop-nested operations (unoptimised):

for(z €b)
for(yec)
if(x==y)
project x into a

In particular, typical loop-nested operations are: Scan operation iterates through all the tuples in a
relation; Choice operation is similar to Scan, but stops once some condition holds; Pro ject opera-
tion inserts a tuple into the target relation. Many loop-nested operations also have a index version to
support efficient query; for example, ScanIndex iterates through only the tuples in the relation that

follows a particular range pattern.

The base class of RAM nodes is RamNode and auxiliary operations are defined in order to support
operations on RAM node more easily (Figure 2.3). For example, a visitor pattern is built to enables
different execution models on the RAM, such as synthesising, optimisation, etc. A clone method is
defined for cloning a source node; a rewrite function is built for modifying the source node and
a print function is used for debugging and logging purpose. Finally, getChildren returns the

children of the node and apply function would apply the given mapper to all the nodes.

In the following section, we provide an example resembling a security analysis and its RAM represen-

tation. We refer the reader to Appendices .1 for a detailed description about RAM semantic.

RamNode

+ getChildren() : [RamNode*]

+ clone() : RamNode*

+ rewrite(RamNode*, unique_ptr<RamNode>) : void
+ apply(RamNodeMapper&) : void

# print(ostream&) : void
# vector<RamNode*>

FIGURE 2.3. Ram Node

2.2.2 Example

Figure 2.7 illustrates a simple security analysis application in Soufflé. The logic code identifies poten-
tially vulnerable region in a program and will report them. On the first glance of the source code in

Figure 2.4, the region may be protected because the program might execute the protect statement on
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1 void m(int i, int Jj) i Unsafe ("while") .
2 | Unsafe (y) : —
3 while (i < 3j) Unsafe (x),
. Bdge (x, 1,
5 protect () ; !Protect (y) .
7 } Violation (x) :—
8 vulnerable () ; Vulnerable (x),
9 } Unsafe (x) .
FIGURE FIGURE FIGURE
2.4. Source 2.5. Control 2.6. Datalog
program flow graph program

FIGURE 2.7. Soufflé application example

line 5 before reaching the vulnerable zone. However, the control flow graph (Figure 2.5) suggests that
the critical region is still accessible under an unprotected state in case of a zero-trip loop, and makes
the program vulnerable; this happens when the initial condition of the while loop is not met. Although
a programmer may not easily detect the security failure, it can be picked up by the Datalog program

immediately.

Listing 1 shows fragments of the RAM representation of the example. The RAM representation de-
scribes the logic program in an imperative/relational format. Starting from line 1 to 3, it projects the
initial data into its corresponding relations. The next step is to generate the knowledge for Unsafe rela-
tion, which corresponds to the logic rule of Unsafe in the Datalog program (Figure 2.6). In the RAM
representation, a LOOP statement will be evaluated until the EXIT condition at line 9 is met (until a
fixed-point is reached). Within the LOOP statement, there are two nested for-loops (Scan) that iterate
through all the tuples in Unsafe and Edge relations and try to generate new knowledge about Unsafe
based on the rule. Then, any newly generated knowledge will be inserted into Unsafe at line 11 - 12;
RAM will keep executing the loop until no new knowledge is generated in a whole iteration. Finally,
after the computation is completed, the RAM program iterates though the Vulnerable relation, checking
if any of the tuples also exist in Unsafe. This corresponds to the logic rule of violation in the Datalog
program: a statement will trigger a violation if it is a vulnerable statement and can be reached under an

unsafe state. The last statement simply outputs all the knowledge about Violation.
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Listing 1 RAM representation of the example Datalog

PROJECT ("while") INTO delta_Unsafe
PROJECT ("while", "protected") INTO Edge
PROJECT ("vulnerable") INTO Vulnerable

LOOP
QUERY

IF ((NOT (delta_Unsafe = ())) AND (NOT (Edge = 0)))

FOR a IN delta_Unsafe
FOR b IN Edge ON INDEX a.0 = b.0

IF ((NOT (b.l) € Unsafe) AND (NOT (b.l) € Protect))

PROJECT (b.1l) INTO @new_Unsafe
EXIT (new_Unsafe = ()
QUERY
FOR a IN new_Unsafe
PROJECT (a.0) INTO Unsafe
SWAP (delta_Unsafe, new_Unsafe)
CLEAR new_Unsafe
END LOOP

IF ((NOT (Vulnerable = ())) AND (NOT (Unsafe = (})))
FOR a IN Vulnerable
IF (a.0) € Unsafe
PROJECT (a.0) INTO Violation

OUTPUT Violation

2.3 Chapter Summary

In this chapter we introduce Soufflé execution model and its underlying representation - Relational
Algebra Machine. The purpose of this chapter is to give the reader a brief idea about Soufflé as a logic
engine and how its semantic and execution model differs from traditional imperative language. Those
characteristics eventually play an essential role in the design of the interpreter implementation, as well
as the performance. In the next chapter, we present the related work and overview in the research areas

of interpreter implementation.



CHAPTER 3

Background and Related Work: Interpreter and Dispatch

3.1 Overview

In this chapter, we give a detailed survey about previous work that is related to this project. To imple-
ment an efficient interpreter, it is necessary to investigate existing interpreter architectures, such as AST
interpreters and the bytecode interpreters. More importantly, we would like to understand the virtual
dispatch as the performance bottleneck in the interpreter - what is a virtual dispatch, and why is it slow-
ing down the interpreter performance? Finally, we investigate the optimisation techniques that target on

the interpreter architecture, instruction set design and dispatch process.

3.2 Interpreter

Interpreters are a popular technique when implementing a programming language. Compared to com-
pilers, interpreters are easy to implement, have excellent portability and can provide active feedback
in program development. However, interpreters usually run much slower than compilers (Wiedmann,
1983), so extra care must be taken regarding performance issue. While a lack-of-optimisation inter-
preter can be slower by a factor of 1000 than compilers, an efficient and well-optimised interpreter can

be slower only by a factor of 10 (Ertl and Gregg, 2003).

An interpreter usually executes on an intermediate representation, either an Abstract Syntax Tree (AST)
or a bytecode representation. The AST interpreter and bytecode interpreter differ from their imple-
mentation difficulty, semantic and performance. In the following sections, we will discuss interpreter
implementations.

13
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Abstract Syntax Tree

Assignment
source program |a=b+ 1| ———— | Variable BinaryAdd

/. N\

Variable | | Constant

oG

FIGURE 3.1. AST representation, some nodes are omitted for demonstration purpose

3.3 Abstract Syntax Tree Interpreter

Abstract Syntax Tree (AST) is a tree structure representation of the source program. An interpreter
that directly executes on the AST representation is called an AST interpreter, and implementing an
AST interpreter is straightforward (Aho et al., 2006; Gabbrielli and Martini, 2010). First, no effort
is needed for the interpreter instruction set design as its semantics is given by AST. Second, the AST
representation is “free’ because it is usually the output of a canonical language implementation, such as
parser and semantic checker; Figure 3.1 gives an example of the AST generated by a parser. Finally, the
software engineering technique related to AST interpreters is very mature using object-oriented language
features. For example, the instruction dispatch can be done with the help of virtual function calls and the
visitor pattern (Gamma et al., 1994). With this technique, an interpreter engineer will be able to produce

a concise and maintainable interpreter quickly.

However, the recursive nature of an AST representation is usually considered to be unwieldy for in-
terpreters. The tree visiting involves the recursive calls causing overheads on the program stack and
runtime. In addition to that, as pointers connect tree nodes in computer memory, some would also argue

that traversing AST is not cache-friendly (Ladner et al., 1999).

In the following sections, we briefly introduce two conventional approaches when implementing an
AST interpreter: virtual function dispatch, which usually found on modern object-oriented languages

like C++ and Java; and switch dispatch which uses tagged node and switch statement.
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3.3.1 Virtual Function and Visitor Pattern

Building an AST interpreter using virtual methods is common in a language that supports polymorphic
types. All tree nodes inherit from a base node type with an ’execute’ interface and have its own imple-
mentations for that interface. The program is then executed by calling the ’execute’ function on the root
of the tree. This approach relies on the virtual dispatch of the host language: in C++ the dispatch is done
by looking up through a virtual function (Bacon and Sweeney, 1996) table (vTable) in the assembly
code as shown in Figure 3.2. The vTable is generated by the compiler and is hidden under the hood
from the programmer. However, this also means that the programmer has no control over the dispatch
mechanism. This can be a disadvantage since the execute method will be invoked frequently. Another
problem wiht such a simple approach is that the interpreter’s state may be deposited in the AST and the
AST require the additional execute method. As a consequence, the AST becomes polluted. This is not

ideal, because many other parts of the language implementation will use the AST.

To overcome the engineering issues of a simple virtual execute method in AST, a visitor design pat-
tern was proposed as an improved strategy for implementing an interpreter. The visitor pattern is a
behavioural design pattern that provides different operation implementations on a data structure without

introducing new operations inside the data structure.

A visitor pattern for implementing an AST interpreter is desired as AST is usually shared among other
parts of the language implementation; such as optimiser and semantic checker, hence different algorith-
m/implementation are needed to operate on the AST. This can be done by providing each child node with
a virtual "accept’ function that takes a visitor; the visitor then chooses the appropriate ’execution’ de-
pends on the given tree node. However, the issue is that the visitor pattern introduces a double-dispatch
routine: one in the "accept’ function and one in the ’execution’ function, therefore, doubling the cost of

dispatching during runtime.

3.3.2 Switch Dispatch

When implementing an AST interpreter in a language that does not support polymorphic type, one can
always use a tag in a node and a switch statement to emulate a virtual dispatch in an object-oriented
language. A tag can be expressed as an Enum variable indicating the associated AST type; a dispatch
can then be performed by using a switch statement on the tag. Under the hood, the switch statement

can be either lowered into a binary search or linear search on the tagged nodes, or a jump table (Berndl
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Base

virtual execute()

Implementation of ChildA:execute()

ChildA dispatch
jump table VtableA

+0: pointer to vtableA

+0:Address of ChildA::execute()

+4: Attribute fields

FIGURE 3.2. Example of virtual dispatch

et al., 2005; Korobeynikov, 2007). Compared to the virtual dispatch, switch dispatch does not involves

function call, hence no overhead on the program stack.

In addition to that, there are multiple dispatch optimisations that can be applied on to the switch dispatch,
such as Threaded Code and Selective Inlining. This makes switch dispatch a very flexible choice when

implementing an interpreter. The related optimisation techniques will be discussed later in this Chapter.

3.4 Virtual Machine Interpreter

Modern computers can be complicated to manage due to their complexity. Virtual machine technology
as a solution for that has been used in many fields including software development, operating system and
language implementation. A virtual machine provides an interface between the hardware architecture

and users, bringing flexibility and usability (Smith and Nair, 2005).

A system-level virtual machine provides the user with a completed virtualized hardware environment:
they aim to emulate a physical machine. On the contrast, a process-level virtual machine is designed for

a particular software, their functionality is limited, but they can be implemented in an easier manner.

A high-level language (HLL) virtual machine, as a subtype of the process-level virtual machine, is
specially designed for language development. In HLL VM, the virtualization layer sits between the
operating system and guest language by providing a bytecode intermediate representation, which is
usually semantically close to assembly language but with a higher abstraction level. With a unified IR
across different platforms, the software can be executed as long as the program can be compiled into such

representation. The fundamental core of an HLL VM is usually an interpreter which directly execute
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the code stream by a fetch-dispatch-execute loop. More performance-concern VMs would consider

applying techniques such as JIT to execute the program on the host platform directly.

In contrast to AST, bytecode representation is a sequential representation; the computation is advanced
by the control of vPC and branch statements (Torczon and Cooper, 2007). The nature of a bytecode
representation is usually low-level and semantically close to assembly language. In addition to that,
when designing an HLL VM, one has to decide what architecture of the virtual environment to use,
either a stack-based VM or a register-based VM. The choice of the underlying architecture will not
only affect how the instruction set will be designed but also the potential performance and memory

consumption.

In the following sections, we briefly introduce two architectures and then discuss their difference.

3.4.1 Stack-based VM

A stack-based VM uses a virtual stack to pass intermediate result during the computation (Schoeberl,
2005). The virtual stack is usually implemented by a dynamic sized, sequential data structure, such
as a list; the arguments and the intermediate results of the computation are passed between different
operations though push and pop operation in a last in first out (LIFO) manner. As an example for
stack-based VM and its instruction set, figure 3.3 demonstrate the code stream generated to perform a
simple assignment operation, a = b + 1. A well-known example of stack-based VM is the Java Virtual
Machine (Tim et al., 2020), which compile the source language into JVM bytecode representation and

can be later executed by the interpreter.

PUSH 1
— [ Intormediate AST PUSH @b
Front-end Code Generator | ADD
STORE @a

Code Stream

FIGURE 3.3. Example of stack VM instructions

3.4.2 Register-based VM

A register-based VM uses a sequential data structure with random accessibility to emulate the hardware

machine registers; unlike real word hardware, register-based VM often has no limitation on the number
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virtual registers - it can have as many as it needs (Scott, 2009). The data in register-based VM is
passed between operation via 'move’ and ’load’ instructions, in contrast to stack-based VM, which can
only access the top of the virtual program stack, there is no restriction on how/when the data can be
accessed in register-based VM. The code stream generated to perform the example assignment is shown
in Figure 3.4. A typical example of a register-based VM is the Dalvik Virtual Machine. In Dalvik VM,
common operations usually reference up to 16 registers, in some rare case, some operation can reference

up to 65535 registers (Ehringer, 2010).

LOAD r1 @b

F—tc)l ’ Intermediate AST Cﬁ ADDrl 1
ront-en ode Generator STORE @arl

Code Stream

FIGURE 3.4. Example of register VM instructions

3.4.3 Stack-based VM versus Register-based VM

A big question in the design of VMs is whether a stack-based VM or a register-based VM is more

efficient.

As we can see in the above examples, it requires more instructions for stack-based VM to perform the
same operation as register-based. This is because stack-based memory access is implicit to the top of
the stack while register-based memory access can be explicit to any register. Therefore, register-based
VM can be more efficient when moving around the intermediate result during computation. However, in
register-based VM, memory-related instructions tend to have larger sizes per opcode since they require
extra space for arguments to specify the target registers. The difference in the size of the instruction set

and opcode size plays a vital role regarding the performance.

Winterbottom et al. (Winterbottom and Pike, 1997) in their study found that compiling the source code
to a register-based representation can result in efficient gain compared to a stack-based representation
in Dis. Later Gregg et al. (Gregg et al., 2005) gave a more detailed experiment and quantitative data
by translating a stack-based JVM to an equivalent register-based JVM. They found that the resulting
register-based code reduces the total number of VM instructions by 34.88% while increasing the size
of the code by 44.81%. As to extend Davis et al.’s study, Shi et al. .(Shi et al., 2008) offered a more
aggressive and efficient algorithm that can translate two representations between each other. They give

a comprehensive tutorial on how to do the translation using copy propagation and how to eliminate
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duplicate instruction. Their experiment on JVM indicates that register-based spend 26.5% - 32.3% less

time to execute the same program, with the drawback of having 25% larger bytecode size.

Despite the potential performance disadvantage, the stack-based VM still has the advantage of being
easy to implement. Building an IR generator and interpreter engine based on stack-based instruction set
can be very straightforward; unlike the register-based VM, which often require the input IR to be given
in Static Single Assignment (SSA) form and need register allocation algorithm to help provide efficient

data allocation and fetching.

To sum up, the register-based VM has a higher performance potential than stack-based VM due to its
higher semantic density and the ability to access any register during runtime randomly; the performance

boost comes with the cost of larger opcode size and greater implementation difficulty.

3.5 Dispatch Techniques

In the interpreter, an operation dispatch is a process of reading the next operation in the code stream and

transferring control into corresponding virtual instruction for computation.

In this section, we first introduce the challenge in the interpreter dispatch process, then we examine
some widely used dispatch techniques, and we discuss their characteristic in respect to their portability

and efficiency.

3.5.1 Branch Prediction and Context Problem

In modern computer architecture, instruction pipelining overlap multiple instructions and execute them
in parallel (Bryant and O’Hallaron, 2015). This requires the CPU to foresee the actions that will be
executed in future in order to schedule the pipeline. When encounter a conditional branch, it is hard for
the pipeline to schedule execution since the future operations depend on runtime result. Therefore, the
branch predictor is invented as a technique to help the CPU to predict the next branch location in order
to schedule the pipeline successfully. In case of a misprediction, the pipeline has to flush its content and
performs a reschedule, causes a pipeline stall. In an interpreter architecture, the virtual instruction to
execute depends on the code stream, whereas the code stream is generated from the source program and

is only known during runtime, hence each opcode dispatch is a conditional branch in the CPU.
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In 2001, Ertl and Gregg first identified that the branch misprediction as a critical performance bottleneck
(Ertl and Gregg, 2001), due to highly misprediction rate during the dispatch process, which results in
severe pipeline stall. They found that a bytecode interpreter usually spends 13% of the instructions
on indirect branches, much higher than a regular application. Meanwhile, they also examined many
available branch predictors, including profile-guided predictor, branch target buffer (BTB), BTB2 and
2-level predictors. They found none of them suited well for an application like an interpreter, where

indirect jumps are very often and involve with many possible targets.

For example, the most widely used branch predictor at the time was the BTB, which contains one
prediction entry for each branch location and predict the branch target by using the last jumped location.
For example, for an if-statement with two possible branches, a consequence branch (if) is used when
the condition holds, and an alternative branch (else) is used otherwise; if the last evaluation result leads
the program to an alternative branch, then the next prediction made on the same if-statement will simply
be the alternative branch again. This naive approach results in a severe misprediction rate in a program
like an interpreter - imagine all operations are dispatched from a single branch location, unless two
consecutive opcodes are the same, the BTB will always mispredict. Later, this particular challenge in

interpreter application is named as the ‘context problem’ (Bernd] et al., 2005)

With the discovery of the context problem, many optimizations were invented to overcome the issue.
These techniques can be categorized into two kinds, one that mainly focusing on the dispatch itself and
the other focus on the virtual instruction set design. We introduce some most well-known techniques in

the following section.

3.5.2 Central Dispatch

Central dispatch, also known as switch dispatch if found in a standard imperative language using a switch
statement, is the most natural way of writing a dispatch engine for an interpreter. The key characteristic
is having a single dispatch point for dispatching all the opcode: once the computation in the virtual

instruction is done, the control is given back to the central dispatcher for the next operation.

As shown in Listing 2, the dispatch point is the switch statement: it transfers program into corresponding
case statement based on the opcode; after the computation , the control will go back to the top of the

loop and enter the dispatch point again.
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Listing 2 Example code for switch dispatch
#define DISPATCH() ip++; break

while (true) {

switch (code[ip]) {
case (ADD) : {

// Computation goes here
DISPATCH () ;

case (SUB) : {
// Computation goes here
DISPATCH() ;

Consider its underlying implementation in C when targeting at x86-64 using gcc 9.2, as shown in List-
ing 3. The dispatch is done by utilizing an address table (.L4) and performs the dispatch by calculating
the offset of the target address in the address table (line 4 - 5). Then, the indirect jump happens at line
6. Once the virtual instruction is done, control flow is transfer into to .L2 and then returns to .L9 and

ready for the next dispatch

Switch statement is available on most of the imperative language, and one can usually find an equivalent
statement in other language paradigms. As long as the dispatch is always done at a single point, it can

be classified as a central dispatch.

3.5.3 Threaded Dispatch

Unlike central dispatch, threaded dispatch provides a dispatch point at the end of each virtual instruction;
there is no need to transfer control back to a central point, each virtual instruction can handle the dispatch

by themselves.

Threaded dispatch is first described by James R. Bell (Bell, 1973) as an optimization technique to im-
prove dispatch efficiencys; it requires fewer instructions to finish a dispatch process since it does not need

to transfer control back to a central dispatch point.
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Listing 3 Underlying mechanism of switch statement in C

cmp DWORD PTR [rbp-4], 4
Jja .L9

mov eax, DWORD PTR [rbp—-4]
mov rax, QWORD PTR .L4[0Hrax*8]
Jmp rax

.quad .L8

.quad L7

.quad .L6

.quad .L5

.quad L3

call A()

Jmp L2

call B()

Jmp L2

call C()

Jmp L2

call D ()

Jmp L2

call D ()

nop

Jmp .19

With the introduction of the instruction pipeline, the fewer instructions achieved in threaded dispatch
became less critical to the performance. Nevertheless, later it was found to be beneficial to the indirect
branch prediction in the processor (Ertl and David, 2003). At the time, the most widely used branch
predictor is the branch target buffer (BTB), which uses a single buffer for each branch location and

naively predict the next jump location to be the previous target of that branch location.

The central dispatch, having only a single branch location, becomes inferior here. The prediction made
by BTB in central dispatch is only correct when two consecutive operations are identical in the program,
which rarely happens. On the other hand, by having an individual branch location at the end of each
virtual instruction, the accuracy rate of BTB can be significantly improved. Table 3.1 illustrates an
example; the first column is the code stream, the prediction made by BTB before dispatching to the

corresponding opcode is on the same row. The BTB in a switch dispatch fails to predict any of the
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Listing 4 Example code for threaded dispatch

#define DISPATCH() goto #+codeStream/[ip++]

// codeStream = [&&ADD, ... ];

DISPATCH () ;

// Computation goes here
DISPATCH() ;

// Computation goes here
DISPATCH () ;

// Terminate

Code Stream | Switch dispatch with single | Threaded dispatch with indi-
BTB entry. vidual BTB entry.

start: A goto A

B A goto

A B A

goto start A B

TABLE 3.1. Prediction result of different dispatch methods with BTB

targets correctly as no two consecutive instructions are the same. However, in a threaded dispatch where

each operation has its own BTB entry, the prediction accuracy increases dramatically. For example,

since goto and B both have their own BTB entries and they are always followed by A, the predictions for

them are always correct in each iteration.

However, implementing threaded dispatch in a modern high-level language can be troublesome. The

most standard way of jumping to a dynamic program address in an imperative language is by using

function pointers or a similar mechanism. The downside of this method is that it introduces new instruc-

tions on program stack when jumping to/returning from the function call. Another standard solution in

C/C++ is to use goto statement and label-as-value extension in GNU C (Listing 4), but this brings a new

portability issue when target machine only has ANSI C.
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3.5.4 Indirect Threaded Dispatch

Dewar introduced indirect threaded dispatch or indirect threaded code (ITC) as a more memory-efficient
version of threaded dispatch (Dewar, 1975). Instead of having the code stream as an array of program
address (8 bytes), it creates an address table and having integer offsets (4 bytes) as an array representing
their position in the address table as shown in Listing 5. When targeting on a 64-bit machine in C, this

typically means we can save about 4 bytes for each opcode depends on the design of the instruction set.

Listing 5 Example code for indirect threaded dispatch.
#define DISPATCH() goto ##addressTable[code[ip++]]

// addressTable = [&&ADD, &&SUB, &&HALT];
// code = [0, 1, ...];

DISPATCH () ;

// Computation goes here
DISPATCH() ;

// Computation goes here
DISPATCH () ;

// Terminate

Standard implementation is to use the goto statement and label-as-value extension in GNU C. Although
it still has a portability issue, a surprising advantage of ITC regarding software engineering concern
is that, it provides an easy way of switching between central dispatch and indirect threaded dispatch
when target machine does not support the latter. Since Enum type used in switch dispatch can be treated
as an integer type and therefore can be directly used as the offset in ITC; switching between ITC and
switch dispatch can be done by using a few lines of macro as shown in Listing 6. In fact, many modern
interpreters such as CPython relies on this technique to maintain probability while aiming for better
performance. In contrast to direct threaded code, when the targeted machine does not support the GNU
extension, it usually requires the interpreter author with a more sophisticate method to fall back to central
dispatch, since the code stream required by two dispatch methods has fundamentally different types in

language like C (Pointer v.s. Integer).
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Listing 6 Switching between switch / threaded dispatch

#1fdef LABEI,_ AS VALUE

#include addressTable.h

#define DISPATCH() goto ##addressTable[code[ip++]]
#define OPEATION (op) op : LABEIL_##o0p

#else

#define DISPATCH() ip++; break

#define OPERATION (op) op

#endif

while (true) {
switch (opCode) {
case OPERATION (ADD) : {
// Computation goes here
DISPATCH() ;

case OPERATION (SUB) : {
// Computation goes here
DISPATCH() ;

3.5.5 Subroutine Threaded

Subroutine threaded was first described by Curely (Curley, 1993), who presented a Forth implementation
on 68000CPU. In general, the idea of subroutine threaded is to ’glue’ the instruction body with assembly
code ’call’ and ’return’; instead of dispatching based on a dynamic program address, code stream is

loaded as a sequence of native function calls and directly to the corresponding instruction.

Subroutine threaded can reduce most of the indirect jump during the dispatches (Berndl et al., 2005),
except for those relies on runtime result, such as virtual branches instruction. Although subroutine
threaded involves machine dependent code, which can bring up a portability issue, the complexity of the
code is well contained since it only involves porting native call and return instruction. Therefore, adding

support for other platform is still relatively easy compared to porting a compiler.

3.6 Instruction Optimization

So far the optimizations we have covered were all focusing on the dispatch loop itself; another approach

would be to directly alter the instruction design in order to reduce number of dispatches.
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Code Stream | Prediction result | Code Stream with Superinstruction | Prediction result
start: A goto start: A_B_C goto

B A

C B

goto start C goto start A BC

TABLE 3.2. Superinstruction with switch dispatch and BTB

3.6.1 Super-instruction

Intuitively, the less instruction we have in the program, the less branch indirection we could encounter

and hence results in fewer misprediction penalty.

Ertl and Gregg (Ertl and David, 2003) came up with the idea of super-instruction, which reduce the
number of dispatches needed for the same program by building specialized super-instruction that is made
up of many small instructions. As an example shown in Table 3.2, if we have a large instruction that
semantically equivalent to execute A, B and C' in the order, we can reduce the number mispredictions

from four to two for each iteration of the loop.

If one wants to build super-instruction statically, this typically would require the author to identify
frequent sequences in the program, usually with a profile-guarded approach. Nevertheless, building
super-instruction dynamically is similar to applying virtual instruction threaded code; it provides more
opportunities for combing basic instructions but introduces a probability issue as it involves embedded
assembly code. Finally, Ertl and Gregg also found that abusing the super-instruction would result in a

growth in the opcode size and can be harmful on 32-bit machines.

3.6.2 Selective Inlining

Selective inlining presented by Piumarta and Riccardi (Piumarta and Riccardi, 1998) is the most aggres-
sive optimization technique that targets on reducing dispatch number. The idea is to translate the whole
virtual program into one single instruction by concatenating each individual virtual body together. This
does not require the author to generate assembly code for any interpreter instruction; it is instead done
by ‘memcpy’ing the machine code of each instruction body during runtime. The exact address to be

copied can be determined at runtime by using GNU’s label-as-value extension.

However, to keep the program counter (PC) correct, selective inlining can not deal with any relative

jump to a function call, this means any instruction body with function call can not be inlined without
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carefully inspect the source code. Since hardware architecture and compiler tend not to enforce any
standard on whether a relative or absolute jump should be preferred, this makes selective inlining much
more complicated; its portability does not depend on a particular standard which interpreter author can
reference, but depends on a specific compiler implementation of a particular version. However, selective
inlining can still be reliable for a virtual instruction set with fine-grained opcodes, where implementation

is straightforward and does not involve many system calls.

3.6.3 Replication

Ertl and Gregg introduced replication along with super-instruction (Ertl and David, 2003). The opti-
mization is done by duplicate each instruction body several times and uses different copies in different
places of the code stream. In the extreme case, if every opcodes in the code stream can be duplicated,
then each opcode will have its own jump location and can always be predicted correctly with BTB and

threaded code.

Consider the example given in table 3.3 where prediction accuracy rate goes from 50% to 100% with

the help of replication.

Code Stream | Prediction without | Code Stream with | Prediction  result
replication Replication with replication

start: A A start: Ay Aq

B goto B B

A A Ay Ay

goto start B goto start goto

TABLE 3.3. Replication with BTB and threaded code

However, if one chooses the inappropriate instruction to replicate, it can hurt the prediction as shown
in 3.4; a sub-optimal instruction B is chosen to be replicated, where overall accuracy goes from 66.67%
to 50%. To ensure for the best performance, one should replicate every opcode in the code stream by
using dynamic replication, with careful analysis during code generation and use ‘memcpy’ to copy the

body of the instruction similar as selective inlining.
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Code Stream | Prediction without | Code Stream with | Prediction  result

replication Replication with replication
start: A A start: A A
B goto By goto
A A A A
B B By B,
A A A A
goto start B goto start By

TABLE 3.4. Replication resulting in increasing misprediciton

3.7 Other Related Work

3.7.1 Instruction Reordering

Brunthaler (Brunthaler, 2011) described an optimization approach by reordering the VM instruction in
the instruction table, such that more frequent instructions can be successfully stored in cache level. This
data-driven approach requires the writer to pre-analyze the instructions frequency in a particular VM
and order the instructions accordingly. The author manage to show a factor of 1.142 speedups when

experimented on Python using the fasta benchmark.

3.7.2 Code Generator for Interpreter

Another way to implement efficient VM is to use a code generator that automatically generates a stack-
based interpreter for the programmer. Vmgen (Ertl et al., 2002) generates C code for the interpreter, just
like how Yacc generates the parser. A significant advantage of using Vmgen is for the ease of implemen-
tation. More attracting, Vmgen applies complex optimization which usually hard for a programmer to
write, such as super-instruction and replicate. In addition to that, Vmgen also supports scheduling and
prefetching the VM instruction that targeting specific hardware architectures, such as PowerPC, which
result in a 1.2 speed up. Experiment on GForth indicates that interpreter generated by Vmgen is faster
and easier to implement than a hand-written interpreter, and only slower than the native code compiler
by a factor of 2. However, machine-generated source code can be hard for a human to read and extend,
and it adds the generator tool as an extra dependency for the interpreter implementation. Interpreter
author may prefer to rely on the host language that has large community support from both academic
and industry instead of a relatively small project with only a handful maintainers. That being said, the

generated code from Vmgen can still be a good guideline for interpreter author to reference.
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3.8 Modern Branch Predictor

The literature that is targeting on VM dispatch techniques all have one solid assumption: indirect jumps
in VM interpreter are hard to be predicted. Although the assumption was valid given simple branch
predictor back the time, the most recent research given by Rohou et al. (Rohou et al., 2015) offers a
different opinion. They considered three interpreters (Python, Javascript, CLI) on a state-of-art branch
predictors ITTAGE and three most recent Intel process generations in 2015. Their result indicates that
the branch misprediction rate drop dramatically from 12 - 20 MPKI to an only 0.5 - 2 MPKI as the
process evolved. In addition to that, the penalty of mispredictions has also decreased by a considerable
amount — the number of instruction slots wasted due to branch misprediction drop from 14.5% on

Sandy Bridge to 7.8% on Haswell.

Their finding may suggest that the dispatch optimisation techniques are no longer be effective on mod-
ern hardware. We were able to find few discussions about this paper in the language implementation
community, but unfortunately, we were not able to find any formal research following up to this paper

regarding the interpreter performance.

3.9 Chapter Summary

In this chapter, we introduced two interpreter architectures: tree-interpreter and the bytecode interpreter.
Tree-interpreters like AST interpreter are usually considered to be slow but more straightforward to
be implemented. Bytecode interpreter can be further broken down into two categories, stack-based or
register-based. Many research suggests that register-based VM has better performance due to higher
semantic density which leads to less dispatch in the execution. On the other hand, stack-based VM
has a relatively smaller opcode size and is more convenient to implement. In addition, we survey the
performance components of the interpreter, and we conclude the dispatch process, or branch prediction
is the root cause of slowness in the interpreter. We explain in detail how branch prediction and pipeline
scheduling affect the performance, and we survey techniques that are invented to overcome this issue.
The techniques can be categorized into two kinds, one that focuses on writing dispatch process differ-
ently, such as threaded code and indirect threaded code; the other focus on redesign the instruction set,
such as super-instruction and replica. Other techniques can help produce efficient interpreter including
an interpreter generator or virtual instruction reordering. Finally, and most importantly, we found re-

lated research, suggesting the impact of a branch misprediction is no longer as effective as before as
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hardware has improved recently. This brings us one of the critical questions in this work, how are those
optimization techniques work on modern hardware and what is its performance on logic language like

Soufflé. We will try to answer those questions in the later chapter with experiment and result.



CHAPTER 4

Switch-based Shadow Tree Interpreter

4.1 Overview

In this chapter, we introduce Switch-based Shadow Tree Interpreter (SSTI), a new implementation strat-
egy that provides supreme efficiency and maintainability for tree-walk interpreters. The interpreter is
tailored towards a C++ implementation - although it can be used for other languages as well. The SSTI
strategy is similar to an AST interpreter. Hence, it targets on coarse-grained instructions instead of
fine-grained instructions. This new design aims to overcome some of the engineering and performance
limitations in AST interpreters while minimizing the software engineering overhead compared to more

sophisticated implementation such as bytecode VM.

4.2 Challenges in AST Interpreter

An AST interpreter suffers from both software engineering concerns and performance degeneration with
regarding runtime execution. The descriptive nature of AST fits awkwardly in an execution model, and

the double-dispatches introduced by visitor pattern makes it suffers from dispatch overhead.

The visitor pattern is a common strategy to implement an AST interpreter in an object-oriented language.
A visitor pattern in an interpreter is enabled by providing a virtual ‘accept’ function in the IR node and
a virtual ‘execute’ function in the visitor (engine) class. The execution detail is shown in Figure 7,
as mentioned in Chapter 3, two dispatches are involved. One comes from the IR node calling the
visitor’s ‘execute’ function, and the other comes from the visitor to dispatch the next operation node.
The visitor pattern is easy to implement, and makes adding new operation in the language relatively easy.
Furthermore, when language implementation has several execution strategies, such as a compiler and
an interpreter, visitor pattern enables the language with different execution models without modifying

the source IR; However, using visitor pattern to dispatch operations would double the dispatch costs
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in the execution time, making a significant impact on the performance. In addition to that, AST fits
awkwardly in the execution model when applied with runtime optimization. By principle, AST should
not be modified during runtime as a purely descriptive format. Therefore, when applying pre-runtime
optimization such as name encoding, runtime state cannot fit in the AST without violating the principle
of separate responsibility. For example, when the AST is shared between multiple execution models,
such as a compiler and an interpreter, no assumption should be made about how a particular model
performs its own name encoding. A suboptimal solution is to provide a separate runtime data structure
to handle runtime state, such as a hashmap that maps from tree node to runtime variable for name
encoding. Such an approach introduces extra engineering overhead, and the performance of a hash map
is inferior compared to direct index encoding with a list container (Muslija and Pjani¢, 2018). A bold
programmer may still be willing to violate a couple of engineering principles by putting pre-runtime
optimization directly inside of an AST. However, when applying in-runtime optimization where nodes
need to be modified on-the-fly (e.g. reconnect nodes, insert cache reference), directly modifying AST

can be error-prone, breaking other parts of language implementation such as error reporting.

Listing 7 Double dispatch in visitor pattern

class RamNode{
virtual accept (Visitor* visitor) {
// visitor 1s a polymorphism type
// calling the visitNode function requires a dispatch
visitor->visitNode (this) ;

class Interpreter : Visitor ({
virtual visitNode (RamNodex node) {
/% Perform regular execution */

// Dispatch the next operation.

// node—->child is a polymorphism type

// calling the accept function requires a dispatch
node->child->accept (this) ;

4.3 Shadow Tree Overview

SSTI is specialized for light-weight switch-based interpretation for coarse-grained instructions. The

implementation strategy expects the AST as input, and hence it relies on a recursive traversal pattern
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through the tree. To make the execution efficient, a new tree data structure - shadow tree - is intro-
duced, which shadows the shape of the AST. The shadow tree is an executable format generated from a
tree-like IR. It overcomes many of the engineering limitations when implementing an efficient and main-
tainable tree-walk interpreter. First, compared to traditional AST interpreter, it enforces better engineer-
ing practices by separating descriptive format (e.g. AST) from the executable information. Therefore,
higher-level IR can be well shared between multiple implementations. Second, it enables pre-runtime
optimization by allowing information like name encoding to be inserted into the shadow tree node; it

also allows in-runtime optimization by modifying the tree node on-the-fly during execution.

IRNode

# children : [IRNode]

shadowNode # descriptive data..

# opcode : enum

# shadowPointer : void*

# children : [shadowNode*]
# dataCache : void* <
# encodedID : size_t

o 4 -
o~ / \ \§ource IR
+ getChild(size_t) : shadowNode*
APIs for interpreter.. Shadow Tree

FIGURE 4.1. Shadow tree overview

Finally, shadow tree commits to a switch-dispatch pattern by holding an Enum variable in each node,
saving half the dispatches in a traditional AST interpreter that relies on visitor pattern; using switch-

dispatch also allows other dispatch techniques to be applied, such as indirect threaded code.

Figure 4.1 demonstrate the shadow tree structure. The shadow tree is generated from a tree-like source
IR, the semantic of the shadow tree follows directly from the source IR. Therefore, the shadow tree has
the exact same structure with its source IR !, meanwhile, each shadow node holds a raw pointer (shadow
pointer) points to the corresponding source IR node. Shadow node does not utilize class hierarchy.
Instead, all nodes share the same base class structure and each node holds an Enum variable representing
its operation type; child nodes are held within a list of shadow node pointers. In addition to that, the
shadow node can also hold other attribute fields for storing runtime information on the need, such as

data caching and name encoding.

'In practice, some nodes in source IR can be ignored based on need.



4.4 EXECUTION MODEL 34

4.3.1 Why Tree Structure

Although bytecode representation can also overcome many of the issues of executing an AST directly,
the shadow tree still has several advantages. First, compared to a bytecode representation, the shadow
tree is much easier to implement. The instruction set comes for ’free’ as it directly follows the source
IR. Second, the effort of code generation is minimized by a single traverse of the source IR, while
bytecode representation requires a more sophisticated code generation strategy, such as handling branch
instruction, design appropriate instruction set. Third, the bytecode representation introduces fine-grained
instruction. Although many imperative languages may favour it, it does not fit well when the language
to emulate has a coarse-grained instruction set, such as Soufflé. The experiment about semantic density
between bytecode representation and shadow tree is presented in Section 6, in which we found shadow
tree spent 9% - 36% fewer dispatches compared to bytecode representation in Soufflé, results in fewer
dispatches overhead. Finally, in a language implementation where the IR is already highly-optimized
(such as Soufflé’s RAM), it is doubtful whether it is necessary to design and implement a completely

different format.

4.4 Execution Model

The interpretation is based on a recursive function call and switch-dispatch on the Enum variable within
the tree node. The engine starts by dispatching the root shadow node. To enable execution, computation
is dispatched to its corresponding virtual instruction by a switch dispatch. If any static information is
required during runtime, it can be retrieved by looking thought the shadow pointer and cast it to the type
of the corresponding source IR node. During the computation, the control is transferred to the child

shadow node by following the semantic of the source IR using recursive call and switch statement.

4.4.1 Runtime Optimization

Separated from the static information, the shadow node is well compacted and can leave space for storing
runtime related information. Runtime-related information can be inserted either during the generation

of shadow tree or by directly modifying the shadow node during the runtime.
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4.4.2 Example of Pre-runtime Optimization

Name encoding helps the interpreter to quickly identify the location of the target variable in the runtime
environment. Although other representation can also utilize name encoding, the shadow tree has several
advantages. First, putting name encoding in a higher IR violates the principle of separated responsi-
bility, as we mentioned previously. Second, in a representation like bytecode, name encoding is easily
achievable. Nevertheless, once the execution encounters any error, it is hard for a bytecode interpreter to
report meaningful error message since the original name is lost during encoding and code generation. A
separated error message reporter must be designed for decoding the variable name when a user report is
needed in bytecode representation, which introduces even more engineering overhead. In shadow tree,
name encoding can be done during the generation of a shadow tree, in case an error occurs and a report
is needed, the original information can be easily retrieved by looking at the source IR through shadow

pointer.

4.4.3 Example of In-runtime Optimization

In addition to that, the shadow tree also supports runtime optimization by modifying the shadow node
on-the-fly during execution, such as data caching. Data caching may not be common in an imperative
language, which focuses on light-weight and intensive arithmetic computation. While in a language like
Soufflé, data caching of a runtime relation reference can save a significant amount of data overhead. In
shadow tree, if optimization can be applied, the interpreter is free to modify the ‘cache state’ of a tree
node and insert a caching reference. Then during the next execution, if the optimization state is valid, the
interpreter can directly access the underlying data through the cache. Such optimization cannot be done
with an AST representation because of the same engineering concern mentioned in the above section.
On the other hand, bytecode representation requires extra spaces for arguments as the notion of ‘cache
state’, and it has to modify the code stream on the stack during runtime. Such an approach is error-prone
and leads to tedious code compared to the shadow tree, where the complexity of the algorithm can be

well controlled with data attribute maintain in the tree node itself.

4.4.4 Summary

In summary, the shadow tree enables pre-runtime and in-runtime optimization, which is not possible

or at least not considered as a good practice when using an AST interpreter. In particular, pre-runtime
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optimization can be easily inserted into the tree node, and the error message can be recovered entirely by
looking though the shadow pointer. Shadow tree allows optimization on-the-fly by modifying the tree

node, which is simpler compared to modifying code stream on the stack.

4.5 SSTI or Bytecode Representation

Shadow tree tries to overcome many issues which can also be solved by bytecode representation. How-
ever, those two representations are fundamentally different, and both have its pros and cons depends on
the situation. A careful decision should be made on whether bytecode or shadow tree representation

should be used as the executable format.

First, the shadow tree can suffer from the recursive structure where a recursive function call transfers
control flow, introducing overhead on the program stack. In comparison, bytecode representation is
purely sequential and transfers control flow by changing the value of vPC. On the other hand, when
emulating iterative statement, shadow tree can benefit from the native for-loop statement of the host
language while a bytecode representation requires two or more low-level virtual instructions (condition
check and goto). The save in the dispatch numbers can lead to a significant impact on the evaluation time
when the target language is heavily iterative-based, such as Soufflé. In Soufflé, an iterative statement
is based on high-level C++ iterator object; this gives shadow tree another advantage because sequential
representation needs to read/store the iterator from/to the virtual environment repetitively, which is more

expensive than just reading an integer value.

Second, by being a tree structure, shadow nodes are connected through pointers in the program, which
is not cache-friendly when walking through the pointers. In contrast, bytecode representation is well
compacted in a list container and preserve better data locality. However, bytecode representation is usu-
ally fine-grained and requires more dispatches while shadow tree is explicitly designed for emulating a
coarse-grained instruction set, and its evaluation usually has fewer dispatches. The number of dispatches
saved can amortize the impact of data locality depends on the language implementation. The trade-off

should be considered when making an implementation decision.
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4.6 Chapter Summary

SSTI as a new tree-walk interpreter overcomes the engineering concern in an AST interpreter by sep-
arating the executable format from the descriptive IR. A switch-based dispatch techniques reduces the
dispatches cost by half and can be extended with other optimization techniques in the future. Its underly-
ing implementation is simple compared to bytecode representation and the code generation is minimized
by a single traverse in the source IR. In case of any runtime optimization is needed, author is free to in-
sert extra information into the node or changing the internal structure of the trees without worrying about
breaking engineering principles. The performance of SSTI can be compatible with bytecode represen-
tation based on the target language. In Soufflé, our SSTI implementation - Souffié Tree Interpreter, is

currently 5% - 10% faster then the bytecode representation - Soufflié Virtual Machine.



CHAPTER 5

Implementation of Soufflé

5.1 Overview

This chapter gives a detail description about the implementations of the Soufflé interpreter. Two inter-
preters are designed and implemented, a tree-walk interpreter utilizing SSTI strategy called Soufflé Tree
Interpreter (STI); and a stack-based VM with switch dispatch called Soufflé Virtual Machine (SVM). In
addition to that, a data structure adopter is implemented in order to support the runtime interpreter with

statically typed, efficient and parallel data structures.

5.1.1 Challenges and Legacy Implementation

Before this work, Soufflé has a legacy AST interpreter which directly executes on the RAM IR. In order
to share RAM between the C++ synthesizer and interpreter, the execution is enabled by a visitor pattern.
As a result, the dispatches are doubled during execution and causes a performance degeneration; and

interpreter specific runtime optimization is tedious to implement, requires much engineering effort.

The legacy interpreter also suffers from the inefficient runtime data structure. Soufflé’s outstanding
performance relies on the parallel, efficient data structure. The data structure is statically typed, hence
the initialization of the data structure requires knowledge of source Datalog program, such as the arity
size of the relation. A synthesizer can produce C++ code to initialize those data structure based on the
input program and compile them into binary code. However, there is no opportunity for an interpreter
to initialize static data since the program evaluation starts as soon as RAM is generated. As a result, the
legacy interpreter uses an alternative runtime container, erase the static type of tuple into raw pointers
and emulate the same functionality. Nevertheless, the approach introduces memory and performance
overhead and does not support parallel execution, making the interpreter scale poorly on the real-word
sophisticated program.

38
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Part of this work is to provide an efficient interpreter implementation for Soufflé with support of par-
allel execution and static data structure. Meanwhile, good software development principles need to be

established in order to provide maintainable and extendable code.

5.1.2 Soufflé Tree Interpreter

STI is implemented using the Switch-based Shadow Tree strategy mention in Chapter 4. Souffié translate
its source program into RAM - a tree-like, imperative-style intermediate representation. The shadow
tree takes the structure of RAM representation, within each shadow node there is an Enum variable
indicating the operation type; a shadow pointer referencing to the source RAM node; a list of shadow
nodes maintaining the tree structure; a list of 4 bytes integer for operation arguments; and finally a raw
pointer for runtime relation caching. The generation of the shadow tree is done by utilizing the visitor
pattern; the shadow tree generator is passed into the ‘accept’ function into the root of the RAM tree
to fire up the generation. An example of generating a shadow node that points to a Scan operation is
shown in Listing 8. Using visitor pattern for code generation double the dispatch costs, however, the
code generation only needs one pass through the tree, and the extra overhead can be amortised once the

interpreter starts the execution using switch-dispatch.

The execution is enabled by switch statement and the control flow in transferred into child node by
recursive tree traverse. Listing 9 demonstrate the virtual instruction of a Scan operation. Note that,
although shadow node holds a reference pointer to the source RAM node, it is not always required to
reference the source for execution. For example, executing a Scan operation does not requires referenc-
ing the source RAMScan node. However, when an error occurs, we can report a detailed log message
by casting the shadow pointer into a pointer to RAMScan and retrieve any necessary information, such
as target relation name, its surrounding operations, etc. Depends on the target operation, we may or may
not want to cast the shadow pointer for execution purpose. To avoid redundant and error-prone coding,
we create a macro to help declare a case statement. CASE(Kind) is used for operations where no casting
is required for execution while CASE_CAST(Kind) will cast the shadow pointer for execution purpose
as soon as the program enters the case statement. Finally, ESAC(Kind) helps us make sure every case

statement is ended properly.

In addition to the basic structure and execution model, we have implemented pre-runtime and in-runtime

optimization directly in the tree node by taking advantage of the shadow tree. In the following sections,
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Listing 8 Example of generating RamScan operation

using NodePtr = std::unique_ptr<ShadowNode>;

using NodePtrVec = std::vector<NodePtr>;

class ShadowTreeGenerator(

NodePtr visitRamScan (RamScanx scan) {

// Encode operation hint as index 1id
std: :vector<size_t> data;
data.push_back ( (encodeHint (&scan)));
// Location to store target tuple
data.push_back (scan.getTuplelId());

NodePtrVec children;

// Generate child nodes.

for (auto child : scan.getChildren()) {
children.push_back (child->accept (this));

}

// Operation_Scan 1s the Enum variable.

// &scan specify the referenced source IR.

// data 1is the operation argument.

return std::make_unique<ShadowNode> (Operation_Scan,
&scan, std::move (children), data);

we describe how runtime optimization works in STI implementation and how to reduce the cost of

register allocation in a recursive switch-dispatch execution model.

5.1.2.1 Name Encoding

Name encoding helps interpreter to locate the target variable in the runtime environment quickly. In
Soufflé we perform name encoding on Relation Operation Hints (ROH) (Jordan et al., 2019b), which
is a cache object containing the latest query information in the target relation. Therefore any following
operations can make use of the data ordering properties and boost up the performance. ROH is bound
with a specific relation operation, which is a node in the shadow tree. By definition, ROH can only be
created during the runtime and needed to be updated after each subsequent execution. In legacy imple-
mentation, due to the engineering principles of not inserting runtime information into RAM directly, the
encoding is done by a hashmap that maps from the node address to the location of ROH. In STI imple-
mentation, tree node is encoded with a unique id during shadow tree generation, and the id is provided as
operation arguments during the execution, the example in Listing 8 includes name encoding procedure
of ROH. Finally, ROH is stored in a list container where its position is the operation id produced during

code generation. The number of hints needed to be created is known before runtime, hence the memory
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Listing 9 Virtual instruction of Scan operation

#define CASE (Kind) case (Operation_ ##Kind) : |
#define CASE_CAST (Kind) \
case (Operation_##Kind): { \

auto source = static_cast<Ram##Kind> (node->source);

#define ESAC (Kind) \
fatal ("Operation " #Kind " finished without returning result");\
}

// Note ctxt 1is the virtual environment for storing temporary variable
Result execute (ShadowNodex node) {
switch (node—->opcode) {
CASE (Scan)
size_t relld = node->getData(0);
auto& rel = ctxt.getRelation(relld);

// use simple iterator
for (const RamDomainx tuple : rel) {
ctxt [node->getData(l)] = tuple;
// Transfer control through recursive function call
if (!execute (node->getChild(0), ctxt)) {
break;

}

return true;
ESAC (Scan)

layout of the container is fixed once the program starts executing; the only operations required on the
container are the read and write; compared to legacy implementation, access hints with direct index has

better performance than using hashmap (Muslija and Pjanié, 2018).

5.1.2.2 Relation Caching

Based on the static nature of RAM, the relations need to be created during runtime are known before
program execution. This means relations can be statically encoded into index id just as operation hints.
However, relation referencing are very frequent in RAM operation. Therefore, we want to save an extra
indirection from list indexing by holding a reference to the target relation directly. To achieve this, we
perform relation caching on-the-fly during runtime. For each operation node, the first time it accesses the
relation would be by list indexing; once the address of the target relation is known, it will be inserted into

the tree node. The static nature of RAM ensures that the caching will be valid throughout the program
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lifetime. As a result, any subsequent access can be done by directly go through the reference, saving us
one level of indirection. The resulted code after apply relation caching in the Scan operation is shown

in Listing 10.

Listing 10 Example of applying relation caching

CASE (Scan)
if (node->cache == nullptr) ({
size_t relld = node->getData (0);
auto& rel = ctxt.getRelation(relId);
node—>setCache (&rel) ;

} else {

auto& rel = xnode->cache();
}
/% Other computation .. */

ESAC (Scan)

5.1.2.3 Reduce Register Pressure In Recursive Function Call

To transfer program control, the interpreter calls an ‘execute’ function with the child node as an argu-
ment. In the assembly level, once enter the new function body, the program needs to allocate a new
stack frame and push all the callee-saved registers onto the stack to prevent the instruction in the func-
tion from overwriting those registers’ value. The compiler determines what register to save by looking at
the instructions of the function body. However, the ‘execute’ function in STI contains only a long switch
statement, and any of the cases is a possible target to execute during runtime. As a result, the compiler
would decide to save the maximum possible number of registers needed for the heaviest case statement.
Using GCC 9.0 with -02 or -03 option targeting on a x86_64 architectures produces the following code

(Listing 11) when calling ’execute®.

Assembly code spends six instructions to save the callee-saved registers, which is not needed by many
virtual instructions. In addition to that, it spends three instructions to create a canary value to prevent
stack buffer overflow attack (Bryant and O’Hallaron, 2015). However, this is not always needed since

many of the virtual instructions does not allocate a buffer on the stack.

To work around this, we put each of the virtual instructions inside of a local C++ lambda - warping it as a
function call. This can be achieved easily by modifying the macro mentioned in Listing 9. Therefore, the

compiler will be noted that no callee-saved register is needed and choose not to overreact (Listing 12).
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Listing 11 Assembly code to prepare a function call

## Allocate program stack
push srbp
mov $rsp, $rbp

## Save callee-saved registers
push $rlb

push srld

push %rl3

push srl2

push Srbx

sub $0x868, %rsp

## Produce Canary value to prevent stack overwrite

mov $fs:0x28, %rax
mov $rax, -0x38 (%rbp)
XOr %eax, $eax

## Then start the switch statement

Instead, the compiler would save registers accordingly once enter the lambda. This optimization pro-
duces the assembly code as shown in Listing 12, it merely allocates the stack and starts the switch right

away, saving nine instructions.

Listing 12 Assembly code after optimization

## Allocate program stack
push Srbp
mov %rsp, $rbp

## Start the switch statement

The trade-off here is the extra function call; however, based on our experiment, the save in instructions
justify the extra function call, saving us 5% - 12.5% instructions based on the benchmark. This is because
light-weight virtual instructions which do not need any callee-saved registers are executed much more

frequently than heavy instructions in RAM.

5.1.3 Soufflé Virtual Machine

Soufflé Virtual Machine (SVM) is a stack-based Virtual Machine Interpreter and has its own intermediate

representation — a bytecode representation. The data stack is implemented witha std: : vector<32_int>

container, because all the operations in Soufflé are expected to return a single 32-bit integer. SVM has
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98 instructions, each encoded as a standard Enum in C++, which is equivalent to an Int and results in

a 4 bytes opcode size on a 64-bit machine.

Unlike STI, SVM instructions are fined-grained, consists of a few numbers of simple virtual instruc-
tions, such as SVM_LOAD, which loads a tuple onto the stack; and SVM_Got o, which modify the value
of vPC. Iterative-based instructions are cut down into several fine-grained operations as well. For ex-
ample, Scan, which iterates through all the tuple within a relation, is divided into three operations:

SVM_Init_Scan, SVM_Read_Iterator and SVM_Goto.

e SVM_Init_Scan takes two arguments, one for target relation and one for the position to
store the iterator. It initializes a full range iterator from the target relation and stores it into the
target position in the virtual environment.

e SVM_Read_Iterator takes two arguments, one for the target position of the iterator and
one for the alternative branch location to jump in case the iterator is exhausted. It reads the
iterator from the virtual environment, reads its value, increments the iterator and pushes the
value onto the stack. In case the iterator is invalided, it jumps to the alternative location by
modifying the vPC value.

e SVM_Goto takes one argument; it merely jumps back to the start of the loop.

Such fine-grained instruction set helps the SVM to maintain a sequential execution model and does not
require recursive function call as in STI, therefore, it avoids the extra program stack overhead. However,
it is worth to mention that we do not tend to emulate every single low-level instruction in SVM, as it
can cause dispatch overhead and performance slow down. Instead, we seek every opportunity to rely on
native support from the host language to reduce the overhead of interpretation; for example, not all the
conditional branch is implemented as an SVM instruction, if suited, we will save the extra dispatch by
implementing them as a native if-statement in C++. As an example, Listing 13 shows the implementation
of SVM_Read_TIterator, notice how the branch is implemented in native if-statement in C++ instead

of breaking into virtual branching such as SVM_ Jumpez.

SVM utilize the same runtime optimization as in STI. Hints are encoded as id and provided as operation
arguments. The relation is statically encoded as an index as well because memory is managed by smart
pointers, which cannot be freely cast into integer type and provided as operation arguments directly.

Therefore, SVM spends one extra indirection when accessing relation through the container.
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Listing 13 Implementation of Scan in SVM

// VvPC is the virtual instruction pointer
// Ctxt 1s the virtual runtime environment
Result execute () {
while (vPC) {
switch (codeStream[VvPC]) {

case (SVM_Read_Iterator) {
// Retrieve iterator from environment
size_t iteratorId = codeStream[vPC+1];
auto& iter = ctxt.getIterator (iteratorId);
if (iter.notEnd()) {
stack.push_back (xiter++);
} else {
// If iterator 1is exhausted, jump to alternative branch.
vPC = codeStream|[VvPC+2];
break;
}
vPC += 3;
break;

5.1.4 Data Structure Adapter

The data structure in Soufflé provides efficient performance for relational algebra operations by ex-
ploiting the static information from the source Datalog program such as relation (arity) and specialized
comparator (indexing) (Subotié et al., 2018). However, the interpreter is not benefited from it as it
cannot initialize objects with static information during runtime. An adapter is implemented to provide
uniformed APIs, warping around the static classes for the interpreter. In detail, the static classes that

need to be uniformed by the adapter are:

o Tuple Tuple is the basic unit stored in a relation. The size of the tuple is statically typed (arity).
e Comparator A comparator defines a total ordering in a relation. A comparator uses the vari-
adic temple in C++ (Lippman et al., 2012) and can take a variable number of arguments in-
dicating the order of elements to compare. For example, an order < 0,2,1 > indicating that
the first element should be compared first, if equivalent, then compare the third element and
finally the second element. Comparator enables relation range query and existence check with

excellent performance in Soufflé.
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e Data Structure To initialize a data structure, the user has to statically provide the tuple type
(arity), comparator (order) and the underlying data structure implementation. Soufflé currently
has five different underlying implementations for data structures, a Nullary for tuples with
zero arity, a B-tree (Jordan et al., 2019b) and Brie (Jordan et al., 2019a) for generic usage
and an Eqrel structure (Nappa et al., 2019) for equivalence relation with binary elements. In
addition to that, B-tree has a provenance version (Zhao et al., 2020) that is used for provenance

evaluation.

5.1.4.1 Adapter Overview

The adapter aimed to provide uniformed interfaces for interpreter regardless of the underlying static
information. The idea is to force the compilation of the template class during the building process of the
interpreter, and warping them with uniformed interfaces, hence objects can be created and used during
runtime. For a quick example, imagine a case where the user would like to create a std: :array<T,
size_t> with variable length during runtime and want to be able to modify the value of the array
regardless of its static type. Listing 14 demonstrate how to achieve it, by forcing the compilation of
std::array<int, size_t> and build up a factory such that object with static information can be
created during runtime. In addition to that, the base () function in the base class provide a type-erased
way for user to modify the underlying values. We used a similar approach to virtualize the relation arity
and underlying data structure implementation. Currently, Soufflé interpreter support arity up to 30, this
results in 89 classes (29 each for b-tree, brie, provenance (b-tree), one for Nullary and one for Eqrel).
Although such an approach does not support arity with an arbitrary size, this is not a major concern in
Soufflé for most of the user cases. Based on our experience, we believe the current limit is sufficient for
most cases, and we have not had any application requires arity larger than the current limit. In case the
user really needs a larger arity, he or she is free to modify the source code and re-build the interpreter
for their needs. The trade-off of this approach is the extra virtualized interfaces in the base adapter - any

usage from the adapter would result in a virtual dispatch.

5.1.4.2 Virtualize Comparator

Above approach does not completely solve our problem - we still have comparator to virtualise. How-
ever, the comparator can define any possible order of underlying tuple, which results in O(n!) number

of possible orders for relation with an arity of n. Therefore, we can not simply list all permutations.
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Listing 14 Example of producing statically typed object with factory and adapter
// Base class for providing virtual interface for a list of Int
class ListAdapter {
public:
virtual int get (size_t
virtual intx base ()

) = 0;
0;

}i

// A ListAdapter with underlying implementation std::array
template <size_t Length>
class IntArray : public ListAdapter({
public:
virtual int get(size_t i) override ({
// Bound check omitted for simplicity.
return array([i];

}

// Return a raw polinter, such that user can use
// the underlying data regardless the static type.
virtual int* base () override {
return array.data();
}
private:
std: :array<int, Length> array;

}i

// A factory that can return IntArray based on runtime information
std: :unique_ptr<ListAdapter> intArrayFactory(size_t length) {
switch (length) {

case (0) : return std::make_unique<IntArray<0>>();
case(l) : return std::make_unique<IntArray<l>>();
case (2) : return std::make_unique<IntArray<2>>();
case (30) : return std::make_unique<IntArray<30>>();

default: fatal ("Size not support yet.");

Instead, we use the default comparator order for all data structure - an ascending sequence ordered from
0 to n — 1. Then, before a tuple is inserted into the relation, we rearrange its elements by the actual de-
sired comparator order, such that the resulting final order in the comparator is equivalent (Figure 5.1 and
Figure 5.1). Formally speaking, for a data structure with arity n, denote the natural order, or the identity
permutation id be (0, 1,2,...,n — 1), and id will be used as the comparator for the relation instead. Let
the actual desired comparator order for the data structure be ¢. For any tuple t = {zo, 21, ...,Zpn_1}

need to be inserted into the data structure, we insert ¢(¢) instead. It is trivial to see the resulting order



5.1 OVERVIEW 48

for comparison is the same, ¢(id(t)) = id(¢(t)). Similarly, when reading tuple ¢’ from the relation,
we apply the inverse permutation ¢’ to get back the original tuple, t = ¢'(t') = ¢'(¢(t)). The inverse
permutation is obtained by simply reverse the order of elements in ¢. As a result, we can provide com-
parator during runtime; the trade-off there is the extra encoding and decoding when writing and reading

the tuple.

compare

d/writ .
E - reaciwite » | Container W

FIGURE 5.1. Tuple 10 in static version (Synthesiser)
write ¢

T
read/write compare
AlB]C] Alc[B] Adaper | [T

read ¢’

FIGURE 5.2. Tuple IO in dynamic version (Interpreter)

5.1.4.3 Unify Iterator

The last step is to support a uniformed iterator, such that data structure with different underlying im-
plementations (such as Nullary v.s. Btree) can be iterated regardless of their static information. The
challenges here is that, iterators can have very different behaviour based on the underlying data structure
implementation. For example, Nullary relation is either empty or contains an empty tuple ‘()’; internally,
itis a boolean value rather than a container. Such differences in the data structure indicate that we have to
virtualise the behaviour of the iterator. Nevertheless, a Soufflé program can easily have millions (Jordan
et al., 2020) of iterator-related operations; virtualising iterator would results in serious virtual dispatch
overhead as every read/increment operation in the iterator will become a virtual function call. To over-
come this, we design St ream - an abstract perspective on a data and Source - a virtualized interface

for data source.

Each St reamis associated with a Source, and data is read through virtualised interface from Source
instead of directly from the data structure. Stream can then be used as an interface and provides a
uniformed, non-virtualised implementation for iterators. However, when St ream reads from Source,

it still has to rely on the virtual interfaces. To minimise the virtual overhead, instead of reading from
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Stream

buffer

Iterat0r<-"e"“| HEEEEEE

d - -1 Source ¢ - - - Data

a. Asking for new element.
b. Buffer is empty, trigger (virtual) read from Source.
direct call c. Source rea.dlng dat.a from underlying implementation.
----------- » virtual call d. Source write data into buffer.
R > data 10 e. Stream return data from buffer.

FIGURE 5.3. Diagram of Stream and Source mechanism

Source every time user increment and dereference the iterator, St ream reads more than one tuples
from the Source at once and store them in an internal buffer. The current buffer size is defined to
be 128, which means when the buffer is empty, the first read request would trigger St ream to read
128 tuples from Source at once, through a single virtual call. As a result, for the following 127 read
requests, St ream directly returns values from the buffer instead of asking from Souzrce through virtual
interface, as shown in Figure 5.3. In brief, by utilising an internal buffer, we can amortise the virtual

dispatches costs when iterating though the underlying data structure.

5.2 Chapter Summary

In this chapter, a data structure adapter is presented as a way of deploying an efficient static data structure
during runtime for the interpreter. First, we show the technique of how to create a statically typed data
container with runtime information by limiting the relation size. Second, we virtualise the comparator
by tuple reordering for reading/writing during runtime. Finally, we present an efficient adapter with

amortised virtual dispatches costs to support virtual iterator behaviour.

Two interpreter implementation are given, STI - a Switch-based Shadow Tree Interpreter shadowing
on the RAM representation, and SVM - a stack-based switch dispatch VM based on the SVM bytecode
representation. STI focuses on coarse-grained instruction set with recursive execution model while SVM
commits to a sequential execution model by using a fine-grained instruction set. We also demonstrate

some examples about how to implement runtime optimisation on those two implementations. In the next
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chapter, we present performance analysis on the two interpreters and give a detailed explanation about

their pros and cons.



CHAPTER 6

Experiment and Evaluation

Throughout this work, we present the implementation of two interpreters, STI and SVM. The two in-
terpreters pursue different intermediate representations and different execution models. We must under-
stand the performance difference between those two; more importantly, answer the root causes of the
difference. In addition to that, we would like to experiment with different optimisation techniques on

dispatch and instruction set, carefully examine their performance on modern hardware.

In this section, we aim to answer the following research questions:

(1) Which Soufflé implementation is faster and what is the performance ratio between the inter-
preter mode and the synthesiser? Did we build an efficient interpreter for Soufflé?

(2) For whatever interpreter implementation that is faster, what are the reasons behind it? Can we
learn from the superior one and improve the inferior one, potentially make it better?

(3) As modern hardware improved, is dispatch/instruction optimisation still as significant as it
was? In particular, what is the effect of indirect threaded code dispatch on modern hardware
and how much performance boost can it bring to Soufflé’s interpreter.

(4) What are the bottleneck components in Soufflé interpreter? Can we build a performance model
for the interpreter to explain the gap between synthesiser? Can this performance model leads

to guided optimisation decision and benefit the interpreter?

Throughout the experiment section, our evaluation will be mainly based on the result of following bench-

marks:

e Virtual Private Cloud (VPC) benchmark (Backes et al., 2019). A real-word, network reach-
ability reasoning tool, which provides a security-oriented solution in Amazon Cloud Service.
Soufflé is part of the logic reasoning engine in VPC.

51
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e Ddisasm (Flores-Montoya and Schulte, 2020) is a disassembler for reassembling the assembly
code. The disassembler engine is implemented in Datalog and can be executed by Soufflé; it
takes input a binary and produces the reassemble assembly code with proper symbolic infor-
mation. For the experiment, a set of facts is extracted from the SpecCPU2006 benchmarks and
is feed into Ddisasm.

e Doop (Bravenboer and Smaragdakis, 2009) is a general and fast framework for the static points-
to analysis of java program that produces precise analysis including context-sensitive, context-
insensitive, call-site sensitive and objects sensitive analysis. For this experiment, we use the
1-object-sensitive+heap analyses along with Doop benchmark sets.

e fc is a standard Datalog benchmark built on first-order logic for calculating the transitive clo-
sure of the input data. The benchmark is chosen for its simplicity and intensive computation

which provides us with a controllable benchmark that scales well with input size.

All benchmarks are run multiple times on an Intel Xeon Gold 6130 CPU @ 2.10Ghz, with the governor
of the CPU frequency set to performance to ensure the consistency. PAPI (Terpstra et al., 2010) is
chosen as the profiling tool. It is a high-performance profiling application that provides the user with a
set of standard and easy-to-use interfaces for general-purpose profiling and hardware event performance

measurement.

6.1 Performance Measurement on SVM and STI

In this section, we evaluate the performance difference among different implementations. For the synthe-
sising mode, we separate the runtime and compilation time since most of the use cases of the synthesiser

is to compile the program for once and execute analysis on different input with the same binary.

Based on the result shown in Figure 6.1, the synthesiser has a clear advantage over both interpreter

implementations, approximately 2.12 - 5.88 times faster than the STI.

In addition to that, STT has a slightly better performance compared to the SVM. This would not be ex-
pected in a typical language implementation as most of the language engineers believe a VM interpreter

would be faster than a tree-like interpreter due to a more compressed representation.

The performance difference can be explained from the perspective of instruction set design. The in-

struction set we defined for SVM does not fit well with respect to the semantic of the RAM instruction
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FIGURE 6.1. Performance evaluation on different implementation

set. In particular, SVM uses a fine-grained instruction set where the program is broken down into many
small and light-way virtual instructions while STI uses a coarse-grained instruction set where operations
are heavy-weight. The difference in semantic results in a difference in dispatch numbers, intuitively,
a fine-grained machine would require more dispatches to finish the same computation compared to a
coarse-grained machine. In the following experiment, we review the semantic nature of RAM and anal-

ysis the impact of instruction set on the resulting dispatches number.

6.1.1 Semantic Density

In Soufflé, the source datalog program is translated into RAM IR, which is a language describing the
evaluation of the source datalog imperatively. RAM is heavily iteration-based; range query and tuple

filtering are translated into an iterative statement on the target relation.

For example, Figure 6.2, 6.3 demonstrate how RAM describing the evaluation of a left-transitive closure.
In RAM representation, the new knowledge is generated through two nested for loop, a Scan at line 3
walks through all the tuples in the delta_tcl, and IndexScan at line 4 performs a range query and
goes through all the tuples in base that follows the condition. Take Scan as an example, assuming
a Scan operation is performed on a relation with n elements with a single nested operation; in STI,

the iterative statement will be translated into a native for-loop in C++, resulting in only one dispatch
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.decl tcl (x:number, y:number) output
.decl base (x:number, y:number) input

// Left—-Recursive Transitive Closure

tcl(X, Y) :— base(X,Y).
tcl(X,Y) :— tcl(X,Z2), base(Z,Y).
FIGURE 6.2. Source program
Loop
IF (((delta_tcl != ()) AND ((base !'= 0)))

FOR t0 IN delta_tcl
FOR tl1 IN base ON INDEX tl1.0 = t0.1
IF ((t0.0,tl.1) ¢ tcl)
PROJECT (t0.0, tl.1) INTO new_tcl

EXIT (new_tcl = ()
FOR t0 IN new_tcl

PROJECT (t0.0, t0.1) INTO tcl
SWAP (delta_tcl, new_tcl)
CLEAR new_tcl

END LOOP

FIGURE 6.3. RAM representation of the main evaluation body

for the entire loop and n dispatches for the nested operation in the loop (Figure 6.4). While in SVM,
each iteration is broken down into two virtual instructions. A SVM_Iterator_Read at the start of
the loop, reading the value from the iterator, and branching to an alternative location if the iterator is
invalid. A SVM_Goto at the end of the loop to jump back to the start of the statement. Therefore, each
iteration requires two dispatches, results in 2n dispatches for the entire loop and n dispatches for the
nested operation (Figure 6.5). For this example, the fine-grained instruction design in SVM produces 2

times more dispatches then STI with a coarse-grained instruction set.

To further confirm the hypothesis, we measured the operation density of the SVM and STI instruction set.
The density is defined by the number of machine instruction per dispatch. Hence a higher density design
would lead to fewer dispatches in the interpretation. The profiling is done by adding PAPI function
(PAPI_TOT_INS) to count the number of machine instruction executed during the interpretation; in a
separate run, we also track the number of high-level dispatches in the interpreter level; finally, density
is obtained by calculating the average number of machine instructions for each interpreter dispatch.
We expect that SVM would have a lower density which leads to a higher total number of interpreter

dispatches compared to the STI.
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// loop only require one dispatch
case (Operation_Scan) {
// Total dispatches: 1 (loop) + n (child) = n
for (auto& tuple : delta_tcl) {
/* nested operation */
execute (node—>child);

FIGURE 6.4. Evaluation of iterative-statement in STI

// loop require 2 dispatch per iteration

// Total dispatches: 2n(loop) + n(child) = 3n
1 SVM_Iterator_Read delta_tcl 4

2 /+ nested operation #*/

3 SVM_GOTO 1

4

FIGURE 6.5. Evaluation of iterative-statement in SVM

The result of the experiment is shown in table 6.1. In three out of four benchmark sets, SVM tends to
have a more substantial number of dispatches but lower number of machine instructions per dispatch,
which is what we expect based on the design of the SVM instruction set. However, in fc benchmark,
SVM seems to also have a higher number of machine instructions per dispatch as well. Based on the
RAM representation of fc (part of it is in Figure 6.3), which mostly consists of for-loop operation with
only a few other basic RAM operations. The measurement result of 7c should be more relevant to the

real efficiency of the emulation of iterative statements then other complex benchmarks.

Given that SVM spends more instructions per operation code, we conclude not only emulating the
for-loop causes more operation dispatches in the SVM, it can also lead to a performance inefficiency
when compared to using a native C++ for-loop statement to traverse the data structure. We believe the
inefficiency comes from the extra cost for the SVM to fetch the iterator in a separated virtual container
every time it reads an element. In contrast, STI uses native C++ for-loop statement, where the iterator is

likely to be stored in a machine register or at least on the program stack directly.

6.1.2 Summary

In summary, the performance ratio between synthesiser and the interpreter indicating that we have man-

aged to implement an efficient interpreter. In addition to that, we observe our STI outperform SVM
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on all benchmarks in the current implementation, which indicate a tree-walk interpreter can still have
better performance than a bytecode interpreter based on the situation. In particular, the performance
advantage comes from a better instruction set design that fits well in the RAM semantic. The heavily
iterative-based nature of RAM decides that a fine-grained machine (SVM) would spend too many virtual
dispatches, whereas a coarse-grained machine (STI) take advantage of native for-loop support from the
host languages ends up saving dispatches, becoming more performance efficient. Finally, in order to
better fit the SVM with RAM semantic, either the instruction set has to be redesigned (by giving up
the flat execution model), or the runtime environment should be improved to support SVM with faster

iterator reading.

Implementation L Avg billions of dispatches per program L Avg Inst per dispatches
VPC
SVM 19319.62 101.69
STI 17548.31 106.63
-9.91% +4.86%
ddisasm
SVM 27076.065 67.05
STI 17260.909 87.89
-36.37% +15.56%
Doop
SVM 633.89 109.37
STI 515.87 140.93
-18.62% +28.85%
tc
SVM 164.62 87.01
STI 128.84 77.33
-21.74% -11.12%

TABLE 6.1. Operation density

6.2 Investigation on Indirect Threaded Code Optimization

In Chapter 3, we mentioned that the ITC was a very popular optimisation technique targeting on reducing
branch misprediction. However, in 2015, an experiment from Rohou et al. (Rohou et al., 2015) suggested
that, with the modern branch prediction became more powerful, and prediction penalty becomes less
critical, the impact of indirect threaded code dispatch may have become less critical. Based on their
result, the branch misprediction rate drop from 12 - 20 MPKI to 0.5 - 2 MPKI as the processor evolve,

and the number of instruction slots wasted due to misprediction drop to 7.8% on Haswell. Despite
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the new finding, nowadays, there is still plenty of interpreter implementations that utilise the I'TC. For
example, by the time of writing this thesis, we can still find a comment in CPython’s current source code

(Version 3.9.05) which can be traced back to 2002, stating that:

At the time of writting, the "Threaded Code" ! version is up to 15% - 20% faster then

the normal "switch" version, depending on the compiler and the CPU architecture.

To have a better understanding of indirect threaded code on modern hardware, we set up experiments on
CPython comparing the performance difference. We also implement a version of SVM using indirect
threaded code; we will measure its performance difference as well. We would like to determine whether

it is necessary to apply the optimisation on Soufflé based on the performance impact.

6.2.1 CPython Experiment Setup

The version of CPython used for this experiment is 3.9.05, and the benchmark framework used is pyper-
formance (Stinner, 2020), which is an open-source project built as an authoritative source of benchmark-

ing Python implementations, focusing on the real-world benchmark.

In CPython source code, it uses a macro to switch between indirect threaded code and switch dispatch

as demonstrated in Figure 6. We alter the macro and produce two different binaries for our experiment.

6.2.2 CPython Experiment Result and Evaluation

As shown in Figure 6.6, the runtime of the switch dispatch version is used as a baseline. We can see
that the threaded code dispatch still has a performance advantage over the switch dispatch method.
However, the improvement in performance is no longer as pleasant as stated in the comment. 2 out of 17
benchmarks have a performance equal to the switch dispatch, and switch dispatch is actually being faster
in 3 of the benchmarks, probably due to ITC having an extra layer of indirection during dispatching. For
the remaining benchmarks, although ITC is still faster, most of them only have a performance difference

about 5% -14% comparing to 15% - 20% which is stated in the source code comment.

1By looking at the source code, we believe the author of the comment was actually referring to "indirect threaded code"
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FIGURE 6.7. SVM performance using different dispatch methods

6.2.3 SVM Experiment Result and Evaluation

The implementation of ITC in SVM uses a similar strategy as in the CPython source code: we implement

a macro to switch between ITC and switch dispatch freely. We present the result of VPC benchmark

here but we also have run SVM with ITC on other benchmarks and get a similar result.
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From the result in Figure 6.1, the majority of the benchmarks run equally or slightly faster when using
a switch dispatch. For the remaining benchmark, there is only a minor improvement in runtime when
executed with ITC, about 1% - 7% faster. We decide not to implement the indirect threaded code as
a prioritised feature for several reasons. First, it is because of the moderate performance of ITC based
on benchmark results. Second, from the software engineering perspective, ITC requires extra work on
portability since ANSI C does not support the label-as-value extension. Finally, threading can confuse a
profiling program based on our experience; it makes profiling tool difficult to retrieve its correct function
signature when doing the sampling. Soufflé is performance-oriented, and we would like to have an

implementation where the profiling results on the performance can be accurate and well understood.

6.3 Performance Model

In this section, we discuss the experiment and evaluation of the performance of the interpreter mode.
The goal of the performance model is to give us a more scientific understanding of the components of
the overhead in the interpreter, which can be used as a guide for further performance tuning. We first

define our performance model, then we discuss the procedure of profiling in detail.

The runtime cost of an interpreter is consists of the following three parts:

e Dispatch cost for each operation.
e Overhead for the extra abstraction between interpreter and data structure.

e The actual computation in the data structure.

The first cost comes from the dispatch loop, and the second cost comes from the extra virtual adapter

between the interpreter and the static data structures.

6.3.1 Model Hypothesis and Definition

Let fsrr(s,p) (resp. fo++(s,p)) be the run time of the STI with query program s and some input
p, the cost is measured only for the actual computation, without any other components such as syntax

checking, IR optimisations or IO operations.

Let §; be the performance difference between STI and synthesised mode for some query program with

the same input. The key observation here is that both interpreter and synthesised version of Soufflé share
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the same part of code with regarding computation in the data structure. Therefore, we can assume both
engines spend equivalent time in the actual computation in the data structure, therefore, the performance
difference between two models, d; = fsr1(s,p) — fo++(s,p), is reflected by 1) the dispatch costs of

each operation, 2) the extra virtualisation between the interpreter and the data structure adapter.

6.3.2 Calculate Dispatch Cost

There are two general approaches to capture the cost of dispatches in the interpreter mode. We can
use an indirect approach by calculating the total running time of the entire program as well as the
accumulated runtime of each operations ) f,,,, then the total dispatch time is defined by fgispater =
fsri(s,p) — > fop;- Another way is to directly insert a counter between the start and end of each

dispatch.

Since STI is executed in a recursive pattern, the profiled runtime of an entire operation also includes
the total runtime of all its child-operations. To obtain the dispatch time indirectly, it requires extra data
processing after profiling and can be error-prone due to accumulated profiling offset. As a result, we
decided to use the direct approach by inserting PAPI counter (PAPI_REAL_CYC) between the start and

the end of each dispatch operation.

As mentioned, PAPI relies on hardware performance counters, which can be challenging to be configured
and has unavoidable overhead and accuracy offset, affect the final measurement (Roehl et al., 2014).
Especially when measuring short but intensive intervals in the program such as dispatch, the small offset
in each measurement can lead into a significant error in the final result (Zaparanuks et al., 2009). The
topic of hardware profiling overhead and its impact are beyond the scope of this work. However, we are
well aware of the potential offset in our measurement result. The focus on this experiment is not to study
and eliminate measurement overhead but rather to provide an overview of the bottleneck components
in the STI. Therefore it can be used as a guideline for optimisation. For future work, we are planning
to refine the profiling method, for example, by directly accessing hardware counters through rdmpc
instruction for lower overhead (Liu and Weaver, 2017; Danalis et al., 2017). For this work, as there is an
overhead each time we start/stop the profiling counter, we expect that the measured dispatch time will

be more significant than the actual dispatch time.
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6.3.3 Calculate Overhead in Data Structure Adapter

The data structure adapter provides a uniformed, virtualised interface for the interpreter during runtime;
the trade-off is the virtual call between interpreter and adapter, and the comparator virtualisation which
requires tuple to be rearranged before reading and writing. We would like to understand the cost of the
virtualisation, by putting the profiling counter (PAPI_REAL_CYC) between the interfaces as well as the
data rearrangement. Similar to the dispatch overhead, we expect the measurement result to be higher

than the real cost because of the profiling overhead in the hardware.

6.3.4 Experiment Result and Evaluation

We sum up the measured dispatch time and virtualisation time denoted as foyerhead; We then compare
the result with the actual gap between interpreter runtime and synthesised C++ program. Ideally, §; =
fsri(s,p) — fo++(8,0) = foverhead- If the measurement capture all the cost components in d;, we
should be able to cover all the aspects of the runtime overhead and get a result roughly equal to the
performance gap. However, taking into account the profiling overhead, we expect that our performance

model to have a result greater than the actual runtime gap.

Experiment results are shown in Figure 6.8. Figure 6.8a is a box plot of the coverage of our performance
model on each benchmark. Among the four benchmarks, #c has the best result where the median of the
coverage slightly above 100% and has a relatively compact distribution. All other benchmarks have a
midpoint between 0.87 to 0.92 and some extreme outliers, for example, the lower whisker of VPC is
only 0.56. This is because the fc benchmark is a relatively simple program with basic Datalog rules to
calculate the transitive closure of the input, it only involves a limit number of RAM operations and is
easy for us to investigate those costs in the source program. However, other benchmarks are from the
real-world application and are more complicated, involving many auxiliary procedures which are hard
to capture. The result is indicating that, although our model can capture the majority of the overhead,
it still misses some of the critical performance hot spot, which can be the overhead of runtime variable

environment or any auxiliary procedure that is unique to the interpreter.

There are many potential hot spots, but merely measuring and accumulating all of them can lead to a
significant error due to overhead in profiling. We are planning to further tunning the profiling method

and our performance model in future experiments. In summary, although our performance model can
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capture the majority of the overhead, it still missing some of the critical spots when applied to the

real-word program.

Figure 6.8b demonstrate the individual coverage of dispatch and virtualization. Although the model can
be incompleted, we can still confirm that the virtual dispatch contributes to the majority of the overhead
in our performance model. Based on this result, we would like to apply the optimisation technique on

the dispatch procedure in order to improve the performance of the interpreter.
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FIGURE 6.8. Performance model evaluation

6.4 Super-Instruction Optimization

In the previous section, we conclude that the dispatching time contributes to the majority overhead of
the interpreter mode. In this section, we further investigate the composition of the instruction set on real-

word programs and apply appropriate super instruction based on the most frequent executed instruction.

6.4.1 Operation Distribution

For this experiment, we chose the VPC benchmark and analysis the operation distributions in STI. In
particular, we would like to know what are the most frequent operations and we would like to apply
super-instruction so that we can eliminate the dispatch cost for those operations. Recall that super-
instruction is an optimisation techniques targets on the instruction set, by merging two or more virtual

instructions into one specialised, extensive virtual instruction.
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Figure 6.9 demonstrate the distribution of the instructions. We also compare the distribution input-wise
(with a fixed query) and query-wise (with a fixed input). The comparison result suggests the operation
distribution does not necessarily strictly determined by the source program itself; for VPC benchmark,
the control flow can be data-driven. Although we did not observe this pattern on other benchmarks, the
particular characteristic here indicates it is necessary to consider the impact of the input data set when

applying specialised optimisation, as they can significantly affect the program control follow.

Back to the operations distribution, we conclude that the most frequent operations are TupleElement
and TupleOperation. TupleElement is the operation of fetching an element from the runtime
environment, which is used when a computation depends on another previous runtime result. It is
always a leaf node in the RAM and shadow tree, hence makes it easy to be integrated into its parent
operation. On the other hand, TupleOperation is a dummy instruction that has no computational
meaning but is used for the profiling part of the interpreter. We decide not to eliminate this operation for
this experiment, as the better solution is to ignore this node when generating the shadow tree, depends
on whether the profiling option is turned on. For now, we will focus on investigating and optimising

TupleElement.

6.4.2 Super-Instruction Implementation

Many operation requires result from runtime evaluation, such as IndexScan and Project. Depends
on the use case, the actual expression for evaluating the value can be different, for example, it can be a
constant, in which case is represented by a Number expression, or it can come from a tuple, in which
case is presented by a TupleElement expression. In Soufflé, there are generally three cases when

evaluating value for computation:

(1) Number, in which case, the value to be fetched is known during the compilation the source
program and can be determined without runtime context.

(2) TupleElement, in which case, the value is the result of some tuple in a relation. The tuple
can come from user input or runtime computation, and the exact value cannot be known before
runtime. However, the location that stores the element is static and can be known during
compilation.

(3) The last case includes all other generic expressions, for which we do not try to make them into
a super instruction as it involves many possible targets and can introduce too much complexity

into the program.
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Distribution Of Executed Instructions
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FIGURE 6.9. Instructions distribution input-wise and query-wise. Instructions that are
executed less then 1% are discarded.

Since Number also contributes to a fair amount of dispatches and since Number and TupleElement
are very similar regarding to the position they can appear in the RAM, we decide to apply super-
instruction on both of them. However, a traditional super-instruction approach - where a child is merged
with the parent by introducing a new instruction in the instruction set - would not work. Take one possi-
ble parent operation Project as an example, a Project inserts a list of runtime-evaluated value into
arelation as a tuple, those values can come from Number, TupleElement, other generic expressions
or a mixture of all. A naive super-instruction cannot work with Project since the length of the tuple
is not known until runtime and the underlying value expressions can be a mixture, eventually leading to

too many possible combinations to build.

To overcome the issue, we introduce three extra fields for possible parent operations in the shadow
node. A constant filed that stores a list of paired elements, the first index represents the target

location to store in the result tuple, and the second index presents the actual number. Similarly, a
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tupleElements field with a list of paired elements, where the first index is the target location in
the result tuple, and the second index is the location of the runtime environment where the input value
should be read from. Finally, define a GenericExpression similarly. The code generation example

is illustrated in Listing 15.

During execution, we simply evaluate all three fields separately, as shown in Listing 16. Because the
field already implies the operation type, there is no need to perform virtual dispatch for Number and
TupleElement. The extra cost here is the data fetching from the extra fields and the non-sequential
write operation on the result array, however, we expect that our approach would justify the cost of virtual

dispatches and result in a performance gain.

Listing 15 Generating an indexScan operation with super-instruction

Node generateProject (RamNodex node) {

Node ret;
for (size_t i = 0; i1 < num_of_operations; ++1i) {
auto op = node.getChildren (i);
if (op.type == Constant) {
ret.addConstant ( (i, op));
} else if (op.type == TupleElement) {
ret.addTupleElement ( (i, op));
} else {

ret.addGenericExpression((i, op));

}
/#*+ Other works *+/
return ret;

6.4.3 Result and Evaluation

The result is shown in Figure 6.2, indicating the reduction in the total number of dispatches and the
performance improvement (defined by the ratio between old and new runtime). By eliminating 24.7%
dispatches, we achieve a runtime improvement of 1.127 on average. We also observe a similar improve-
ment ratio on other benchmarks. The resulted improvement is slightly less then one would expect based
on Amdahl’s law, this is because of two reasons; firstly, there is an error offset in the measurement,
which does not reflect the actual runtime; secondly, the elimination of the dispatch does not come freely,

remember we had to perform non-sequential array access and extra data fetching.
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Listing 16 Executing an indexScan operation with super-instruction

RamDomain executeProject (ShadowNodex node) {
/* initialize result tuple =*/
std: :vector<RambDomain> tuple(n);

// Evaluate generic expression
for (auto expr : node->expressions) {
/% Rely on dispatch to evaluate result =*/
}
// Retrive constant value
for (auto constant : node->constants) {
index = constant[0];
value = constant[1];
tuple[index] = value;
}
// Retrive tupleElement
for (auto t : node->tupleElements) {
index = t[0];
location = t[1];
tuple[index] = getValueFromRuntime (location);

/%% insert tuple into relation xx/
return result;

In summary, we perform super-instruction optimisation based on the result of our performance model as
well as investigating the operation distribution; the statistics data lead us to eliminate the most frequent

and expensive operations and achieve a performance gain as we expect.
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Improvement on STI with super-instruction

Query Input Data Reduce In | Improvement
Program Dispatch

N-1075 secl 26.3% 1.042
N-1075 sec2 24.1% 1.018
N-1075 sec3 26.9% 1.076
N-2340 secl 26.2% 1.132
N-2340 sec2 26.0% 1.127
N-2340 sec3 23.7% 1.127
N-9087 secl 27.4% 1.185
N-9087 sec2 28.5% 1.233
N-9087 sec3 26.7% 1.161
N-3500 secl 23.5% 1.139
N-3500 sec2 22.5% 1.136
N-3500 sec3 23.5% 1.183
N-3511 secl 26.2% 1.132
N-3511 sec2 24.3% 1.131
N-3511 sec3 21.0% 1.080

TABLE 6.2. Performance Result
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CHAPTER 7

Conclusion and Future Work

7.1 Conclusion

In this work, we review the interpreter architectures, performance model and optimisation techniques
published in recent years. We present a new interpreter architecture - Switch-based Shadow Tree Inter-
preter - a light-weight, tree-walk interpretation technique that also provides good engineering principle
and eases the interpreter development. Our own implementation, Soufflié Tree Interpreter, utilises this

architecture, resulting in excellent performance and good code quality.

In addition to that, we also implemented Souffié Virtual Machine - a stack-based Virtual Machine.
Although the STI outperforms it, we were able to identify the cause of the slow down, which is the
instruction set design. SVM uses a fine-grained instruction set, which cannot work well with the se-
mantic of RAM, causing SVM to spend much more virtual dispatches in the iterative statement. On the
other hand, by utilising a coarse-grained instruction set, STI can save 9.91% - 36.36% of dispatches in

practice.

We also implemented a data structure adapter to support usage of template class with only runtime
information. This is done by forcing the compilation of template class with the factory method and
unifying the interfaces with the adapter. We also carefully design the iterator behaviour, amortising
the virtual function call by writing data into an internal buffer beforehand. Although the variety of the
objects that can be created is limited, we have not met any user case requiring more then we define
currently. The adapter enables Soufflé interpreter with parallel execution during runtime and boosts up

the performance.

Finally, we experiment with two optimisation techniques targeting on virtual dispatch and instruction
set design. We experiment indirect Threaded code on CPython and SVM; we can conclude that ITC

still is effective on modern hardware but with much less impact. The result on SVM suggests that it is

68
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currently not worth it to implement ITC in Soufflé as it gives a suboptimal performance and introduces
extra complexity into the project. We also build up a naive performance model of STI for performance
evaluation. The observation on the performance model suggests that that most of the overhead of STI
comes from the dispatch cost. The data structure adapter also contributes a fair amount of overhead,
around 10% - 20% based on the benchmark. Further investigating the operation distribution in Soufflé
program, we found that 23 - 30% of dispatches come from TupleOperation and Number. We then
perform super-instruction optimisation based on the statistics data, the optimisation manages to get rid
of the cost of dispatches but introduce the extra overhead of data inefficiency such as non-sequential
access to an array. Overall, our optimisation manages to achieve a speedup around 10% among the

benchmarks.

In summary, this project provides a new general strategy to implement tree interpreter. By utilising the
strategy with careful implementation, our new interpreter in Soufflé has not only excellent performance
but also a maintainable complexity. Compared to the legacy implementation, Soufflé Tree Interpreter
can scale well in real-world program and finish in reasonable time. Compared to the synthesiser mode,

STI is currently only 2.11 - 5.88 times slower.

7.2 Future Work

7.2.1 Performance Model

As we discussed, the profiling function itself introduces overhead and cannot give an accurate measure-
ment, especially when measuring extreme short but frequent program interval. As a result, the more

components we measure, the higher the error in the accumulated final result.

Our performance model is only able to explain part of the performance gap between the synthesiser and
the STI when applied to the real-world program. This suggests that we still have uncaptured cost in
the program, as well as offset error for the profiling counter. How to better understand the overhead of
profiling and the error offset itself is a challenging research problem, but is worth exploring. A good
performance model can lead to practical and critical optimisation decision, like what we did in super-
instruction optimisation. We are planning to use other measurement methods with lower overhead, such

as directly insert rdmpc instruction into the program to access hardware counter during runtime.
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More work is required in order to understand hardware profiling better and obtain a nice performance

model.

7.2.2 Data Structure Adapter

The data structure adapter provides the interpreter with a unified interface for querying in the data struc-
ture and brings the interpreter a significant performance boost. However, it still comes with a price: 1)
the extra virtual function call between the interface and the interpreter. 2) Tuple reordering before in-
serting and reading. We would like to investigate a better approach to further reduce this overhead with
zero-cost virtualisation in C++. The plan is to specialise the virtual instruction set instead, such that
each instruction support a particular tuple arity and data structure implementation (template function).
As aresult, if we are planning to support arity with up to 30 with five potential data structures, it would
result in 89 version of different instructions for each instruction currently in RAM. To avoid engineering
overhead, we are planning to generate those operations using macro and template. In addition to that,
although we conclude that the tuple reordering before writing in unavoidable, we can eliminate the re-
ordering when reading from the data structure. This can be done by modifying the shadow node during
code generation based on the comparator order. For example, when a tuple is inserted with rearrange-
ment < 0,2,1 >, then in the rest of the execution, all read operation would be modified to cope with
this new ordering: a read of second index element in the tuple would be changed to a read of third index

element during code generation.

We believe the new strategy can further improve the performance of the interpreter.

7.2.3 Soufflé Tree Interpreter

The tree-like interpreter, although not favoured by many interpreter authors, performs surprising well
with Soufflé. This mainly benefits from the SSTI strategy and a straight-forward semantic that fits well
in RAM.

However, there is still fundamental performance disadvantage when using a tree-like interpreter; for
example, when transferring control to subsequent operations, the interpreter needs to follow a pointer
to fetch the child node, which can lead to data inefficiency when compared to a more compacted im-
plementation, such as stack-based implementation. Measuring the exact overhead of the data fetching

through the pointer can be extremely challenging as the cost is only reflected in hardware level and often
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related to cache events. We would like to investigate further in the STI to understand better about its

potential performance.

7.2.4 Soufflé Virtual Machine

The traditional stack-based Virtual Machine instruction does not fit well in the semantic of RAM. Nev-
ertheless, we still believe there is performance potential in VM interpreter if implemented carefully, be-
cause a bytecode representation is more data-cache friendly when compared to walking through pointers

in the tree interpreter.

We could redesign the iterator-related instruction in order to overcome the issue of low efficiency in the
iterative statement. For example, we could give up the pure flat evaluation model and introduce recursion
in SVM; this would cause issues on the control of vPC but it would let SVM benefit from the native C++
for-loop support and reduce the total number of dispatches dramatically as in STI. We can also provide

a better virtual runtime environment to reduce the overhead of iterator retrieving during execution.

In summary, Virtual Machine based interpreter implementation is still worth exploring. Given we now
have a better understanding of the interpreter performance model in Soufflé, we can build a VM that fits

better in the RAM semantic.
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.1 Details on RAM

The RamNode is the basic class of the RAM tree node. The overview of class hierarchy is shown in
Figure .1. RamRelation represents the relation in the RAM IR. RamProgram is the main entry of

the program, it includes the root of the tree as well as relation declarations and subroutines.

.1.1 RAM

RamStatement

RamRelation

# arity : size_t

# attributeNames : [String]
# attributeTypes : [String]
# relationName : String

RamProgram

RamNode |« + getMain() : RamNode

+ getSubrotine() : RamNode

+ getChildNodes() : [RamNode]
+ getRelations() : [RamRelation]

RamOperation

RamExpression

RamCondition

FIGURE .1. RAM

.1.2 RAM Statement

The RAMStatement class hierarchy is shown in Figure .2.

e RamBinRelationStatement describes a statement that operates on two relations. RamExtend

statement extends the content of the first relation into the second one. RamSwap statement
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RamBinRelationStatement

# first : RamRelation RamExtend
# second : RamRelation
RamSwap
RamExit
# condition : RamCondition
RamlListStatement
RamStatement < # statements : [RamStatement] RamParallel
RamSequence
RamLoop
# body : RamStatement
RamQuery
# operation : RamOperation
RamClear
RamRelationStatement
# relation : RamRelation [~
RamlIO

# directives : String

FIGURE .2. RAM Statement

swaps the content (tuples) of two relations. Both statement requires the two argument relations
be of the same type.

e RamListStatement represents a list of Ram statements. They can be either executed in
sequential (RamSequence) or in parallel (RamParallel) depends on user specification.

e RamLoop statement is used with one or more RamEx it statement. It computes a fixed-point
evaluation until one of the condition in RamEx 1t is met.

e RamQuery statement corresponding to a core machinery of the semi-native evaluation.

e RamClear statement cleans up the content of a given relation.
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e RamIO statement describes the IO operations of the target relation. It handles input/output of

a relation content.

.1.3 RAM Operation

The RAM Operation class hierarchy is shown in Figure .3.

e RamAbstractConditional describes the conditional branch operations. RamFilter
executes the nested operation only if the result of its condition returns true.A RamBreak
would break the current program control out of the nested operations if the condition holds.

e RamProject projects the result of the expressions into target relation.

e RamScan iterates all the tuple in the target relation.

e RamChoice iterates all the tuple in the target relation, stop and return the tuple if the condition
holds.

e RamAggregate performs aggregation on the given relation, e.g. summation, find maxi-
mum/minimum value.

e RamIndexOperation describes the indexed version of basic RAM operations, it only iter-

ates the tuples follows a certain search pattern in the given relation.

.1.4 RAM Expression

The RAM Expression class hierarchy is shown in Figure .4.

e RamTupleElement access and return element from the current tuple in the runtime envi-
ronment.

e RamConstant returns a constant value.

e RamPackRecord evaluates and store a user-defined record.

e RamSubroutineArgument access and return the nt" argument of a subroutine.

e RamAbstractOperator isthe abstract class of an operator/function. RamUserDefinedOperator
represents an extrinsic (user-defined) functor. RamIntrinsicOperator represents an in-

trinsic (built-in) functor.
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RamFilter

RamAbstractConditional

# condition : RamCondition
# nestedOperations : RamOperation

RamBreak

RamProject

# expression : [RamExpression]
# relation : RamRelation

RamScan

RamOperation

.1.5 RAM Condition

# relation : RamRelation

RamChoice

# condition : RamCondition

# relation : RamRelation

RamlIndexOperation

RamIndexChoice

# queryPattern : [string]

RamAggregate

# relation : RamRelation

#op: int

RamUnpackRecord

# arity : size_t
# expression : RamExpression

FIGURE .3. RAM Operation

The RAM Condition class hierarchy is shown in Figure .5.

RamlIndexAggregate

RamIndexScan
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RamTupleElement

# element : size_t
# identifier : size_t

RamSubroutineArgument

# number : size t

RamConstant

RamExpression |

# constant : RamDomain

RamUserDefinedOperator
RamPackRecord # argsType : [string]
# name : string
# arguments : [RamExpression] # returnType : string
RamAbstractOperator RamlntrinsicOperator
# arguments : [RamExpression] < # operator : int

FIGURE .4. RAM Expression

e RamNegation negates the result of evaluating a RamCondition.

e RamEmpt inessCheck returns true if the given relation is empty.

e RamEx1istenceCheck computes the tuple value by evaluate the expressions and returns true
if the given relations contains tuple with the same value.

e RamConjunction returns the conjunction results of left-hand-side and right-hand-side ex-
pressions.

e RamConstraint represents a binary constraint operation, e.g. less-equal.



RamCondition

<t
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RamNegation

RamEmptinessCheck

# relation : RamRelation

RamExistenceCheck

# relation : RamRelation

# values : [RamExpression]

RamConjunction

# lhs : RamExpression
# rhs : RamExpression

RamConstraint

# lhs : RamExpression
# rhs : RamExpression
#op:int

FIGURE .5. RAM Condition
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