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Abstract

Interpreters are widely used in domain-speci�c, dynamic, and scripting languages. While
their implementation is relatively simple, their performanceis poor. In this thesis we im-
prove the performanceof interpreters using dynamic optimization techniques. This task is
challenging becausethe information regarding the interpreted program is not known un-
til the interpreter is run. E�cien t implementations of interpreters (such as Just-in-Time
compilers)requirea runtime systemthat performsoptimization dynamically, usingprogram
specialization. Such solutions incur high engineeringcost. Furthermore, they are usually
language-speci�c and hardware-dependent, and thus are not portable or reusable.

We create a single software dynamic optimizer that can be applied to di�erent inter-
preters. Our system, DynamoRIO-with-LogPC is basedon DynamoRIO's infrastructure,
which is a dynamic optimization tool. While DynamoRIO is very e�cien t in a broad range
of applications, typical interpreters' implementation foils DynamoRIO's strategy of trace
collection. In addition, DynamoRIO's low-level optimization is unable to extract su�cien t
high-level semantics of the interpreted program to perform many of the necessaryoptimiza-
tions.

We provide simpleannotationsto the interpretersand modify the trace creationmethod-
ology of DynamoRIO such that its traces correspond to frequent sequencesof code in the
high-level program (the interpreted program), rather than in the interpreter. Then, we use
standard optimization techniquessuch asconstant propagation, deadcode elimination, and
partial evaluation to further improve the tracescreated. We also present two techniquesto
avoid unrolling native loops. Such loopsmight createtoo long tracesthat harm performance.
Our experimental results on Ka�e and TinyVM interpreters show that DynamoRIO-with-
LogPC outperforms DynamoRIO and is faster than the native program by 50-90%. While
these results are not comparablewith those of a hand-crafted native compiler, we believe
that it provides an appealing point on the languageimplementation spectrum.

ThesisSupervisor: SamanAmarasinghe
Title: Associate Professor
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Chapter 1

In tro duction

1.1 Research Ob jectiv es

Interpreters are widely usedin domain-speci�c, dynamic, and scripting languages.Domain-

speci�c languages,for example, are a very powerful problem solving mechanism. They

simplify programmingby providing a level of abstraction. This allows programmersto focus

on the speci�c classof problem they are facing. Moreover, their high-level notion allows for

semantic analysisand good debuggertools.

Building an e�ective compiler for theselanguagesrequiresa hugee�ort; thus, we only see

oneor two new languagesper decadewith good compiler support. For this reason,domain

speci�c languagesare typically implemented usinginterpreters. Furthermore, many domain-

speci�c languagesinclude dynamic features such as dynamically dispatch calls, polymor-

phism and user-de�nedcontrol structures that make it di�cult or impossiblefor a compiler

to perform static optimizations.

While interpreters' implementation is relatively simple,their performanceis several orders

of magnitude worse than a low-level compiled languagelike C. Thus, despite the domain-

speci�c languages'appealing properties, they are far lesscommonthan we expect.

E�cien t implementations of interpreters (such asJust-in-Time compilers)require a run-

time systemthat performsoptimization dynamically, usingprogramspecialization. Theseso-

lutions incur high engineeringcost. Furthermore, such implementations areusually language-
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speci�c and hardware-dependent, and thus not portable or reusable.

Thus, the motivation for this research is the need to optimize interpreters and VMs,

without incurring the costsof developing an expensive custom implementation.

Our main objective is to createa singlesoftware dynamic optimizer that can be applied

to di�erent interpreters. Our system,DynamoRIO-with-LogPC is basedon DynamoRIO's

infrastructure with the appropriate changesto �t interpreters. DynamoRIO is a dynamic

optimization tool, jointly developed at HP Labs and MIT. While it is very e�cien t in a

broad rangeof applications, typical interpreter implementations foil DynamoRIO's strategy

of trace collection. In addition, DynamoRIO's low-level optimization is unable to extract

su�cien t high-level semantics of the interpreted program to perform many of the important

optimizations.

The designand development of DynamoRIO-with-LogPC includesthree phases.In the

�rst one, we modify DynamoRIO such that it will target the interpreted program rather

than the interpreter for trace creation. In the secondphase,we provide an interface for

communicating high-level application information from the interpreter to DynamoRIO-with-

LogPC. In the third phase,we implement additional optimization techniquesto beperformed

on the generatedtracesin the new system.

We demonstratethe useof DynamoRIO-with-LogPC by improving the execution times

of benchmarkson two very di�erent interpreters: Ka�e and TinyVM. We considerimproving

the performancesof thesetwo VMs as the practical objective of this thesis. This will serve

as a proof-of-conceptfor applying dynamic optimization in software to interpreters.

Our experimental results are encouraging.They suggestthat DynamoRIO-with-LogPC

has a high potential for improving performanceof interpreters in general. Using simple

instrumentation that required only a little familiarit y with the interpreter and by chang-

ing/adding small percentage of the code (e.g., in Ka�e VM we changed70 lines of code out

of the 25,000of line codes that deal with the interpreter), we improved native execution

times of interpreters by 50-90%. While theseresults are not comparablewith the onesof

a hand-craftednative compiler, we believe that this systemprovides an appealing point on

the languageimplementation spectrum.

Someof the results and methodologiesof this thesiswere presented at [47].
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1.2 Thesis Overview

In this chapter we introduce the notions of compilers and interpreters and explain why

interpreters are typically slower than compiled programs. We also present two, essentially

di�erent, examplesfor VMs: the TinyVM, which is a simple bytecode interpreter written in

C (by Dr. GregSullivan of AI Lab at MIT), and Ka�e, which is an open-sourceVM for Java.

In chapter 2 wesurveydi�erent approachesto improve interpreters' performance.Weexplain

each techniqueand point to relevant literature in that �eld. Among the techniquesdiscussed

in that chapter are: run-time code generation,dynamic compilation, and JITs. Chapter 3

discussesthe dynamic optimization technique, and gives an overview of DynamoRIO, the

dynamic optimizer infrastructure that we use. DynamoRIO identi�es and collects traces,

which are native sequencesof frequently executedcode, during runtime. Then it optimizes

thesetraces,and emits them to the cache. This processimprovesthe performanceof many

applications;however, it is not e�ective for interpretersand VMs, becauseit generatestraces

for the interpreter rather than for the interpreted program. Thesetracesare typically short

and not well utilized.

In chapter 4, we explain how we modi�ed DynamoRIO to support optimization of inter-

preters and VMs. We designedDynamoRIO-with-LogPC so that it would target the inter-

preted application instead of the interpreter. The useof DynamoRIO-with-LogPC requires

simpleannotationsto the interpreters. Theseannotationsprovide DynamoRIO-with-LogPC

with the information regarding the high-level (interpreted) program's representation. Using

thesesannotations DynamoRIO-with-LogPC createstraces that correspond to frequently

usedcode sequencesin the application. Thesetracesare longer and better utilized than the

onesgeneratedby DynamoRIO.

In chapter 5, we extend the optimization capability of DynamoRIO-with-LogPC. We use

three classesof optimizations: \traditional" (usedby DynamoRIO), avoiding too long traces,

and functional memorization. Someof theseoptimizations may bene�t from adding optional

annotationsto the interpreters. The �rst classis enhancingthe traditional optimization tech-

niques: constant-propagation, dead-code-elimination, and call-return-matching. To improve

the e�ciency of constant-propagation and dead-code-elimination, we useimmutable regions

13



and introducetrace-headconstants (for both global and stack-allocated addresses).For the

secondclasswe �rst explain the needto avoid too long traces. Then, we proposetwo tech-

niquesto shorten traces: The �rst one is to constrain the number of basic-blocks in a trace

to be smaller than a given maximum; The secondtechnique is not to inline functions that

contain loops. The third classof optimizations, partial-evaluation, usesa more aggressive

optimization: for speci�c type of functions, it completely eliminates the function call and

replacesit with the function's returned value.

Chapter 6 presents extensive experimental results from Ka�e and TinyVM interpreters,

for both execution time and memory usage(trace length). We chosethese VMs as they

are very di�erent in their characteristics. TinyVM is a simple stack VM, and Ka�e has

a more complex internal representation. We compared the results of DynamoRIO, and

DynamoRIO-with-LogPC with and without optimizations, to the native run time. For both

VMs, DynamoRIO-with-LogPC and optimizations is by 30� 80%faster than the native run

time.

Theseresults show that performanceimprovement can be obtained with DynamoRIO-

with-LogPC for small programssuch as the TinyVM benchmarks, where native execution

times are lessthan a minute, as well as for large programssuch as the SpecJVM98 bench-

marks, wherenative executiontimes are tens of minutes.

Finally, chapter 7 outlines possibledirections for future research and summarizesthis

thesis.

In the next sectionwe provide a basicbackground on interpreters and VMs.

1.3 In terpreters

Computers are programmed in multiple levels of abstraction. Low-level languages,such

as assembly, are closer to the architecture and directly map to the instruction set of the

host CPU. In contrast, high-level languages,such as C and Matlab, are closer to human

languages.In high-level languages,each instruction represents oneor moremachine language

instructions.

High level languagescan be implemented using a compiler, an interpreter, or somecom-
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bination of both. A compiler translates the high level code (source code) into a machine

code (target code) that can be run later on. Running the program after changing the source

code requiresan additional compilation. Interpreters executethe high level program during

runtime without creatinga target code. This is known asa \one-level of interpretive indirec-

tion." Becauseof this interpretive indirection, interpreters are, typically, slower than target

codes. Therefore,in this thesiswe look for techniquesto improve interpreters' performance.

The advantagesof interpretersarethreefold. First, they areeasyto write andunderstand,

becausethey follow the logicof the high level language,and they do not requirethe generation

of a corresponding low level program. Thus, they are simple and easily portable. Second,

becauseof their nature (executing the sourceprogram directly) interpreters, usually, have

good error messagesand includea good source-level debugger.Both help in the programming

process.The third advantage is the dynamic 
exibilit y of interpreters. Somelanguages,as

Lisp, Prolog and Scheme, can add code to themselves or change the behavior of part of

their code during runtime. The dynamic nature of such languagesrequiresan interpreted

implementation.

There are implementations that combine compilers and interpreters. First, a compiler

translates the high-level code into an intermediate representation of the code's (bytecodes).

Then, a virtual-machine (VM) executesthis intermediate code, asan interpreter does. This

allows the code to be written and compiled to an intermediate code by the programmer,

and then to be executedusing an appropriate VM on all the machines running the user's

application. A concreteexample of a languagethat is implemented in this form is Java.

However, VMs, similarly to interpreters, su�er from an interpretive overhead.

Figure 1-1 (from [45]) shows the relations betweena compiler, an interpreter, and a VM.

When running a programunder an interpreter or a VM, onepays extra time for executing

the interpreter-related logic, in addition to the \real work" of the application. This overhead

is known as \in terpretive overhead," and it is the main reasonthat interpreters are slower

than target codes. In addition, compilerscan a�ord to spend more time on optimizations,

becausethe compilation is doneonly onceand is not a part of the program's run time. As

a result, compilersgeneratee�cien t target code.

Another reasonfor interpreters to be slower than target codesis that compilerscanmake
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Figure 1-1: Schematic description of a compiler (a), an interpreter (b) and a virtual-machine (c).

early-binding decisions,and use them to generatee�cien t code. In contrast, interpreters

use late-binding technique and analyzethe declaration of variables each time the program

runs. Moreover, interpreters analyze the declaration of local variables within subroutines

every time the subroutine is called.

A \Pure Bytecode Interpreter" consistsof a loop that increments the instruction pointer,

fetches the next bytecode from memory, dispatches to the routine that implement that

bytecode (involves some conditional control 
o w such as a switch statement), jumps to

bytecode-speci�c instructions, and loops(increments the instruction point and jumps to the

headof the loop).

Another typical form of interpreter implementation is the \read-eval-print" loop. It is

usedin many scripting languagesand debuggers.The interpreter displays a prompt and is

waiting for input. Upon receiving the required input, it readsan expression,evaluates it,

prints the result and displays another prompt.

All theseimplementations su�er from the interpretive overhead. They can be improved

usingdi�erent optimization techniques. An overview of thesetechniquesis given in the next

chapter.

In the next subsectionswegiveconcreteexamplesof two interpreters: TinyVM and Ka�e.
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In the rest of this thesis,we useboth interpreters to demonstrateand examinethe concepts

we develop. Both interpreters are implemented using switch-based technique, derives from

the pure bytecode interpreter.

1.3.1 Tin yVM In terpreter

TinyVM is a simple VM written in C. Its main dispatch loop deconstructsthe element of

the bytecode vector instrs, using pc as an index into the array of bytecodes; then it �nds

the matching casein a switch statement, executesthe relevant code, and jumps back to the

headof the loop. Figure 1-2 illustrates the implementation of the interpreter's dispatch loop

in TinyVM.

1.3.2 Ka�e VM

Ka�e is an open sourceJava VM written in C. Similar to TinyVM, the interpreter's imple-

mentation is a switch-based. Ka�e usesrecursive tree-walking implementation for its Java

method invocation. Each method invocation, which is not a native method is loaded by

the VirtualMachine function and then executedby the runVirtualMachine. The interpreter

dispatch loop is an in�nite loop which executesthe bytecode sequentially , until reachesone

of the return-from-method bytecodes. The casesare structured in the ka�e.def. They use

macrosof the instruction de�nition, which are de�ned in icode.h �le. Figure 1-3 illustrates

the implementation of the Ka�e interpreter's dispatch loop for the IFEQ bytecode.
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loop:
op = instrs[pc].op;
arg = instrs[pc].arg;
switch (op) {

...

case CALLOP:
... setup new call frame ...
pc = arg; /* go to start of function body */
goto loop;

case RETOP:
... clean up stack ...
pc = pop_raw(); /* pop the return PC */
*(++sp) = val; /* put return value back on stack */
goto loop;

case BEQOP:
n = pop_int(); /* top must be an int */
if (n) { /* not equal 0 */

pc++; /* just continue */
} else { /* equal 0 */

pc = arg; /* do the branch */
}
goto loop;

...
}

Figure 1-2: TinyVM's dispatch loop.
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in machine.c:

void runVirtualMachine(metho ds *meth, slots *lcl, slots *sp, uintp npc,
slots *retval, volatile vmException *mjbuf, Hjava_lang_Thread *tid)

{
bytecode *code = (bytecode*)meth->c.bcod e.c ode;
...

for (;;) {
register uintp pc = npc;
assert(npc < meth->c.bcode.codelen);
mjbuf->pc = pc;
npc = pc + insnLen[code[pc]];

switch (code[pc]) {
default:

dprintf("Unknown bytecode %d\n", code[pc]);
throwException(NEW_LANG_EXCEPTION(VerifyE rror ));
break;

#include "kaffe.def"
}
}

end:
return;

}

*************** ** ** ** *** ** ** ** ** *** ** ** ** ** *** ** ** ** ** *** ** ** ** ** *** **
in ka�e.def:

...
define_insn(IFEQ)
{

...
idx = (int16)((getpc(0) << 8) | getpc(1));
...
begin_sync();
cbranch_int_const_eq(rsta ck(0 ), 0, reference_code_label(pc +idx ));
pop(1);
end_sync();

}

*************** ** ** ** *** ** ** ** ** *** ** ** ** ** *** ** ** ** ** *** ** ** ** ** *** **
in ico de.h: (macros)

...
#define cbranch_int_const_eq(s1, s2, w) if ((s1)[0].v.tint == (s2)) { w; }
#define reference_code_label(l) npc = (l)
...

Figure 1-3: Ka�e's dispatch loop, and the IADD bytecode implementation.
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Chapter 2

Optimizing In terpreters

In this chapter we present di�erent approaches for improving interpreters' performance.

Section2.1 describesad-hoc optimization for more e�cien t implementation of interpreters.

Another typeof optimization is programspecialization,asdescribed in section2.2. This area

includesmany techniques;we present a few of them, such as run-time code generationand

dynamic compilation. Dynamic translators and Just-In-Time compilerscan also be consid-

eredprogram specializers.Due to their popularity, we dedicatesection2.3 to them. Finally,

in section 2.4 we mention the dynamic optimization technique that is further described in

the next chapter.

2.1 Ad-ho c Byteco de In terpreter Optimization

An interpreter's performanceis directly correlatedto its implementation. The pure bytecode

interpreter described in section1.3, su�ers from large overhead: each bytecode implementa-

tion involvesat least two memory referencesand two jumps, asidefrom the dispatch lookup

(the switch). This overheadis more substantial when executing simple bytecodes. An ex-

ample of such an interpreter is seenin Figure 2-1 (copied from [41]).

To overcometheseproblems,threaded code was �rst usedas part of the Forth program-

ming language,described by Moore and Leach [39],and then usedasdirect threading in [19].

The direct threadedcode technique improvesperformanceby removing the dispatch lookup
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Figure 2-1: Pure bytecode interpreter.

and eliminating the centralized dispatch. In direct threading, each bytecode represents the

implementation address. Thus, the dispatch involves fetching the bytecode and jumping

directly to its implementation address;Furthermore, each direct threaded bytecode imple-

mentation endswith code that dispatchesto the next bytecode. This procedureeliminates

the needfor a centralized dispatch. Figure 2-2 (copied from [41]) displays a direct threaded

code for the bytecode interpreter from Figure 2-1.

To obtain direct threadedcode, we can dynamically translate bytecodesinto their direct

threaded representation, beforeexecutingthe code. The translation processinvolvesa loop

that readsthe bytecode, looksup its implementation address,and createsthe direct threaded

code. An examplefor this is given in Figure 2-3 (copied from [41]).

Dynamic translation to threadedcode allows additional bytecodesto exist. Moreover, by

specifying di�erent implementations for the samebytecode (\o verloaded"bytecodes)during

translation time, it alsoallows the creation of a \macro"bytecode from a commonsequence

of bytecodes (during execution time). In addition, this technique removes the dispatch
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Figure 2-2: Direct threaded code.

overhead,improvescode locality, and permits inter-bytecode optimization by the compiler.

Dynamic translation to threaded code was used in Squeak, a portable \pure bytecode"

implementation [23], in BrouHaHa, a portable Smalltalk VM [37], [7], and in Objective

Caml [34].

An extensionto this approach is to dynamically �nd the bestchoiceof commonsequences

of bytecodesto translate. It is doneby selective inlining during the translation of bytecodeto

threaded-code or asa separatepassover the threadedcode. This technique was introduced

by Piumarta and Riccardi [41] and results in very good performancesfor any application.

2.2 Program Specialization

Program specialization is a program optimization technique that is also known as \partial

evaluation". We �rst explain the meaningof it in the generalcontext, and then demonstrate
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Figure 2-3: Dynamic translation of bytecodes into threaded code.

its use in optimizing interpreters. Standard referencesto the subject of partial evaluation

are [25] and [24].

Partial evaluation's basicde�nition is asa source-to-sourcetransformation, i.e. program

P and part of its input data, in1, are transformed into a new specializedprogram, Pin 1,

using a partial evaluator (PE), mix. Running Pin 1 on the rest of the input data shouldyield

the sameresults that P yields when running on all of the input data.

[[P]][in1; in2] = [[ [[mix ]][P; in1] ]] in2 = [[Pin 1]] in2

In other words, all calculations that involve only in1 are pre-computedin P; however,

new code is generatedfor calculations that depend on other input data. P is said to be

specializedwith respect to in1. Figure 2-4 presents a schematic partial evaluator.

Figure 2-4: Schematic partial evaluator.

Programsthat might bene�t from partial evaluation are:

1. Highly parameterizedprograms: In such programs a long time is spent inspecting

parameterswhich are often the same.

2. Similar subcomputations: Programsthat can bene�t from computing a commonpart

only onceand useit again when needed.

23



3. Highly interpretive programs (such as interpreters and simulators): By specializing

the interpreter with respect to the program being run, the interpretive overheadcan

be removed. In simulators, specializing with respect to the object being simulated

eliminates the object's scanningtime.

4. Databasequerysearch algorithms: Wecanspecializethe programwith respect to often

usedqueries.

The rationale behind such specializationsis that a more e�cien t code can be generated,

as the level of available information increases. Conceptually, partial evaluation is simple,

and therefore it was implemented in many areas,such as computer graphics, Fast Fourier

Transformations(FFT), circuit simulation, compilerand compilergenerator,pattern match-

ing, and more. Partial evaluators in practice started in the mid-70swith partial evaluators

for Lisp [26] and Prolog [31]. Today they are used for many di�erent languages,such as

Scheme(Similix [6] and Schism [12]) and C (C-mix [2] and Tempo [13]).

The notion of partial evaluation can be used with interpreters to specializethem with

respect to a speci�c program. This technique is called \compiling interpreters". Many of

the practical solutions, such as dynamic code generationand dynamic compilation, rely on

this technique. Another useof partial evaluation in the context of interpreters is \generating

compilersand compiler-generators"from the interpreter. In the next subsectionswe brie
y

review thesetechniques.

2.2.1 Compiling In terpreters

Assumingthere is an interpreter, int , and a sourceprogram, P. The result of running partial

evaluator, mix, on thesetwo is a target code:

tar get = [[mix ]][int; P].

The mix function takesa sourceprogramand an input and producesa specializedversion

of the sourceprogram (in our case,the interpreter). The target program is a specialized

interpreter, in the languagethat the interpreter is written in.

We expect a specializedinterpreter to be faster than the original one when running on

P, becausethe specialization removesany unnecessaryoverhead(including the interpretive
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overhead). Yet, we do not expect the specialization to reach the performanceof a well-

designedcompiler, becauseit cannot perform optimizations basedon the semantics of the

interpreted code (the input, P).

There are two types of partial evaluators that can be invoked at compile-time; online

and o�ine. The online partial evaluator takesas input the program and the subsetof input

data that is static; then, by doing \symbolic computation" of the available data, it obtains a

specializedprogram. The o�ine partial evaluator, hastwo steps. In the �rst one,it performs

binding-time analysis in order to determine which part of the input is static (known) and

which part is dynamic (unknown). In the secondstep, the o�ine partial evaluator usesthe

real specialization valuesto generatethe specializedprogram. The result is sourcecode for

the specializedprogram, which may be compiled to obtain an executableprogram.

In dynamic languagesthe specialization valuesare not known at compilation time (this

is also the reason that it is di�cult for a compiler to perform optimizations statically).

This constrainsthe e�ectivenessof o�ine partial evaluators, and motivates the useof run-

time specialization. Run-time specializersdo not perform source-to-sourcetransformation,

rather they produce executablecode from the specializations. They are basedon o�ine

specialization, but the real valuesare �lled in at runtime. Run-time specializersare widely

usedin run-time code generation,dynamic compilation and automatic specialization. Next,

we describe the useof thesetechniquesand explain how they can be usedin relation with

interpreters.

Run-Time Code Generation

Run-time code generation (also called \Dynamic code generation") is a processin which

new code is added to the instruction stream of an executedprogram. It usually usesrun-

time information for generatingspecializedcode. This type of information is not available

statically; thus, it cannot be usedduring the compilation process. Keppel et al. [30] gives

an examplefor the potential of run-time code generation. They consideredan interactive

program, in which the user enters an expressionthat is to be evaluated oncefor each item

in a data set (such asmatching regular expressionwith lines in a �le). Using dynamic code
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generation,we can dynamically compile the expressioninto a special-casefunction and then

usethis function for each input data in the datum.

Dynamic code generationhasbeenusedto improve performancein many areas:operat-

ing systems,dynamically typed languages,simulators, matrix manipulation and compiling

interpreters. Here are additional examplesfor its use:

1. Hardwiring infrequently changing runtime values into the executableprogram: this

allows for constant-propagation, constant-folding, removing branches that depend on

thesevalues,and removing unnecessaryload time. Of course,it shouldbe regenerated

each time that thesevalueschange[22, 43].

2. Matrix manipulation: programscan be specializedwith respect to the matrix's char-

acteristics,e.g. in multiplication of sparsematrices [20].

3. Compilation of small languages(such as query languages): we can bene�t from dy-

namically compiled queries,in which the program is specializedwith respect to some

�elds, values,and boolean operators. This improves performance,especially in large

databases[9].

4. Frequently interpreted parts of the program: theseparts can be compiledand directly

executed. Interpreters are a perfect application for dynamic compilation in which the

interpreted program is a runtime constant [15],[35].

In [15], a run-time code generation implementation for smalltalk-80 bytecode VM was

described. This implementation dynamically collectsa sequenceof VM instructions, compiles

them to nativecodewhile performingsimpleoptimizations, and cachesthem. This technique

showed better performancethan the ad-hoc optimizations described in section2.1. Another

application that usesrun-time code generationwith interpreters is SELF, presented in [10].

Somedynamic code generatorshave a speci�c languagethat is usedto write programs

that generatedynamic code at runtime. Such languagesprovide high-level notations that

allow usersto write programsthat manipulate code.

DCG [18] provides an interface for the programmersto manually construct routines. It

usesthe intermediate representation of the LCC compiler to dynamically generatecode.
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Theseroutines arecompiledby DCG and result in an executablecode, which canbe invoked

by an indirect call. Then, at runtime, the compiled code is executed, and a fast code

generator is invoked to compile the new code. In order to save time, the dynamic code

generatorusedin DCG, is very simple; it provided no instruction scheduling or elaborated

register allocation.

'C (Tick C), developed by Engler et al. [17], originally usedDCG as its dynamic code

generator. It provides an extension of the C language(extending the ANSI C library),

to support dynamic code generation. The programmer usesthe extendedlibrary to write

programsthat explicitly manipulate, compose,and compile program-fragments at runtime.

These programs look like fragments of C code, which easesthe programming burden. In

addition, 'C provides an opportunit y to perform static analysis, in order to reduce the

overheadof generatingcode at runtime. After the introduction of VCODE [16], which is

(more than an order of magnitude) faster than DCG, 'C wasre-implemented using VCODE

as its dynamic code generator [42]. VCODE is a template-basedsystemfor dynamic code

generation that provides a similar interface to the one of an idealized RISC architecture.

VCODE alsogeneratescodein-place,without representing the codein data structures. Thus,

the resulting dynamic compiler made 'C a very fast and e�cien t dynamic code generator.

In addition, the target code it producesis highly e�cien t.

The run-time code generation implementations described above allow programmersto

manually programthe dynamiccodegeneration. This is known asan imperative/operational

approach. On the onehand, it is controllable and 
exible. On the other hand, it increasesthe

programminge�ort. It alsorequiresthe programmerto well understandthe code generation

processand therefore it is error-prone.

Dynamic Compilation

Another approach to run-time specialization is the declarative approach, in which users

declare (by annotation) guidelines for the dynamic code generator. The term "dynamic

compilation" speci�es the part of the compilation doneduring the executionof the program.

Similar to run-time code generation, dynamic compilation systemsalso perform run-time
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specialization, in order to take advantage of information available at runtime. But unlike

run-time code generation, which is written manually, thesesystemscreate templates that

are automatically �lled at runtime, using only hints from the programmer.

Dynamic compilation simpli�es the programmers'part and puts the complexity at the

dynamic compiler's end. Thus, the main focus of dynamic compilation systemsis on re-

ducing time spent in the dynamic compiler. This is done by performing extensive o�ine

pre-computations, and, similarly to run-time code generation systems,by restricting the

optimization performedby the dynamic compiler.

This technique is sometimescalled \deferred compilation". Leoneand Lee [33] describe

a \ligh tweight" approach for dynamic code generation,wherecompilation of someparts of

the program is postponeduntil runtime, to better optimize programs.

An annotation-baseddynamic compilation systemfor C, was presented by Auslander et

al [4]. This system de�nes annotations that indicate parts of the program that should be

compiled dynamically (dynamic regions) and sourcevariables that remain constant during

the execution of the dynamic regions. This system is sometimesreferred to as \selective

dynamic compilation" since it performs run-time specialization only on a portion of the

code. Its goal is to move much of the burden of dynamic compilation to the static compi-

lation phase. This system is a template-basedsystem that contains a static compiler and

a dynamic one. During static compilation the dynamic regionsare analyzedbasedon the

programmer's annotations. This analysis determineswhich variables and data structures

would be invariable (constants) at runtime. The static compiler generatesset-up code that

calculatesvalues of the derived runtime constants. It also createspre-compiledmachine-

code templates,whoseinstructions contain holesthat would be �lled with runtime constant

values. Then, the static compilergeneratesdirectives. Thesedirectivesinstruct the dynamic

compiler how to produce executablecode from templates and computed constants of the

set-up code's (e.g., to copy blocks and update o�sets of branches). The static compiler also

performsoptimizations on the templates it created.

The dynamic compilerneedsonly to follow the directivesto instantiate the machine-code

templates. It runs the set-up code onceto get the valuesof the constants, �lls in the holes

basedon labels, and executesall of the directives. Figure 2-5, taken from [4] describes this

28



schematic system.

Figure 2-5: A schematic description of a dynamic compilation system.

During execution the specializedcode can be reusedif the runtime valuesmatch those

that wereusedto specializeit. If a dynamic region is invoked with di�erent runtime values,

multiple versions of the specialized code can be stored and maintained. Each time the

executionenters a dynamic region, a dispatcher selectsthe appropriate specializedversion,

basedon the runtime values,or invokesthe dynamic compiler to producea new specialized

version.

The declarative approach leadsto a shorter dynamic compilation time in comparisonto

imperative/operational approach. However, since the correctnessof the specialization de-

pendson the annotations, it is still error-prone. Moreover, it is less
exible and controllable.

An improved system,basedon the systemdescribed above, is DyC presented by Grant et

al. [21]. In this system,the annotationsare moreexpressive, 
exible, and controllable, while

the coresystemis similar to its predecessor[4].
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Automatic Specialization

It is hard to predict the performancegain from a run-time specializer. Therefore, using

manual annotations requiresprogrammersto perform a trial-and-error loop in order to tune

the choicesof dynamic regionsand runtime variables. Automatic specialization replacesthe

manual annotation presented earlierwith automatic systemthat infersannotation basedonly

on a description of the known inputs. This technique is more reliable, becauseit requires

little or no modi�cation of the interpreter.

Calpa [38] is an automatic generatorannotation for DyC that combines program anal-

ysis and pro�le information. It �rst createsan instrumented version of the program that

generatesand summarizesvalue and frequent data. Then, Calpa runs this versionon some

representativ e inputs, yielding an executionpro�le for that program. An annotation selection

tool analyzesall opportunities for run-time specialization in terms of cost versusbene�t and

choosesthe optimal ones. Then, Calpa runs DyC, which was mentioned before. Other au-

tomatic program specialization are C-Mix, developed at DIKU [2], and TEMPO, developed

at IRISA [13].

2.2.2 Generating Compilers and Compiler-Generators

Programspecializationcanbefurther extendedto generatea compilerfrom an interpreter [27]

and [28]. It involves a self-application that usesmix to specializeitself. In the context of

interpreters, this createsa compiler, which is a specializedversionof the interpreter:

compiler = [[mix ]][mix; int ].

Now, the compiler is applied to the sourceprogram P, and generatesthe target:

tar get = [[mix ]][int; P] = [[ [[mix ]][mix; int ] ]] P = [[compiler]] P

Using the sameconceptwe can de�ne a compiler generator. This would be a program that

transforms interpreters into compilers:
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tar get = [[P]][in1; in2] =

= [[ [[mix ]][P; in1] ]]in2 =

= [[ [[ [[mix ]][mix; P] ]] in1 ]] in2 =

= [[ [[ [[ [[mix ]][mix; mix ] ]] P ]] in1 ]] in2 =

= [[ [[ [[compiler � gen]] P ]] in1 ]] in2

2.3 Dynamic Translation and JITs

The basic idea of the dynamic translation �eld is to translate frequently executedcode into

native code during runtime; and then cache this native code. As a result, further references

to this code can be executeddirectly from the cache. This technique was pioneeredby the

commercialsmalltalk implementation (in 1980),currently known as VisualWorks. Its main

use was in non-native system emulations. This type of use is called \binary translation."

Today, this technique is named Just-In-Time (JIT) compilation and it is widely used in

implementations of the Java Virtual Machine (JVM). In this sectionwe present the evolution

of JITs. We focus on JIT implementations for Java, sinceJava is the most popular object-

oriented programming language,and it is, typically, implemented by a VM (JVM).

The �rst generationof JVMs, included simple interpreters that executedbytecodes se-

quentially . Their performancewas very poor, becauseof the interpretive overhead. The

calls for virtual and interface methods are time consuming,becausethey require a method

lookup. Moreover, in object-oriented programs, there are, usually, many small methods,

and frequent calls to static methods (which do not require method lookup). This prevents

intra-procedural optimization by a compiler. Another sourceof overhead is safety checks

and exceptionchecks for accessesto arrays and instancevariables.

To overcomethe JVMs' poor performancestwo compiler solutions were suggested.The

�rst one is to compile statically all bytecodes into native code. While this solution allows

additional static optimization (at static compilation time), it does not support dynamic

classloading. Thus, it cannot be implemented for the Java language.The secondsolution is

the introduction of a JIT compiler/translator. This JIT compiler translates bytecodes into

native code when a new method is invoked at runtime. This solution is sopopular that it is

consideredto be the secondgenerationof Java. Java JITs have evolved over time and have
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becomevery complex, performing most of the traditional optimization techniques used in

static compilers. In addition, they involve many optimizations that are tailored for the Java

language.The following is a non-exhaustive list of optimization techniquesthat are usedin

JITs' implementation:

1. Method call optimization: This technique usesinlining of method calls. The inlining

removesthe overheadof the method invocation and further increasesopportunities for

additional optimizations (by creating large inlined blocks of code). While this is easy

to implement for static method calls, it is very di�cult for dynamic ones.The reason

for this di�cult y is that in dynamic object-oriented languages(as Java) there may be

a number of implementations for a single method. The naive solution of inlining all

implementations of the method that may be calledat runtime is not practical; because

such a solution will result in an exploding code size. A more practical solution is

to perform resolution of the dynamic method calls; this is usually done by pro�ling.

HotSpot [36], for example,gathersinformation about the program'sbehavior, including

the method implementations that were called. Thus, it can inline only those that are

used. Inlining dynamic method callssavesa lot of time in Java, sinceJava hasfrequent

dynamic method invocations.

2. Exception check elimination: This technique reducesthe overheadof exceptionchecks.

One way of doing this is by removing the array bounds check, required by the Java

languagespeci�cation. In caseswhen the JIT can prove that the index to the array is

always within the correct boundsor that an earlier check would throw an exception.

3. Type inclusion test: This technique simpli�es the type inclusion test neededin Java

to support down-casts.One approach is to encode the classhierarchy in a small table.

This approach requiresboth spaceand time (re-computation is required when classes

are loadedand unloadeddynamically). Another approach is to inline code to test the

most-frequently occurring cases,such as NULL objects, caseswhere the classof the

referencedobject is identical to the required class,etc.

4. Register allocation: This technique is used during the code generation phaseof the
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JIT. It allocateslocal variables to physical registers,for both temporary variablesof

the JIT's computation and local variableswithin a singlemethod. While this technique

is well known in static compilers,it is hard to implement whenthere is time constraint,

as in JITs.

5. Common subexpressionelimination: This technique reducesredundanciesby looking

for identical subexpressionsthat compute the samevalue.

Despiteimproved JITs, there is a room for additional improvement to JITs' performance.

The basic idea is that only a small fraction of the code (10-20%) consumesmost of the

execution time (80-90%). Thus, running the traditional JIT does not yield the optimal

performances,becausepart of the time is spent in an unnecessarydynamic compilation of

code. The third generation of Java solves this problem, by performing compilation only

on the most frequently executedcode. HotSpot, that was mentioned above, was the �rst

one to implement this idea by detecting \hot spots" in the code and performing dynamic

compilation to thesehot spots. This selectivecompiling is known as\adaptiv eoptimization".

It is alsousedin JITs for other object-oriented programming languages,such asSELF [10].

The Jalapeno JVM [3] usesan advance form of adaptive optimization. It utilizes idle

processorsin a Symmetric Multi-Pro cessing(SMP) system to optimize code at runtime.

Jalapenoinitially performsa low-level optimization of all the code; then, it embedspro�ling

information and uses it to trigger re-optimization of frequently executedcode at higher

levels [32].

The main disadvantage of JITs is the enormousengineeringe�ort they require. Addi-

tional disadvantagesare that JITs are very speci�c to the VM and that they are hardware-

dependent (as a traditional compiler). Thus, they are not easily portable to multiple archi-

tectures.

2.4 Dynamic Optimization

Unlike dynamic compilation or dynamic translation, dynamic optimization is not concerned

with translating codeor compiling it. It takesasinput a compiledcode(executablecode) and
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optimizesit during runtime. Currently there arehardware and software dynamic optimizers.

Their successin improving performancedependsdirectly on the behavior of the program to

be optimized.

We identi�ed the potential of running programsusing dynamic optimizers, and explored

running interpreters and VMs on DynamoRIO, which is a software dynamic optimizer. In

the next chapter, we introduce DynamoRIO and further discussthe dynamic optimization

technique.
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Chapter 3

Dynamic Optimization and

DynamoRIO

Dynamic optimization has many applications, but is especially worthwhile for applications

with a high degreeof dynamism. Today, dynamic languagefeatures,such as re
ection and

dynamic classloading are beginningto appear in mainstreamprogramming languages,such

as Java. Thesedynamic featuresmake static optimization substantially more challenging,

or even impossible. We believe that dynamic optimization will facilitate and promote the

useof high-level, domain-speci�c, dynamic languages,by improving their performance.

Other optimization techniques, which were described in chapter 2, require a massive

e�ort in research and development of program analysisand optimization. Such an e�ort is

unattainable for most domain-speci�c languages.We proposethe useof a commondynamic

optimization framework to improve performanceof interpreters and VMs. We investigate

this idea by using DynamoRIO as the dynamic optimizer.

Dynamic optimization is a technique in which optimization is done on the native code

during executiontime, without any intervention from users.

Hardware dynamic optimization of an instruction stream is performed in superscalar

processors. The Trace Cache [44] allows such optimizations to be performed o� of the

critical path.

API-less software dynamic optimization systemsinclude: Wiggins/Redstone[14], which
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employs program counter samplingto form tracesthat are specializedfor a particular Alpha

machine; Mojo [11], which targets Windows NT running on IA-32, but has no available

information beyond the basic infrastructure of the system; Dynamo [5] for PA-RISC, and

DynamoRIO which targets X86 architecture.

This chapter's outline is as follows: section 3.1 presents the DynamoRIO dynamic op-

timizer and explains the dynamic optimization technique; section 3.2 explains the main

problemsin usingDynamoRIO with interpreters, and the approach we take in order to solve

them.

3.1 DynamoRIO

Our optimization infrastructure is built on a dynamic optimizer called DynamoRIO. Dy-

namoRIO is basedon the IA-32 version[8] of Dynamo [5]. It is implemented for both IA-32

Windows and Linux; and it is capableof running large desktopapplications.

DynamoRIO was designto observe and potentially manipulate every single application

instruction prior to its execution. The simplest way to do this is with an interpretation

engine. However, interpretation via emulation is slow, especially on an architecture like IA-

32with a complexinstruction set. Thus, DynamoRIO usesa typical trick to avoid emulation

overhead;it cachestranslations of frequently executedcode, sothey canbe directly executed

in the future.

DynamoRIO copiesbasic blocks (sequencesof instructions ending with a single control

transfer instruction) into a code cache and executesthem natively. At the endof each block,

the application's machine-statemust be saved and control must be returned to DynamoRIO

(a context switch) to copy the next basic block. If a target basic block is already present

in the code cache, and it is targeted via a direct branch, DynamoRIO links the two blocks

together with a direct jump. This avoids the cost of a subsequent context switch.

Indirect branchescannot be linked in the sameway becausetheir targets may vary. To

maintain transparency, original program addressesmust be usedwherever the application

storesindirect branch targets (for example,return addressesfor function calls). Thesead-

dressesmust be translated into their corresponding code cache addressesin order for the
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non-control-flow
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stays on trace?

Figure 3-1: Flow chart of the DynamoRIO system. Dark shading indicates application code.

code to continue at the right location. This translation is performed as a fast hashtable

lookup.

To improve the e�ciency of indirect branches and to achieve better code layout, basic

blocks that are frequently executedin a sequenceare stitched together into a unit called a

trace. When an indirect branch occurswithin a trace, a check is inserted to ensurethat the

actual target of the branch will keep its execution in the trace. This check is much faster

than the hashtable lookup, but if the check fails the full lookup must be performed. The

superior code layout of traces goesa long way toward amortizing the overheadof creating

them and often speedsup the program [5, 44].

A 
o w chart showing the operation of DynamoRIO is presented in Figure 3-1. The �gure

focuseson the 
o w of control in and out of the code cache, which is shown at the bottom

portion of the �gure. The copiedapplication code looks just like the original code with the

exceptionof its control transfer instructions, which are shown with arrows in the �gure.

3.2 DynamoRIO and In terpreters

An important heuristic, upon which DynamoRIO's trace identi�cation and collection strat-

egy is based,is that popular targets of jumps are good candidatesfor trace heads. Further-

more, it is assumedthat most of the time execution will proceedmost or all of the way
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through a trace. In other words, recording long instruction streams starting at common

branch targets will result in an executioncode that will spend most of its time in recorded

traces.

Unfortunately, typical interpreter implementations foil DynamoRIO's trace collection

heuristic. In the caseof a simple read-switch-jump loop, the interpreter's hottest loop head

is in fact a poor candidatefor a trace head,as its body follows a di�erent path for each byte

codetype. This requiresan indirect lookup, which is an expensive operation in DynamoRIO.

Threaded interpreters pose a related problem for DynamoRIO. The pervasive use of

indirect jumps for control transfer foils DynamoRIO's trace head identi�cation heuristics.

Furthermore, even if a trace head were to be identi�ed, it does not uniquely identify a

commonly occurring long sequenceof native instructions.

Using DynamoRIO with interpretersdoesnot yield a performanceimprovement. Rather,

it showsa slow-down in most of the tests. (The environment settingsand the testsperformed

aredescribed in moredetail in chapter 6.) The reasonfor this slow-down is that DynamoRIO

is a low-level optimizer. It hasno knowledgeabout the high-level semantics of the interpreted

programs,which is necessaryto perform e�cien t optimization.

We suggesta newapproach that is moresuitable for interpreters. This approach is based

on a modi�ed versionof DynamoRIO. While DynamoRIO is looking to recorda long, frequent

sequenceof native instructions, our new approach aims to record the native instructions

corresponding to a long, frequent sequenceof bytecodes(or high-level representation). This

approach is a combination of native JIT compiler and partial evaluation techniques.

Our approach requires the addition of a small amount of instrumentation to the in-

terpreters; and so is not completely automatic. However, we show that it yields better

performancethan DynamoRIO alone. The next chapter describes the basic designof this

new system.
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Chapter 4

DynamoRIO-with-LogPC

As we explained in the previous chapter, DynamoRIO has somelimitations when running

with interpreters; thus, it doesnot achieve good performancefor such applications. In this

chapter wedescribethe designand implementation of DynamoRIO-with-LogPC that is based

on DynamoRIO and aims to addresstheselimitations. We modify DynamoRIO such that

it will identify frequent executedsequencesof bytecodesin the interpreted program (rather

than frequent executedsequencesof native instructions in the interpreter).

DynamoRIO looks at a onepieceof data, the Program Counter (PC), as the key to the

codecache. This addressspeci�es the exact location of the executablecode(the interpreter's

code in our case). DynamoRIO's decisionsabout collecting and emitting traces, are based

on Control TransferInstructions (CTI). Theseare native instructions that changethe native

PC (e.g., branches,jumps and calls). We are looking for analogousnotions for the location

in the interpreted program and the program'schangeof 
o w. As we explain in this chapter,

this canbe achieved with somemodi�cations to DynamoRIO. The basicmodi�cations are to

add instrumentation that provides this information to DynamoRIO. Using this information,

we tuned the functionality of DynamoRIO to create tracesthat correspond to sequencesin

the interpreted program.

This chapter's outline is asfollows: Section4.1describesthe modi�cation to DynamoRIO

required for supporting the instrumentation interface; Section4.2 de�nes Abstract PC, and

Logical CTIs and describes the essential changesin DynamoRIO for handling information
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regarding the high-level application. Section 4.3 describes the mechanism for selecting,

collecting, and emitting traces. Section 4.4 explains the linking mechanism that is used.

Finally, section4.5 summarizesthis chapter.

4.1 Annotations

In order to optimize an interpreted program, our systemneedsto know about the program

being interpreted, not just the interpreter itself. Our �rst modi�cation to DynamoRIO

is to introduce an interface whereby higher-level information can be communicated to Dy-

namoRIO'sback end. This interfaceincludesa setAPI functions. Thesefunctions shouldbe

hookedinto the interpreter's code. And the interpreter shouldbe linked to the DynamoRIO's

library.

We choseto use API functions as the method of passinginformation to DynamoRIO,

becauseits main functionality is to interpret the instruction stream on the 
y . Thus, it can

easily support the instrumentations and perform them with a low overhead.

DynamoRIO keepsa hard-coded list of the addressesof these functions. When it en-

counters a call instruction, it reads its target address. If this addressmatches any of the

instrumentation functions' addressesin its list, then this call is not inlined, and is included

in the basic-block. When the control 
o w reachesthis basic-block, the function is calledand

executed(as a regular assembly instruction). Every call instruction adds someoverheadto

the system;however, we show that the performanceimprovement more than amortize this

cost.

Remark: in all the API functions that we describe in this chapter we suppressthe \dy-

namorio" pre�x from the nameof the functions. For example,set logical pc standsfor

dynamorio set logical pc.

4.2 Abstract PC and Logical CTI

In this section,wedescribethe high-level information that needsto bepassedto DynamoRIO.

We de�ne three new terms: \abstract PC", \logical PC" and \logical CTI", and describe

40



the instrumentation provided for passingthe required information to DynamoRIO.

We use \logical" to refer to the high-level interpreted program. Thus, \logical PC" is

a unique identi�er into the control 
o w structure of the interpreted application. As an

analogy to the notion of PC in the original DynamoRIO we de�ne \Abstract PC;" it is a

pair of \nativ e PC" and a \logical PC." This pair uniquely identi�es the current overall

computation point. In TinyVM (described in section1.3.1), the logical PC is an o�set into

the bytecode stream that represents the interpreted program. In Ka�e's VM (described

in section 1.3.2), the exact location in the interpreted program is uniquely de�ned by the

method beingexecuted(the pointer to its bytecodes)and the o�set to the method's bytecode

array (integer number of bytes). Thus, we usedthe sum of them to represent the logical PC

passedto DynamoRIO-with-LogPC.

Remark: Neither the logical nor the native PC is su�cien t for de�ning the location

in the interpreted program. A native PC, for example, that corresponds to the start of

the handler for a CALL bytecode, would be executedfor each call site in an interpreted

application. However, the logical PC might stay constant over a signi�cant amount of

interpreter execution (consider the interpretation of the InvokeVirtual JVM instruction).

Thus, we needa pair of native PC and logical PC to uniquely specify the location.

Analogous to the native control transfer instructions (CTIs) are the logical CTIs. A

Logical CTI is a change in the sequential 
o w of the interpreted program. This change

corresponds to a changein the state of the interpreter. Examplesof Logical CTIs are the

CALL , JUMP and RETURN bytecodes.

DynamoRIO-with-LogPC providesthe interpreter writer with an API function to passthe

logical PC, set logical pc(logical PC) . It alsoprovides two API functions for identifying

the di�erent typesof logical CTI:

logical direct jump() correspondsto a direct native jump. By calling logical direct jump()

at a particular point in the interpreter, the interpreter writer guarantees that every

time the interpreter reachesthis point with the logical PC equal to its current value,

it will make the logical control transfer to the samelogical PC target. An exampleto

a direct logical control transfer is the JUMP bytecode.
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logical indirect jump() corresponds to an indirect native jump. In this case,the inter-

preter cannot guarantee the requirements for a logical direct jump. A classiccaseof

an indirect logical control transfer is a RETURN bytecode; wherethe actual target is

basedon runtime data (e.g. a valueon the stack), rather than a compiletime constant.

Calls to these API functions enableDynamoRIO to identify potential trace heads and

to link traces together. While calls to logical set pc provide only the logical PC value,

DynamoRIO needsthe exact location in the program's 
o w (the abstract PC). In order to

obtain this information, DynamoRIO provides the native PC value (of the instruction that

follows the call to the logical PC API function), while processinglogical * jump calls. In

addition, it adds the global DynamoRIO context and the basic-block's linkstub to the call

(to get \from-data" information). Both the DynamoRIO context and the linkstub are used

to identify trace heads,and to link traces. Thesefunctionalities are described in the next

sections. The translation to assembly-like languageof a call to set logical pc(logical PC)

followed by a call to logical direct jump() at native PC n is given in Figure 4-1.

fragment's body:
push logical_pc ; from C compiler
call set_logical_pc ;
pop 1 ; from C compiler
push dcontext ; from Dynamorio
push n+1 ; from Dynamorio
push linkstub ; from Dynamorio
call logical_direct_jump ;
pop 3 ; from Dynamorio
jmp exit_stub ; from Dynamorio

Figure 4-1: Translation of set logical pc(logical pc) and logical direct jump()at instruction n.

Next subsectionsdemonstratethe useof the above instrumentations in TinyVM (subsec-

tion 4.2.1) and in Ka�e VM (subsection4.2.2).
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4.2.1 Instrumen ting Tin yVM

We use the CALLOP, RETOP, and BEQOP bytecodes to demonstrate the instrumenta-

tion of TinyVM. In TinyVM calls to functions are statically dispatched and their targets

(bytecode o�set) are embeddedin the bytecode stream. Thus, a call is a direct jump (i.e.,

from a given call site control will always transfer to the sametarget); and we instrument

the handling of the CALLOP using logical direct jump. The RETOP bytecode in TinyVM

behavessimilarly to a native return; thus, we instrument it using logical indirect jump.

case CALLOP:
... setup new call frame ...
pc = arg; /* go to start of function body */
set_logical_pc(pc);
logical_direct_jump();
goto loop;

case RETOP:
... clean up stack ...
pc = pop_raw(); /* pop the return PC */
logical_indirect_jump(pc);
*(++sp) = val; /* put return value back on stack */
goto loop;

The caseof BEQOP is more interesting, becausethe true branch is a direct logical

control transfer (remember that the arg valuecomesfrom the bytecode vector), and the false

branch is a regular sequential promotion of the pc. The logical transfer is direct becausethe

native conditional branch has already distinguished between the true and falsecases.The

instrumentation for BEQOP is:

case BEQOP:
n = pop_int(); /* top must be an int */
if (n) { /* not equal 0 */

pc++; /* just continue */
} else { /* equal 0 */

pc = arg; /* do the branch */
set_logical_pc(pc);
logical_direct_jump();

}
goto loop;

43



Macro command Bytecode Logical CTI Comments
call indirect Method InvokeStatic direct

InvokeSpecial
call InvokeVirtual indirect

InvokeInterface
referencecode label IF* direct cbranch int const *

IF ICMP* cbranch int *
IF ACMP* cbranch ref *
JSR, JSR W
GOTO, GOTO W

stored code label RET indirect
table code label TableSwitch indirect branch indirect

LookupSwitch branch indirect

Table 4.1: Bytecodes in Java and their Logical CTI.

4.2.2 Instrumen ting Ka�e

The Ka�e VM imposestwo di�culties in instrumenting it for DynamoRIO-with-LogPC: It

hasa recursive tree walking implementation and it usesmacros. In order to instrument Ka�e

we �rst check the Bytecodes that changethe control 
o w and then instrument the macro

commandsthat they use.

Table 4.1 presents the list of instrumented macrocommands(column 1), the bytecode in

which they are used(column 2) and the type of logical CTI they perform (column 3). The

last column explains the useof macrosin the bytecodes.

The bytecodesof the form IF* (the * standsfor any of the following extensions:eq,ne, lt,

le, gt, ge), perform a comparisonof a passedvalue againstzero. If the comparisonsucceeds,

the execution proceedsat a known o�set. If it fails, execution proceedsat the address

of the instruction following this bytecode instruction. In the samemanner, the IF ICMP*

(comparingtwo values)and IF ACMP* (comparingtwo references)areperformed. All these

bytecode instructions usea cbranch * macro that performs the relevant comparisons.The

target o�set is set using the reference code label macro. That is the reasonfor which we

instrument this macro instruction as shown in Table 4.1.

The GOTO andGOTO W functionality is very similar to that of a nativegotoinstruction.

The executionproceedsat a known o�set from the addressof that instruction. Thus, these

are direct Logical CTIs. The sameexplanation holds for the JSR and JSR W instructions,
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which are similar to the GOTO* instructions (with the di�erence that the return address

is stored on the stack). The RET instruction (return from subroutine) behaves similarly

to the native return instruction. Thus, it is an indirect logical CTI. BecauseRET uses

the stored code label macro, we instrument it. Other indirect logical CTI instructions are

LookupSwitchand TableSwitch.

In addition to the above instructions, the control 
o w of the programis changedwhenever

a method is invoked. Java has several bytecodes that deal with di�erent kinds of method

invocation. Java distinguishesbetweeninstancemethods and class(static) methods. Class

methods are invoked basedon the type of the object reference,which is always known at

compile-time (using static binding). Thus, InvokeStatic is a direct logical CTI. In contrast,

the invocation of instancemethod is basedon the actual classof the object, which is only

known at runtime. Thus, InvokeVirtual is an indirect logical CTI.

InvokeSpecial bytecode is used to invoke instance methods based on the type of the

reference:superclass,private, and instanceinitialization methods (rather than the object's

class). This type of invocation usesstatic binding; thus, it is a direct logical CTI.

The last type of method invocation in Java is the InvokeInterface. This invocation

performsthe samefunctionality asInvokeVirtual; however, it usesa referenceto an interface

for the invocation (rather than a referenceto an object). Thus, it is alsoan indirect logical

CTI.

To declarethe logical CTI when invoking a method, we addedthe instrumentation just

before the exact invocation. This type of the instrumentation depends on the type of in-

vocation. During method invocation the method is resolved and the program's execution

continues from the �rst instruction of the method. Thus, control is transfered from the

caller method, A, to the invoked method, B (which may invoke other methods). When

the executionof method B is completedthe control returns to method A, using one of the

return-from-method bytecodes. This return action is an indirect logical CTI in respect to

the program's 
o w. Becausethis return is implemented in Ka�e with a native return (note

that the functions VirtualMachine and runVirtualMachine arecalledrecursively), weneedto

instrument it asan indirect logical CTI. This is doneupon returning from method B. After

the control returns to the caller method, A, executioncontinuesfrom that point. Figure 4-2
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givesan exampleof the way to instrument the InvokeStaticbytecode.

define_insn(INVOKESTATIC)
{

...
call_indirect_method(m):

softcall_initialise_class( method_clas s()) ;
set_logical_pc(m); // Logical PC = first bytecode

// in the invoked method

logical_direct_jump(); // This is a direct logical CTI

virtualMachine(m, sp+1, retval, tid); // the invocation

set_logical_pc(code + npc); // Logical PC = next bytecode
// in the current method

logical_indirect_jump(); // Return from method is an
// indirect logical CTI

...
}

Figure 4-2: Instrumenting InvokeStatic bytecode in Ka�e.

4.3 Collecting Logical Traces

The mechanism for dealing with traces is similar to that of the original DynamoRIO, but

with respect to the abstract PC and the logicalCTIs (insteadof the nativePC and the native

CTIs). Like DynamoRIO we keepbasic-blocks in a basic-block cache. But in DynamoRIO-

with-LogPC, a basic-block ends with a native CTI (like in the original system) or a di-

rect/indirect logical CTI.

DynamoRIO-with-LogPC usesabstract PCs, which are the target of a direct/indirect

logical CTIs, astrace heads.All information about potential tracesis storedand maintained

in a separatetable, calledthe \logical basicblock table." Each entry in this table represents a

\logical basicblock." This structure includesa counter and a pointer to an optional existing
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trace that starts at the corresponding abstract PC location.

The �rst time a given abstract PC is encountered (targeted by a Logical CTI), it will not

be found in the logical basicblock table, and an entry will beadded. After the sameabstract

PC is encountered hot threshold times, from direct or indirect logical jumps, a 
ag is set

to signal DynamoRIO's top level loop to start recordinga trace, keyed by the abstract PC.

While trace building is active, DynamoRIO collects each basic-block into a contiguous

list of instructions (this is regular DynamoRIO trace collection). It �nishes recording the

trace when a Logical CTI call is encountered. This is implemented by a 
ag that signals

DynamoRIO to stop building the trace. When DynamoRIO emits the trace into the cache,

it associatesthe trace with the corresponding abstract PC in the logical basicblock table.

The next time a logical jump encounters an abstract PC for which a trace exists, it

setsnext logical trace pc (a �eld in the thread-local dcontext structure) to this abstract PC.

When control returns to the exit stub, the exit stub jumps directly to that target logical trace,

without returning to DynamoRIO's dispatch loop. The following pseudo-code summarizes

the functionality described in this section. In this examplethe we usethe shorthand lbb for

\logical basicblock."

logical_jump(dcontext, native_pc, logical_pc) {
if (currently building a trace) {

if (this is trace-ending transfer) {
set flag telling DynamoRIOto finish trace;

}
} else { /* if not currently building a trace */

lbb = lookup(abstract_PC),
adding new entry if necessary;

lbb->count++; /* count hits */
if (abstract_PC entry corresponds to a trace) {

next_trace_global = lbb->trace;
} else { /* lbb not a trace */

/* should we build a trace? */
if (lbb->count > hot_threshold) {

set flags telling DynamoRIOto start building a trace;
}

}
}

}
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logical_jump(dcontext, native_pc, logical_pc) {
...

if (abstract_PC entry corresponds to a trace) {
if (we are coming from a trace &&

this is a direct logical jump) {
link the two traces together;

}
next_trace_global = lbb->trace;

}
...

}

Figure 4-3: Linking functionalit y in the Logical CTI function.

4.4 Linking

Similarly to DynamoRIO, DynamoRIO-with-LogPC also links basic-blocks, in order to im-

prove performance. However, unlike DynamoRIO, it does not link basic-blocks that end

with logical CTIs. Linking traces in DynamoRIO-with-LogPC is possible only between

traceswhich are related by direct logical transfer control. In other words, assumingtrace A

(taggedby an abstract PC A) endswith direct logical CTI that points to an abstract PC B,

then B is a potential trace head, which is represented by a logical basic block entry in the

logical basic block table. If B has a trace associated with it, say trace B, then trace A can

be linked to trace B.

The trace-linking functionality is addedto the routine that handlescallsto logical * jump.

Figure 4-3 presents the pseudo-code for handling trace linking in this routine .

Linking logical tracesintroducesa new performanceproblem. The calls to

logical direct jump from the fragment's body would be redundant after linking the traces.

Thesecallswould needlesslylookup the trace we alreadyknow we are goingto. To overcome

this di�cult y, we changedthe layout of instructions dealingwith the calls to logical CTI API

functions. Thesechangesinvolve moving calls to the logicalCTI functions from the fragment

body to the exit stub and adding code (in the exit stub) that supports linking. This means

that we check if the target abstract PC hasan existing trace associated with it, and if sowe
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directly jump to it. Figure 4-4 is an updated versionof the code presented in Figure 4-1; this

version allows linking of traces. This is the current implementation in DynamoRIO-with-

LogPC. Note that the code in the exit stub showed in Figure 4-4 is executedonly beforethe

linking, becauselinking replacesthe \jump to exit stub" instruction with a direct jump to

the trace's code in the cache.

fragment's body:
push x ; logical pc
call set_logical_pc ; saves logpc (x) in a global
pop 1
jmp exit_stub

...
exit_stub:

push dcontext ; add arg. for logical_jump call
push n+1 ; add native PC arg.
push from_data ; for linking traces
call logical_direct_jump
pop 3
test next_logical_trace ; if logical jmp to trace
jne *next_logical_trace ; go there
next_addr = n+1 ; otherwise
jmp dynamo_dispatch ; go to dynamorio with native PC = n+1

Figure 4-4: Translation of logical direct jump(x) at instruction n.

4.5 Discussion

In this chapter we presented the basic designof DynamoRIO-with-LogPC and introduced

the annotations that are required for running the system. The correctnessof the program

relieson the correctnessof theseannotations. Wrong instrumentation would yield run-time

errorsand wrong results. An exampleof a wrong instrumentation is whenan indirect logical

CTI is annotated as a direct one; this causesthe traces to be linked unnecessarily, leading

to a malfunctioning program.

Although DynamoRIO-with-LogPC createslogical traces, it is still far from optimal (re-
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sults can be seenin chapter 6). There are two reasonsfor this. The �rst one is that the

modi�cations to DynamoRIO introducemoreoverheadinto the original system,especially in

maintaining the additional data structures, such asthe logical basicblock table. The second

reasonis that the interpretive indirect overheadis not yet eliminated; it wasjust inlined into

traces. Moreover, DynamoRIO-with-LogPC cannot remove the overheadcausedby dynamic

features, such as method dispatch. While JITs provide many tailored optimization tech-

niquesfor thesesituations, DynamoRIO-with-LogPC still doesnot have enoughinformation

to perform such optimizations.

The use of the logical PC creates,as expected, traces that correspond to frequent se-

quencesof bytecodes. Becauseeach bytecode is implemented usingmany native instructions,

thesetracesmay bevery long. While it is generallyadvantageousto have long tracescached,

very long traces may degradeperformance. This might happen when traces occupy more

spacethan is available in the cache, resulting in many cache misses(as we demonstratein

chapter 6.

To further improve performance,we apply optimization techniquesto the traces gener-

ated. Although DynamoRIO supports someoptimization techniques,such asconstant prop-

agation and dead-code elimination, we extendtheir functionality and add moreoptimization

techniques,such as partial-evaluation. In the next chapter we describe theseoptimization

techniques.
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Chapter 5

Trace Optimization

Up to this point we explainedthe limitations of DynamoRIO and outlined the DynamoRIO-

with-LogPC system- a systemthat is tailored for interpreters and VMs. In the last chapter

we described the methodology usedby the DynamoRIO-with-LogPC to collect and record

traces. Although creating long tracesdoesnot remove all of the overheadintroducedby the

interpreters, it provides the background for additional optimizations.

After collecting traces, we optimize them and emit their optimized versions. Someop-

timizations techniques,such as constant propagation and deadcode elimination, existed in

DynamoRIO. However, in the new system,we can usehints from the interpreter writer re-

garding the structure of the interpreted program to better optimize traces. Thus, we extend

the functionality of someof the optimization techniques that existed in DynamoRIO, and

we introducenew ones.

Becausemost optimizations can be performedon every program, we refer to the general

system as DynamoRIO. We emphasizecasesin which an optimization is only tailored to

DynamoRIO-with-LogPC.

This chapter's outline is as follows: In the �rst four sectionswe discuss\traditional" op-

timization techniques. Section 5.1 introducesthe notion of immutable addresses. These

addressesare used in constant-propagation, discussedin section 5.2, and in dead-code-

elimination, as explained in section 5.3. Section 5.4 gives an overview of the call-return

optimization technique. Then, section 5.5 describes optimization techniques to avoid too
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long traces, such as inlining of unrolled native loops. Section 5.6 presents the Functional-

Memorization optimization technique. Lastly, section5.7 summarizesthis chapter.

5.1 Imm utable Regions and Trace-head Constan ts

In this section we present the use of immutable regions in DynamoRIO-with-LogPC and

explain their potential in optimizing traces. Then, we introduce the conceptof \trace-head

constants," which allows for additional optimizations.

5.1.1 Imm utable Addresses

The classicde�nition of \imm utable addresses"is: addresseswhosecontent doesnot change

during the execution of the program. DynamoRIO-with-LogPC can bene�t from knowing

immutable addresses;it can usethis information during constant propagation to fold deref-

erencesof the immutable program representation to constant values.

The needfor adding information regarding immutable addressesis derived from cases,

such as a switch instruction. A switch commandis an indirect control transfer. Typically,

large switch tables reside in the \.ro data" section, and their location is a known constant

address.They include an array of addressesthat correspond to the cases'handling routines.

Dispatching a speci�c case involves dereferencingthe addressin the index's position in

the switch-table (to obtain the target address). The problem we encountered is that even

when the index is known (a constant), the instruction cannot be simpli�ed during constant-

propagation,without any knowledgeabout the addressesin the switch-table. However, if we

know that the switch-table is an immutable region, the corresponding addressin the switch

table can alsobe treated as constant.

Thus, treating the read-only sectionsin the programsas immutable regionscan improve

constant propagationperformance.To extend this ideaeven further, we useall sectionsthat

are not writable (i.e. READONLY, EXECUTABLE), as immutable.

However, more optimization could be performedwith additional knowledgeabout other

immutable regionsof the program. Thus, DynamoRIO-with-LogPC providesthe interpreter
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In addMethodCode(Method*m,Code* c) in kaffe\kaffevm\classMethod. c:
set_region_immutable(m-> c.b code.cod e,

m->c.bcode.code + m->c.bcode.codelen - 1);
set_region_immutable(&m- >c. bcode.co de,

&m->c.bcode.code + sizeof(unsigned char*) - 1);
set_region_immutable(&m- >c. bcode.co del en,

&m->c.bcode.codelen + sizeof(int) - 1);

In main(int argc, char* argv[]) in kaffe\kaffevm\main.c:
set_region_immutable(ins nLen,

insnLen + 256*sizeof(uint8) - 1);

Figure 5-1: Example to instrumenting Ka�e VM for immutable data.

writer with a simple API function to declarea region of memory as immutable:

set region imm utable(start, end) . This instrumentation identi�es the regionof memory

delimited by start and end (inclusive) as immutable. It may be called for any number of

regions. Once it is called for a given region, that region of memory must not be written to

for the duration of the program. The set of immutable regionsis stored in a sorted linked

list.

Here is an example to this instrumentation for the TinyVM interpreter. In TinyVM

the array of bytecodes of the program is immutable. Thus, we pass this information to

DynamoRIO via the provided API function, as follows:

set_region_immutable(ins trs, (ins trs + num_instrs*sizeof(ByteC ode)-1) );

In Ka�e VM the bytecode array for each method is immutable. Thus, whenever the

method was created, while loading the class,set region immutable is called. In addition,

the dispatch table of the length of the bytecode, InstrLen, is also immutable. We add this

instrumentation to the main function of Ka�e. Figure 5-1 presents the instrumentations

usedin Ka�e for declaring immutable regions.
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5.1.2 Trace-Head Constan t Addresses

In DynamoRIO-with-LogPC, we allow a more aggressive use of immutable addresses.We

de�ne Trace-headconstant addresses:addresseswhich their contents areconstant for a given

Abstract PC.

Note that theseaddressesare usually a function of the Logical PC. Moreover, the value

of trace-headconstant addressescan be changedwithin a trace. All that we require is that

at the beginning (head) of the trace, theseaddresseswill have a �xed known value. Trace-

head constant addressesmust not be aliased. That is, if addr is identi�ed as a trace-head

constant, changesto the value stored in addr must be apparent in the instruction sequence,

rather than changedindirectly through another memory location. The following example

violates the anti-aliasing requirement:

ByteCode* pc = ...;
ByteCode* alias = pc;
add_trace_constant_addre ss(&pc);
*alias = some_bytecode;

DynamoRIO providestwo API functions for declaringtrace-headconstants. The �rst one

dealswith globalmemoryaddressesand the seconddealswith stack-allocatedaddresses.The

instrumentation for declaringaddressesas trace-headconstants is:

add trace constan t address(addr) . It identi�es an addresswhosevalue(i.e. whenderef-

erenced)is guaranteed to be the samewhenever control reachesthe Abstract PC of the call.

For example,supposea call to add trace constant address(&addr)is madewhen the Logical

PC is lpc, the native PC of the call site is npc, and the value of addr is 42. If DynamoRIO-

with-LogPC makesa trace headedby the Abstract PC (lpc, npc), then any dereferencesof

addr can be folded to the constant 42. Moreover, changesto theseaddressescan be tracked

during the trace. DynamoRIO obtains the valuesof theseaddressesby taking a snapshotof

their contents immediately when it starts building the traces.

For immutable addressesthat are stack-allocated, DynamoRIO provides another API

function. The reasonfor the separation is that for stack-allocated addresses,DynamoRIO

needsto calculate the stack o�set for the address.The interface is:
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value eval () {
int pc = 0;
...

loop:
...
switch (op) {
case CALLOP:
...
set_logical_pc(pc);
logical_direct_jump();
set_trace_constant_stac k_address(&pc, pc);
...
}

}

Figure 5-2: Example to instrumenting TinyVM for trace-headconstant addresses.

set trace constan t stack address(addr, val) . This interface identi�es a stack-allocated

variable (at addressaddr on the stack) that currently has the value val. In this casethe

valuesof the addressesmust be passedexplicitly.

We demonstrate the use of this instrumentation in the context of TinyVM and Ka�e.

In TinyVM the pc, which is the pointer to the bytecode's array, is a local variable in the

main function. As described in section 1.3, it is usedas the Logical PC of the interpreter.

This addressis a trace-headconstant addressbecauseit is a part of the trace tag and it

is unaliased. Becausethe pc is a local variable, we usethe set trace constant stack address

for its annotation. Figure 5-2 gives the trace-headconstant addressesinstrumentation of

TinyVM.

In Ka�e, both the method pointer (meth) and the o�set to its bytecode array (npc) are

passedasarguments to the function that implements the main interpreter loop. Sinceboth

are usedin the calculation of the Logical PC, like in TinyVM, they are trace-headconstant

addresses.Moreover, other local variables, such as the addressof the bytecode array and

the index pointer into it, are alsoa function of the Logical PC; and thus, they are trace-head

constant addresses.Figure 5-3 gives the trace-headconstant addressesinstrumentation of

Ka�e.
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void runVirtualMachine(metho ds *meth, ..., uintp npc, ...) {
bytecode *code = (bytecode*)meth->c.bcode. code;
uintp pc;
pc = npc;
...

set_logical_pc(code+npc) ;
logical_*_jump();
set_trace_constant_stack _addres s(&code, code);
set_trace_constant_stack _addres s(&npc, npc);
set_trace_constant_stack _addres s(&meth , meth);
set_trace_constant_stack _addres s(&pc, pc);
...

}

Figure 5-3: Example to instrumenting Ka�e for trace-headconstant addresses.

In the next sectionwe elaborate on the useof immutable addressesand trace-headcon-

stants when performing constant-propagation.

5.2 Constan t Propagation

The abilit y to fold referencesto immutable memory into constants is crucial to the success

of constant propagation. As mentioned earlier, we useset region immutable calls from the

interpreter to establishconstant memory regions.

DynamoRIO performs classicalconstant propagation, which is made more di�cult by

the fact that it targets X86 instruction set. It sequentially scansthe trace's instructions,

and simpli�es the instructions if possible. Whenever it encounters a constant addressit

checks whether this addressis contained in a known immutable region, or it is one of the

trace's constant addresses.If it is an immutable address,DynamoRIO simpli�es the origi-

nal instruction by replacing the dereferenceto the addresswith a constant value, which is

obtained by reading the content of the address. If the addressis a trace constant address,

then its content is known, and DynamoRIO simply replacesthe dereferenceof the address

with its value.
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A similar approach is taken when dealing with stack-allocated addressesthat are trace-

head constants. The di�cult y in this caseis to compute the o�set of the addressin the

stack frame. DynamoRIO usesthe layout of the instructions that correspond to the call in

order to obtain this information. During the building of traces, when the call is executed,

the constant valuesare stored. The o�set is retrieved by inspecting the instructions during

the optimization stage. Here is the expected layout of the instructions:

mov offset(ebp) -> reg
push reg
lea offset(ebp) -> reg
push reg
call set_trace_cnstant_stack _addres s

DynamoRIO detects calls to set trace constant stack addresswhile inspecting the code

during constant propagation. Then, DynamoRIO looks on the previous instructions for the

expectedpattern presented above. If the pattern is found, the o�set is obtained, and the in-

structions can be simpli�ed or eliminated. The compiler might rescheduleother instructions

in this sequenceof instructions, but using a more aggressive search that skips instructions

until it �nds the pattern, will eventually obtain the right o�set. After obtaining the o�set

and eliminating the call, the sequenceof instructions includesonly the stack manipulation

(instead of the pushinstructions).

Stack-allocated addressescan be used only in the scope in which the declarative call

was made. The way DynamoRIO keepstrack of scopes is as follows: At the beginning

of a trace the scope is set to zero. Each time an enter instruction or a \push ebp" (mov

esp ! ebp) instruction is encountered the scope is increasedby one. Whenever a leave

instruction or a pop ebp instruction is encountered the scope is decreasesby one. When

DynamoRIO detectsa call to set trace constant stack, it �lls the information regarding the

addressesin a structure used for constant propagation. The information in this structure

includes the value of address(as was stored while building the trace), the o�set from the

stack frame (as wascomputed), and the current scope. DynamoRIO only folds dereferences

of stack-allocated addressesto constants when the control is within the stack frame of their

corresponding call to set trace constant stack. Whenever an instruction that writes to the
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ebpregister is detectedall stack-allocated addressesare invalidated (i.e. cannot be usedfor

constant propagation), becausethe scope tracking is violated.

In addition to the trace-headconstant addresses,DynamoRIO provides interfacesto de-

clare addressesthat are unaliased,but their value is not constant in respect to the trace.

DynamoRIO provides the unaliased stack address(addr) API function for global mem-

ory addressesand unaliased address(addr) API function for stack-allocated addresses.

These interfacesindicate to DynamoRIO that the addressesare unaliased,and thus some

constant propagation operations can be performed. DynamoRIO treats theseaddressesin

the samemanner it treats their corresponding interfaces,in which the value is provided. An

exampleto the needfor such instrumentation is taken from Ka�e, where the stack pointer

may changeeach time the trace starts (thus, it is not a trace-headconstant). However, since

it is unaliased,it can be usedduring constant propagation to remove redundant loads.

The information regardingtrace-headconstant addresses,with known or unknown values,

can be further usedin the deadcode elimination as we describe in the next section.

5.3 Dead Code Elimination

Constant propagation producesdead code, such as from storing temporary valuesthat are

no longer needed,which is removed using dead code elimination. However, if addresses

are known to be unaliased(global memory addressesand stack-allocated addresses),more

aggressivedeadcodeelimination canbeperformed. Recallthat unaliasedaddresseswereused

in constant propagation, with or without known values. However, in deadcode elimination

we are concernedonly with the addresses.

While the information about constant global addressesis valid throughout the trace, the

information regardingstack-allocatedaddressesis valid only in the scopesthey weredeclared

at. This fact imposestwo di�culties on the deadcode elimination process.First, sincethe

trace's instructions are scannedbackward, there is no notion of the scope with respect to

the beginningof the trace. Second,the information regardingthe stack-allocation addresses

is local to the constant propagation and needsto be passedto the dead code elimination.

The way constant propagationpassesthis information is by annotating someinstructions in
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instructions Scop e CP-List action
call stac k addr(x) 0 add (x,0) to list
...

0 (x,0)
...
push adv ance curren t scop e
call stac k addr(y) 1 add (x,0) to list
...

1 (y ,1),(x,0)
...
p op decrease curren t scop e;

annotate instruction (y ,1)
...

0 (x,0)
...
last instr 0 annotate instruction (x,0)

instructions Scop e DC-List action
last instr add (x,0) to list
...

0 (x,0)
...
p op add (y ,1) to list

increases curren t scop e
...

1 (y ,1),(x,0)
...
push remo ve (y ,1) from list

decrease curren t scop e
...

0 (x,0)
...
...

Figure 5-4: The left table contains constant propagating data. The right table is dead code
elimination data.

the trace. We usethe examplein Figure 5-4 to explain this annotation process.

In the left table of Figure 5-4we show the sequenceof events in the constant propagation

process. The �rst column gives the sequenceof instructions from the beginning of the

trace. The secondone is the relative scope. The third column presents the list maintained

by constant propagation to hold the stack-allocated addresses(note that we eliminate the

actual values from this presentation). The last column shows special actions taken by the

constant propagation. The right table presents similar data, in respect to the dead code

elimination. Note however that the sequenceof instructions is backward, i.e., it starts at the

last instruction of the trace.

In order to passthe scope at the end of the trace to the deadcode elimination, constant

propagationannotatesthe last instruction in the trace with its scope. Thus, whendeadcode

elimination starts, it �rst set the current scope. In addition, it receives the set of addresses

and their associated scopesthat are valid at this point.

Whenever a leaveor a pop instruction is encountered during the constant propagation,the

instruction is marked to passthe addressesthat are constant at the previousscope. (In our

examplethis would add o�set y and scope 1.) When deadcode elimination encounters this

instruction it updatesits list. An enter instruction or a \push" (mov esp! ebp) instruction

indicates to the dead code elimination to remove the addressesof the previous scope from

the list. (In our examplethis would remove o�set y and scope 1.)
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5.4 Call-Return Matc hing

DynamoRIO performs expensive checks when a return is encountered, becausereturns are

indirect branches. If the static analysisof the trace reveals that the return matchesa call

site in the trace, the return overheadcan be eliminated. This is a very powerful optimiza-

tion, especially in DynamoRIO, as we show in the Results chapter. Though, we did not

modify its implementation from the basic DynamoRIO infrastructure, it is very bene�cial

for interpreters, becausethe tracesare long and contains many nestedfunction calls. Thus,

there are many return instructions that can be eliminated.

5.5 Av oiding Too Long Traces

On one hand, it is bene�cial to have long traces,becausewe can perform more traditional

optimizations (acrossbasic-blocks). However, when the total traces' sizeis too big to �t in

the cache, we encounter a degradationin performance,aswe will seein the Resultschapter.

There are a number of reasonsfor having longer tracesin DynamoRIO-with-LogPC than

in DynamoRIO. First, the traces in the DynamoRIO-with-LogPC represent a sequenceof

bytecodes. Each bytecodecorrespondsto a longsequenceof native instructions. For example,

if function calls are included in the bytecode implementation, they are inlined in the trace,

expandingits length. In addition, traces include the inlined interpretive overhead(which is

eliminated by the traditional optimization techniques).

The secondmain reasonis that native loopsare alsoinlined in the trace. This happensif

onebytecode in the trace is implemented with a for or a while instruction. Then the trace's

length might grow substantially . The loop is unrolled in the trace, and for each optional exit,

DynamoRIO createsan exit stub. Theseexit stubs have low potential to be taken, however

they occupy largespacein the trace. An exampleof an unrolled loop is the lookup for a �eld

in a table. If the lookup is implemented by scanningthe elements of the table until reaching

the required �eld, the whole loop would be inlined.

There are two ways to avoid the problem of too long traces. The �rst, is to restrict the

length of the traces to a maximum number of basic-blocks, using a runtime option. This
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solution is easy to implement and use. However, choosing the best maximum number of

basic-blocks is not trivial, especially becausebasic-blocks might have di�erent sizes. We

experimented with the choice of maximum basic-blocks in a trace. When the maximum

of basic-blocks was too small, there was no pro�t from building, optimizing, and caching

traces. At somenumber, we got the best results. Increasing the number of basic-blocks

further degradesthe performance.

The secondway to avoid unrolled native loopsis to instrument the interpreter, such that

it would not inline functions with loops. This information can be provided to DynamoRIO

using the instrumentation: set call no inline(func addr) . This indicates DynamoRIO

not to inline the function at addressfunc addr. In TinyVM we identi�ed pop, makearray,

dump val, popargs, decr refs as functions that contain loops, and instructed DynamoRIO-

with-LogPC not to inline them. By doing so,we substantially improved performance.In the

Results chapter we seethat by not-inlining only two functions in Ka�e, we could speedup

performanceby more than 30%comparedto the run without it (seeTable 6.4).

The drawback of this method, is the di�cult y of identifying these functions, as there

may be many functions with loops (especially in large interpreters such as Ka�e). Also, by

not-inlining many of them, we do not take advantage of caching and optimizing this code.

This problem is one of the major open problems in DynamoRIO-with-LogPC. We further

discussthis problem and present possible�xes to it in the Summary chapter.

5.6 Functional Memorization

The functional memorization optimization technique is basedon the classicalconcept of

partial evaluation, as described in section 2.2. DynamoRIO-with-LogPC inlines calls to

functions, and these inlined functions may later be a part of traces. Someof the inlined

functions are called with the sameparameterseach time the trace is executedand result in

the samereturned value. We can take advantage of this behavior by storing the returned

values and carefully replacing function calls with these values. This saves both time and

space.Time is saved becausewe do not perform the function call; and spaceis saved because

we reducethe sizeof traces (although this could also be done by not inlining the function
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call). Here are the conditions that must be satis�ed so that we can perform functional

memorizationon a function:

1. The function's parametersshould be constants with respect to the trace.

2. The returned value should be the samefor each execution of the function with the

sameparameters.

3. The function should not have side e�ects, such as memory changesor system calls.

This is important becausethe function call will be removed; thus, this changeswould

not be able to be performed.

DynamoRIO provides the interpreter writer with a part eval func(return value) in-

terface to identify functions for functional memorization. The return value is the value

returned from the function. This instrumentation should immediately follow the function

call.

We demonstratethis instrumentation basedon Ka�e: We identi�ed the function

Field* lookupClassField(class,poolInfo, isStatic, errorInfo) as a good candidate for func-

tional memorization. This function is called from each of the bytecodes that deal with

static and non-static �elds (i.e., get�eld, getstatic, put�eld, putstatic). The function's pa-

rametersdependon the class(classand constant pool information), which in turn dependon

the method, and on the bytecode that is executed(isStatic). Sincethe bytecode is inlined,

and the method is part of the trace's tag, this information is trace-headconstant address.

Because,the method is the sameeach time the trace is run, this function results in the same

�eld pointer each time. Moreover, this function performs a search without changing any of

the program's structures or addresses.Thus, it satis�es all of the conditions required for it

to be functionally memorized. The part of the code that includes the instrumentation of

this function is:

field = lookupClassField(class,W ORD2UTF(pool-> data [NAMEANDTYPE_NAME(ni, pool)]),
isStatic, einfo);

part_eval_func((int)fiel d);

In order to perform the replacement correctly, DynamoRIO requires that the function

would be de�ned as \not to be inlined," as described in section5.5. For the exampleabove
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we instrumented Ka�e by adding the following annotation into its main function:

set_call_no_inline(&look upClassFiel d);

The not-inlining instrumentation allows us to identify calls during functional memoriza-

tion and to replacethem with an equivalent constant. For performing functional memoriza-

tion it is essential that the function would be declaredas\not to be inlined." Otherwise,the

boundary of the function's body could not be distinguished, and thus, the function could

not be removed.

The way functional memorization is implemented in DynamoRIO is as follows: While

building traces,DynamoRIO storesthe returned values(when processingthe part eval func

calls). After recording traces (during the optimization stage) these traces are inspected.

When a part eval func call is encountered, DynamoRIO looks for its precedingcall instruc-

tion. This call is assumedto be the function's call. Basedon x86 calling convention the

returned value residesin the eax register. Thus, we replace the call to the function with

an instruction that moves the constant value to the eax register. DynamoRIO is unable

to remove the push and pop instructions that deal with the functions' parameters,because

there may be di�erent number of parametersfor thesefunctions. Yet, it cleansthe call to

part eval func, so it would not be executedagain. Figure 5-5 givesthe sequenceof instruc-

tions that includesthe instrumentation beforeand after the functional memorization.

Note, that our optimizations are not capableto track trace-headconstants through func-

tion calls (becausethe useof registersfor the calling convention). Thus, even with enough

annotationsof the immutable regionsand trace-headconstants, the current techniqueswould

not succeedremoving the inlined loop.

5.7 Discussion

In this chapter wepresented variousoptimization techniquesthat canbeappliedto generated

traces. We described the annotations required and demonstratedtheir usein the context of

TinyVM and Ka�e.
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before functional memorization:
push args
call lookupClassField
pop args
...
push return_value
call part_eval_func
pop return_value

after functional memorization:
push args
mov return_value->eax
pop args

...

Figure 5-5: The sequenceof instructions, including the functional memorization instrumentation,
beforeand after functional memorization.

In the �rst four sectionswe described \traditional" techniques, with the appropriate

modi�cations and extensionsso they better suit interpreted programs. In the �rst section

we described the notion of \imm utable regions." For our purpose,we presented the concept

of trace-headconstant addresses.Theseaddressescanbefoldedto constants during constant-

propagation. Wealsoexplainedthe way the valuesareretrievedfor both globaladdressesand

stack-allocatedaddresses.Section5.2describedconstant-propagation. It provided a detailed

explanation of handling immutable addresses,and in particular stack-allocated addresses.

That section also introduced the instrumentations of unaliasedaddresses(both global and

stack-allocated), and explainedtheir usein constant-propagation.

Both the immutable addressesand the unaliasedaddressescanalsobeusedin dead-code-

elimination, asdescribed in section5.3. Wealsodescribed the designof the interfacebetween

constant-propagation and dead-code-elimination to passthis information. Section5.4brie
y

described call-return-matching technique, as it was previously usedin DynamoRIO and did

not needany modi�cations to better �t it to interpreters.

While the traditional optimizations successfullyremove the interpreter dispatch loop,

the resulting traces may still be too long, as demonstratedin the Results chapter. Thus,

in section 5.5 we showed techniquesthat avoid too long traces. We gave one solution that
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truncates the long trace in a \brute-force" way, basedon the number of basic-blocks in the

trace. Another solution that we presented eliminatesinlining of unrolled native loopsby not

inlining the function that contains the loop. We discussedthe pros and consof each of these

solutions and concludethat neither is perfect.

In section5.6 we provided the functional memorization technique. It was motivated by

the not-inline solution usedto shorten traces. We noticed that many functions, especially

for search and lookup, would be called from the trace with the sameparameters(which

are a function of the trace tag), and would result in the samevalue, each time it is called,

without changing any other memory address. These functions usually contain loops, and

thus, by performing functional memorizationon them, we reducethe trace length, and saves

executiontime.

Next chapter givesresultsof usingDynamoRIO-with-LogPC, and shows the e�ciency of

the optimization techniquesdiscussedhere.
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Chapter 6

Exp erimen tal Results

In this chapter wepresent resultsof di�erent teststhat measurethe e�ciency of DynamoRIO-

with-LogPC. We experiment with both TinyVM and Ka�e VMs. Our results show that the

DynamoRIO-with-LogPC and optimizations can improve performanceof interpreters and

VMs.

The following is a list of the benchmarks usedfor TinyVM and their experimental pa-

rameters:

�b2 ref This program �nds all the Fibonaccinumbersup to a given number. In the exper-

iments we used36 as this number.

�b2 This program generatesthe Fibonacci numbers up to a given number repeatedly (in

a loop). In our experiments we used40 as the upper number for the Fibonacci and

600,000as the number of loops.

bubble This program performsa bubble search in an array of a given size,set to the worse

casecon�guration. In our experiments we usedan array sizeof 4000.

sieve2 This programcalculatesthe sieve of Eratosthenes,i.e. �nding all the prime numbers

smaller than a given number. In our tests we used5,000,000as this number.

sieve loop This program executesthe Sieve of Eratosthenes,a given number of times (in

a loop). In our tests we used1000for the number of executionsof the sieve, and 1000

for the sieve upper limit number.
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matrix, matrix2 - Theseprogramsexecutematrix multiplication of two squarematrices.

The multiplication is performeda number of times. In matrix the sizeof each matrix

is 100x100and the number of executionsis 2. In matrix2 the sizeof each matrix is

24x24and the number of executionsis 1000.

For Ka�e we used three of the SpecJVM98 benchmarks [46]: compress,db and mpeg,

with a problem sizeof 100. We emphasizethat the results reported hereare not comparable

with a SpecJVM98 metric.

We ran our tests on a Pentium-3 i868 machine, using Linux kernel, version #1 release

2.4.7-10,with no other load. In all tests with DynamoRIO and DynamoRIO-with-LogPC

we useda hot threshold of 50.

This chapter beginswith a summaryof the performanceresultsfor TinyVM andKa�e, for

DynamoRIO, DynamoRIO-with-LogPC, and DynamoRIO-with-LogPC and optimizations in

section6.1. We present the overall performancein comparisonto the native executionof the

program. Then, we investigate theseresults in di�erent aspects. Section6.2 focuseson the

di�erences between DynamoRIO and DynamoRIO-with-LogPC. We comparethem in two

aspects: trace utilization, and trace length; and we explain why DynamoRIO performs so

poorly on interpreters.

In section 6.3 we examine the optimizations used, and investigate each one of them.

We �rst look at the traditional optimization techniques (i.e. constant-propagation, dead-

code-elimination and call-return-matching). We investigate the behavior of the TinyVM

benchmarks in terms of the performanceand the trace length. We show that the best

performances(improvement of 38% on average)are due to the useof all of the traditional

optimizations together,and that the total traces'sizeis shortenedby an averageof 66%using

theseoptimizations. While thesetechniques improve performance,they do not su�cien tly

reducetrace size. Thus, we further investigate the long traces generatedby DynamoRIO-

with-LogPC. We analyze the e�ects of using trace reduction methods by comparing the

di�erent methods in traceslength, cachemissesand overall performance.Thesetestscon�rm

our assumption that too long traces harm performance,and that by reducing traces' size

we can substantially improve performance.The last part of section6.3, presents the results
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Figure 6-1: Performancein three con�gurations, normalized against native execution, for TinyVM
benchmarks. The con�gurations are: DynamoRIO with optimization (DynOpt), DynamoRIO-
with-LogPC (DynLog), and DynamoRIO-with-LogPC and optimizations (DynLogOpt).

for the functional memorization optimization technique in Ka�e, and shows that it further

improvesperformancesby 30-50%.Finally, section6.4 summarizesthe experimental results

of this thesis.

6.1 Performance Summary

Figure 6-1 displays the performance(native run time divided by DynamoRIO's run time) on

TinyVM benchmarks(describedabove), of the DynamoRIO with optimizations, DynamoRIO-

with-LogPC, and DynamoRIO-with-LogPC with optimizations. Theseresults are normal-

ized against the execution time of the native programs. The optimization techniquesused

with both DynamoRIO and DynamoRIO-with-LogPC are the traditional ones (constant-

propagation, dead-code-elimination and call-return-matching). In addition, DynamoRIO-

with-LogPC also does not inline the pop function, as an unrolled loop avoidancemethod.

We note that for TinyVM, functional memorization was not used,sinceneither of its func-

tions satis�es the requirements for applying functional memorization.
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Figure 6-2: Running times in three con�gurations, normalized against native execution, for
Ka�e. The con�gurations are: DynamoRIO (Dyn), DynamoRIO-with-LogPC (DynLog), and
DynamoRIO-with-LogPC and optimizations (DynLogOpt).

From the graph we seethat DynamoRIO is slower by up to 20% than the native run.

Using DynamoRIO-with-LogPC improvesthe performanceby creating long tracesthat cor-

respond to frequent sequencesof code in the high-level program (the interpreted program).

We canseethat DynamoRIO-with-LogPC achieves20-30%speedupin most cases.However,

in two of the benchmarks (bubble and sieve-loop) the results are only closeto the native

ones.One explanation for this is that DynamoRIO-with-LogPC createstoo long tracesthat

harm its performance,as we explainedin section5.5.

The results for DynamoRIO-with-LogPC and optimizations substantially improve the

performanceof all the benchmarks. It outperforms the native executionwith a speedupof

30-90%(where a pseedupof 100%would be half the executin time). The performanceof

DynamoRIO-with-LogPC can be further improved, by not-inlining additional functions, as

demonstratedon sieve-loop in section6.3.2.

A similar behavior can be seenin Figure 6-2 for SpecJVM98 benchmarks, running on

Ka�e. This Figure showsthat DynamoRIO-with-LogPC (without optimizations) is slower by
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Figure 6-3: Running times in two con�gurations, normalized against native execution, for
Ocaml. The con�gurations are:DynamoRIO-with-LogPC without optimization (DynLog), and
DynamoRIO-with-LogPC and optimizations (DynLogOpt).

a factor of 1.4-2.5than the native run-time. This happensdue to the extremely long traces

that are generatedin Ka�e. DynamoRIO-with-LogPC and optimizations usesthe follow-

ing optimizations: the traditional optimization techniques, and 'not-inline' and functional

memorization on the lookupClassFieldand �ndMethodLocal functions. Applying optimiza-

tions improvesthe performanceof DynamoRIO-with-LogPC and presents a speedupof 1.5-2

in comparisonwith the native run times. In fact, optimizations reduceDynamoRIO-with-

LogPC run times to lessthan half, and in the mpeg caseeven to lessthan a quarter. These

improvements show that even whenthe performancesof DynamoRIO-with-LogPC are poor,

applying the right optimization techniques can still substantially shorten the run time of

programs.

In addition to Ka�e and TinyVM interpreters, we also experimented with Ocaml inter-

preter. Figure 6-3 shows the performanceof thesetests. The results are consistent with the

onesobtain from TinyVM and Ka�e. While DynamoRIO-with-LogPC and no optimizations

is slower than the native in somecases,the performanceof DynamoRIO-with-LogPC and
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DynamoRIO DynamoRIO-with-LogPC
trace size % in Exit size % in Exit

trace stub# %of trace %time trace stub# %of trace %time
1 956 17.5 1 21.8 94.3 13884 48.6 34 14.6 1.3

10 98.5 5.7 242 100 98.7
2 745 16.5 5 71.3 19.9 26163 24.4 347 100 100

8 98 80.1
3 1279 6.1 7 47.6 1.4 52582 13.6 161 23.3 93

16 99.1 98.6 492 70.5 3.3
700 100 3.7

4 1219 6.1 15 99 100 7479 6.2 97 100 100

Table 6.1: Hottest traces' exit statistics and sizes,for Sieve2 benchmark on TinyVM using Dy-
namoRIO and DynamoRIO-with-LogPC.

optimizations is by far better than the native run time.

6.2 Comparison between DynamoRIO-with-LogPC and

DynamoRIO

In this section we discussthe results of DynamoRIO-with-LogPC without optimization,

in comparisonwith the onesof the DynamoRIO. The two main problems that causeDy-

namoRIO to be slow with interpreters are that its tracesare short and that the traces are

poorly utilized. In this sectionwe demonstratethis behavior using the sieve2 benchmark.

6.2.1 Trace Utilization

In Table 6.1 we present the four hottest tracesand their sizesand exit statistics, when exe-

cuting the sieve2benchmark on TinyVM using DynamoRIO and DynamoRIO-with-LogPC.

We seethat for DynamoRIO the hottest trace, which corresponds to the interpreter's dis-

patch loop, is executed17.5%of the program run time. Moreover, 94.3%of the times, the

program exits the trace on its �rst exit (executing only 21.8%of the trace). This exit stub

correspondsto the switch instruction in the interpreter program, which is an indirect jump.

As weexplainedin chapter 3 an indirect jump is a time consumingoperation in DynamoRIO.

This indirect jump is requiredsincethe programtakesdi�erent paths when it exits the trace
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DynamoRIO DynamoRIO-with-LogPC
benchmark number mean max min total number mean max min total
�b2 38 330 1551 57 12564 3 22153 43859 1739 66458
�b ref 22 514 1386 49 11321 6 3564 4705 1050 21383
bubble 68 302 1270 49 20600 5 27727 51905 5784 138634
matrix2 112 233 1020 52 26141 17 25144 52742 5066 427441
matrix 113 233 1020 52 26424 17 25158 44987 8950 427694
sieve2 70 316 1270 55 22117 6 16717 47452 372 100302
sieve-loop 114 259 1136 49 29488 11 133490 902130 372 1468393

Table 6.2: Trace characteristics for DynamoRIO vs. DynamoRIO-with-LogPC (no optimizations)
on TinyVM's benchmarks. The �rst column gives the number of traces; columns 2,3,4 show the
mean, max and min length of traces, respectively (in bytes); last column gives the total memory
spacefor all traces (in bytes).

at this exit stub.

For DynamoRIO-with-LogPC tracesare better utilized than in the DynamoRIO's case.

For example, the two hottest traces are almost always completely used. Moreover, these

tracesare also longer than in the DynamoRIO case.

6.2.2 Trace Length

Table6.2presents tracescharacteristicsfor DynamoRIO and DynamoRIO-with-LogPC with-

out optimization. The leftmost column is the benchmark name. For each of con�guration,

the �rst column gives the number of traces; columns 2,3,4 are the mean, maximum and

minimum length of the traces(in bytes); and the last column givesthe total memory space

for all traces(in bytes). From the table we can seethat in DynamoRIO we have many short

traces,while in DynamoRIO-with-LogPC we have a smallernumber of relatively long traces.

Note that the basic-blocks' characteristicsarethe samefor DynamoRIO andDynamoRIO-

with-LogPC, becausethe basic-block infrastructure is the same.The only basic-blocks that

di�er are thosethat contain logical CTIs.

6.2.3 Discussion

The qualitativ e results,described in this sectionfor the sieve2benchmarks are similar to the

onesfor other benchmarks on TinyVM and Ka�e. As we anticipated, DynamoRIO-with-
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LogPC generateslong tracesthat arewell utilized. However, sometracesget extremely long,

especially when they include native loops. In Ka�e benchmarks, for example,we get huge

traces. The total memory spacefor the traces (after applying traditional optimizations) is

large: 1.24Mb, 3.83Mb, 1.71Mb for the compress,mpeg, and db benchmarks, respectively.

Two factorscontribute to theseresults: Ka�e is a morecomplexVM than TinyVM, and the

SpecJVM98 benchmarks are longer programsthan TinyVM's benchmarks.

On onehand, it is bene�cial to have frequently accessedlong traces. On the other hand,

when the total trace size is too large to �t in the cache, the benchmark execution time of

DynamoRIO-with-LogPC is even longer than their executiontime under DynamoRIO. This

degradingperformancecan be seenin Figure 6-2 when running DynamoRIO-with-LogPC

on Ka�e. However, as we discussedin chapter 5, an additional advantage of the traces

generatedin DynamoRIO-with-LogPC is that they can be optimized. Thus, in the next

section we present di�erent optimization techniques and their impact on both execution

time and memory spacerequired.

6.3 DynamoRIO-with-LogPC and Optimizations

In this sectionwe demonstratethe e�ects of the di�erent optimization techniques,presented

in chapter 5. The �rst subsectiondealswith traditional optimizations: constant-propagation,

dead-code-elimination, and call-return-matching. The secondsubsectioninvestigates the

behavior of two optimization techniquesthat prevent generationof long traces: \max basic

blocks" and \not-inline." We show memory characteristics that demonstratethe e�ciency

of thesetechniques. In the third subsectionwe show the results of implementing functional

memorizationon Ka�e.

6.3.1 Traditional Optimization Techniques

This subsectionanalyzesthe contribution of each of the traditional optimization techniques,

and investigatesthe behavior of DynamoRIO-with-LogPC with theseoptimizations.

Figure 6-4 presents the breakdown of the contribution of each optimization technique,
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Figure 6-4: Contributions of separateoptimizations, normalized against native execution. The
con�gurations for DynamoRIO-with-LogPC are with: no optimizations (no opt), constant-
propagation (const-prop), dead-code-elimination (dead-code), call-return-matching (call-ret),
constant-propagation and dead-code-elimination (const-dead),and �nally all of theseoptimizations
together (all).

normalized to the native execution time. We seethat each of the constant-propagation,

dead-code-elimination and call-return-matching by itself doesnot necessaryimprove perfor-

mance. Call-return-matching is the optimization technique that most signi�cantly improves

performancewhen running alone. Although this characterization is program dependent, in

all programsthe most substantial improvement is from using all of the optimizations.

There areseveral reasonsfor this improvement. Each optimization improvesperformance

at the low level (instruction level): Constant-propagation removes unnecessarymemory

loads,dead-code-elimination removesunnecessarymemory stores,and call-return-matching

removesunnecessaryindirect lookup.

At the high level (trace level), the combined optimizations remove the interpretive over-

head (including the switch lookup), and thus reducetrace size. It turns out that reducing

traces' sizesubstantially improvesexecutiontime. Table 6.3 shows the trace characteristics

for DynamoRIO-with-LogPC with traditional optimization, for each of the TinyVM bench-
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benchmark # mean max min total size performance
(Kb) (Kb) (Kb) (Kb) improv.(%) improv.(%)

�b2 3 7.056 13.89 0.6 21.17 68 49
�b ref 6 1.115 1.45 0.44 6.69 69 42
bubble 5 9.062 16.95 1.84 45.31 67 46
matrix2 17 8.172 16.96 1.58 138.92 68 37
matrix 17 8.926 17.69 2.86 151.74 65 31
sieve2 6 5.432 15.3 0.17 32.59 68 42
sieve-loop 11 59.467 394.82 0.17 654.14 55 18

Table 6.3: Trace characteristics for DynamoRIO-with-LogPC with traditional optimizations only,
on TinyVM benchmarks. The �rst column is the benchmark's name; secondcolumn is the number
of traces; columns 3,4,5 are the mean, max and min of the traces, respectively; column 6 is the
total memory spacefor all traces; columns7 and 8 are the improvements in the total memory space
required and in the performance achieved, respectively. These improvements are one minus the
division of the results from DynamoRIO-with-LogPC with traditional optimizations by those from
the DynamoRIO-with-LogPC with no optimizations case.

marks. The last two columns present the improvements (in percentage) in the total space

required for tracesand performance,in comparisonwith the DynamoRIO-with-LogPC with

no optimizations, respectively. We seethat the optimizations reducedmemory spacefor

traces by 66% on averageand improve performanceby 41% on average(on all the bench-

marks other than the sieve-loop whereperfromanceimproved by only 18%).

Although thesetraditional optimizations reducetraces' length, sometracesare still very

long. In the next subsectionwe investigate this issueand measurememory characteristics,

in order to show that it harms performance.

6.3.2 Av oiding to o Long Traces

As discussedin section6.2.2,DynamoRIO-with-LogPC might createextremely long traces,

which might harm performance. One of the major reasonsfor having long traces is the

native unrolled loops. We used the \max basic blocks" and \not-inline" techniques (de-

scribed in section 5.5) to avoid such loops in traces. Figure 6-5 presents, on a logarithmic

scale,the total traces' sizefor the TinyVM Benchmarks, with the following con�gurations:

DynamoRIO-with-LogPC without optimization (DynLog), with trace reduction optimiza-

tions only (DynLogRed), with traditional optimizations only (DynLogOpt), and with all
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Figure 6-5: Total trace sizesof DynamoRIO-with-LogPC for the TinyVM benchmarks. We com-
pare four di�eren t con�gurations of DynamoRIO-with-LogPC: with traditional optimizations and
trace reduction (DynLogRed), only with traditional optimizations (DynLogOpt), only with trace
reduction (DynLogRed), and without any optimizations (DynLog). Note that the y axis is with a
logarithmic scale.

optimizations together (DynLogOptRed). The main point of this graph is that the sizesof

total traces createdby DynamoRIO-with-LogPC can be substantially reducedwhen using

the optimization techniques. In this section we examine the traces created and memory

usage.We alsomeasurethe e�ciency of each of the trace reduction solutions, in both total

trace sizeand performance.

Table 6.4 demonstratesthe trace reduction methods for the sieve-loop in TinyVM. The

table gives running time and lengths of the two longest traces. (Other traces are an order

of magnitude shorter and therefore we ignore them.) In addition, it shows the number of

cache missesfor L1 and L2 cache. Thesenumberswereobtained by using PAPI [40]. In our

system,L1 cache contains 8KB for data cache and 8KB of instruction cache. The L2 cache's

sizeis 256KB.

The �rst row in Table 6.4 presents the results of a run of DynamoRIO-with-LogPC and
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Time (sec) Trace1(Kb) Trace2(Kb) L1 miscaches L2 miscaches
With native loops 13.84 206.41 394.82 7,099,507 5,851,072
Trace size< 1000BB 10.35 47.51 33.15 2,191,292 986,356
Pop not inlined 11.3 203.88 0.40 4,424,834 3,268,424
All not inlined 10.31 8.24 0.40 1,678,004 524,205

Table 6.4: DynamoRIO-with-LogPC and traditional optimizations, sieve-loop, avoiding too long
traces. Traces' length, execution time and cache missesfor di�eren t con�gurations.

optimizations (without any of the unrolled-loop avoidancetechniques). The secondrow gives

results from a similar run, in which tracesare con�ned to be shorter than 1000basic-blocks.

(In our examplesthe performancewassimilar for a rangeof 500-1000maximum basic-blocks

in a trace). The third row gives the results without inlining the pop function of TinyVM.

And the last row of the table shows resultswhenwe did not inline all the identi�ed TinyVM

functions that contain loops.

From the table we seethat constraining the maximum basic-blocks in a trace shorten

traces by an order of magnitude, and also improved performanceby 25%. This supports

the idea that too long traces harm performnaces. The not-inlining of the pop function

substantially shortenedone trace, and improved performanceby 18%. And not inlining all

the functions with loopsled to shorter tracesthan with the max basic-blocks, and improved

performanceeven further.

From the miscache analysis we seethat there is a direct correlation between the sizes

of the traces, the cache misses,and the performancetime. Too long traces causea higher

number of cache misses,which increasethe executiontime. This is true in general,but it is

more evident in caseswherea trace is as big as the total cache size(such as the long traces

in the sieve-loop example).

Table 6.5 presents trace characteristics for all TinyVM's benchmarks with traditional

optimizations and not-inlining the pop function. On averagethis reducesmemory space

required for all traces by 79% (compareto 66% on averagefor the results of DynamoRIO-

with-LogPC and traditional optimizations only). However, only the performanceof sieve-

loop wasimproved from not inlining the pop function. Moreover, from a detailed inspection1

1In sieve-loop, for example,using traditional optimizations in Table 6.3 the maximum trace is 394.82Kb,
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benchmark # mean max min total size performance
(Kb) (Kb) (Kb) (Kb) improv.(%) improv.(%)

�b2 3 5.433 10.60 0.43 16.3 75 44
�b ref 6 1.09 1.45 0.36 6.54 69 41
bubble 5 6.698 12.48 1.49 33.49 76 36
matrix2 17 5.985 12.38 1.40 101.74 72 31
matrix 17 7.032 15.59 2.19 119.55 76 26
sieve2 6 4.092 11.5 0.17 24.55 83 37
sieve-loop 11 22.234 203.88 0.17 244.57 79 31

Table 6.5: Trace characteristics for DynamoRIO-with-LogPC with traditional optimizations and
\not-inline" the pop function, on TinyVM benchmarks. The �rst column is the benchmark name;
secondcolumn is the number of traces; columns 3,4,5 are the mean, max and min of the traces,
respectively; column 6 is the total memory spacefor all traces; columns 7 and 8 are the improve-
ments in the total memory spacerequired and in the performanceachieved, respectively. These
improvements are one minus the division of the results from DynamoRIO-with-LogPC with tradi-
tional optimizations and \not-inline" the pop function by those from the DynamoRIO-with-LogPC
with no optimizations case.

we saw that the not-inlining reducedthe total memoryspacefor tracesmainly by shortening

the long traces.

Table 6.6 presents the total memory usageof traces for SpecJVM98 benchmarks under

Ka�e. The table displays the DynamoRIO-with-LogPC and traditional optimizations, with

and without not-inlining as the method for avoiding unrolled native loops. The functions

we did not inline are lookupClassFieldand �ndMethodLocal. We alsousethesefunctions for

functional memorization optimization, as shown in the next subsection.The results in this

table support the resultsof Table 6.4. The total sizeof memory usagewhennot-inlining the

functions is on average64%shorter than when inlining thesefunctions.

From the resultsof Tables6.4and6.6weseethat too long tracesharm performance.Both

\max basicblocks" and \not-inline" can be usedto prevent too long tracesfrom occurring;

and therefore they improve the performanceof DynamoRIO-with-LogPC. The advantage

of constraining the number of basic-blocks is that it is simple and therefore can be easily

implemented for any VM. However, it is lesselegant than the not-inlining method.

and the total traces spaceis 654.14Kb. In Table 6.5, after adding not-inlining of the pop function, the total
size is 244.57Kb. From Table 6.4, we seethat not-inlining the pop function reducesthe length of Trace2
by 394.42Kb from 394.82Kb to 0.4Kb. This improvement causesmost of the di�erence for the total traces
space.
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benchmark without \not-inline" with \not-inline" size performance
optimization (Kb) optimization (Kb) improv. (%) improv. (%)

compress 1,242.5 801.7 64.5 35
mpeg 3,833.8 2,147.2 56 58
db 1,746.5 1,150.3 65.9 11

Table 6.6: Total memory spacerequired for traces, for DynamoRIO-with-LogPC and traditional
optimizations, with and without not-inline optimization. The last two columns present the total
memory spaceand performancefrom without 'not-inline' to with 'not-inline' (in %), respectively.
Theseimprovments are one minus the division of the with 'not-inline' results by the onesfrom the
wihtou 'not-inline'.

We attribute the fact that not-inlining harmed the performanceof someof the TinyVM

benchmarks to the fact that TinyVM and its benchmarks are "to y examples."Thus, we sus-

pect that, for real interpretersand programs,not-inlining of native loopsshouldbe bene�cial

(as demonstratedby Ka�e's benchmarks).

6.3.3 Functional Memorization

We used functional memorization technique in Ka�e, in addition to the not-inline instru-

mentations. As described in section5.6, this technique reducestrace length, and savestime

by eliminating part of the executioncode.

In Figure 6-6 we present the execution time with functional memorization, when possi-

ble, for the DynamoRIO-with-LogPC with and without not-inline instrumentations. Using

part eval improvesperformanceby 30-50%,despitethe fact that total traces' length for this

caseis almost identical to the length in the caseof \not-inline", asshown in Table 6.6.

6.4 Discussion

In this chapter wepresented experimental resultsfrom Ka�e and TinyVM for both execution

time and memory usage(trace length). The two chosenVMs are very di�erent in their

functionality. TinyVM is a simplestack VM; andKa�e is usedfor a dynamic language(Java),

and thus includesmore dynamic overhead(such asmethod dispatch upon invocation, array

check etc). We show performanceimprovements for both small programs as the TinyVM
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Figure 6-6: Running Times of DynamoRIO-with-LogPC and traditional optimizations, with and
without not-inline optimization, and with part-eval optimization, normalized against native Exe-
cution.

benchmarks,wherenativeexecutiontimesarelessthan a minute, and for very largeprograms

as the Ka�e benchmarks, wherenative executiontimes are tens of minutes.

We started with presenting results of using DynamoRIO-with-LogPC without optimiza-

tions. From theseresults,we saw that the DynamoRIO-with LogPC generates,aswe hoped,

long traceswhich are heavily utilized.

We then demonstrated the performanceimprovement obtained by using optimization

techniques. From experimenting with traditional optimizations, we learnedthat each oneof

the traditional optimizations techniquesmight slow the program run time; however, using

all of them together improvesperformanceof DynamoRIO-with-LogPC.

We discover that the generationof too long tracesis a main problem in the DynamoRIO-

with-LogPC (especially on the Ka�e VM). Therefore,we supplied two possiblesolutions to

solve this problem,and demonstratedtheir e�ciency . Weemphasizethat the objectiveof the

solutionspresented herewasmainly to show that shorteningof hugetracescan be doneand

it substantially improvesperformance.We considerpossibilities to improve performanceof

the DynamoRIO-with-LogPC by shorteningtracesasa main research direction in the future
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(we shortly discussthis in the Summary chapter).

We have also shown that the use of functional memorization (in Ka�e) reducestrace

length and savestime by eliminating part of the executioncode.

The techniques described in this thesis are implemented by adding simple instrumen-

tations to the interpreter. Theseinstrumentations require a minimal understandingof the

interpreter's design. Unlike JITs, they do not require changing the code or adding new

code, both of which complicatethe original program. Admittedly , JITs are better suited for

dynamic languages,but they areplatform and VM dependent. However, sinceDynamoRIO-

with-LogPC is basedon the DynamoRIO infrastructure, it controls all the program execu-

tion; and, thus allows for implementing many optimizations that are usedby JITs, such as

register-allocation.

Finally, we saw that DynamoRIO-with-LogPC obtained on averagea speedupof 55%on

TinyVM's benchmarks and of 70%on Ka�e running someSpecJVM98 benchmarks. Based

on theseresults we claim that there is high potential to dynamically optimize interpreters

using DynamoRIO-with-LogPC.
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Chapter 7

Summary

7.1 Thesis Overview

In this thesis,we provided a proof-of-conceptfor applying dynamic optimization in software

for interpreters and VMs. We presented DynamoRIO-with-LogPC, which is basedon the

DynamoRIO infrastructure, as the dynamic optimizer. The experimental results showed

that this technique improvesthe performanceof the two interpreters investigated: TinyVM

and Ka�e.

Chapter 1 introducesthe notions of compilersand interpreters and explains why inter-

preters are typically slower than compiled programs. It also presents this thesis' objectives

and outlines the road map to achieve them. In chapter 2 we surveyed di�erent approachesto

improve interpreters' performance. We presented an overview of run-time code generation,

dynamic compilation, JITs and other techniques. One additional optimization technique is

dynamic optimization. It di�ers from the previoustechniques,asit optimizesthe executable

code during runtime, rather than compiling or translating the code. Therefore, chapter 3

discussedthe dynamic optimization technique, and gave an overview of DynamoRIO as the

dynamic optimizer that we use. DynamoRIO identi�es and collectstraces,which are native

sequencesof frequently executedcode, during runtime. Then it optimizes thesetraces,and

emits them to the cache. This processimproves the performanceof dynamic applications;

however, it is not e�ective for interpreters and VMs, becauseit generatestraces for the
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interpreters rather than for the applications (the interpreted programs). These traces are

typically short and not well utilized.

In chapter 4, we explainedhow to modify DynamoRIO such that it would support opti-

mization of interpretersand VMs. WedesignedDynamoRIO-with-LogPC to target the inter-

preted application instead of the interpreter. The useof DynamoRIO-with-LogPC requires

simpleannotationsto the interpreters. Theseannotationsprovide DynamoRIO-with-LogPC

with information regarding the high-level (interpreted) program's representation. Thus,

DynamoRIO-with-LogPC createstraces that correspond to frequently usedcode sequences

in the application. Thesetraces are longer and better utilized than the onesgeneratedby

DynamoRIO.

In chapter 5, we expandedthe optimization capability of DynamoRIO-with-LogPC. We

outlined three classesof optimizations: \traditional" (used by DynamoRIO), avoiding too

long traces, and functional memorization. Someof these optimizations may bene�t from

adding optional annotations to the interpreters. The �rst class is enhancing the tradi-

tional optimization techniques: call-return-matching, dead-code-elimination, and constant-

propagation. To improve the e�ciency of constant-propagation and dead-code-elimination

we used immutable regions and newly de�ned trace-headconstants (for both global and

stack-allocated addresses).

For the secondclasswe �rst explained the need to avoid too long traces. Then, we

proposed two techniques to shorten traces. The �rst one is to constrain the number of

basic-blocks in a trace to be smallerthan a given maximum. However, neither oneof them is

perfect. The third class,functional memorization,wasmotivated by the not-inline technique.

For speci�c typesof functions, we canusea moreaggressive optimization: we cancompletely

eliminate the function call and replaceit with its returned value.

In chapter 6 we presented extensive experimental results from Ka�e and TinyVM inter-

preters, for both executiontime and memory usage(trace length).

We comparedthe results of DynamoRIO-with-LogPC with and without optimizations

and of DynamoRIO to the native run time. For TinyVM, this comparisonshowed that

while DynamoRIO is typically slower than native (by 20%), the DynamoRIO-with-LogPC

is faster than the native execution time (by 20%� 30%). DynamoRIO-with-LogPC with
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optimizations is by 30%� 80%faster than the native run time. For Ka�e, DynamoRIO and

DynamoRIO-with-LogPC are slower than the native run time; however, DynamoRIO-with-

LogPC and optimizations is by an averageof 70%faster than the native run time.

Theseresults show that performanceimprovement can be obtained with DynamoRIO-

with-LogPC for both small programsas the TinyVM benchmarks, where native execution

times are less than a minute, and large programs as the SpecJVM98 benchmarks, where

native executiontimes are tens of minutes.

Finally, in the next sectionwe outline possibledirections for future research. Such exten-

sionsare required in order to further simplify the instrumentations provided in this thesis

and to further improve performanceof DynamoRIO-with-LogPC.

7.2 Future Work

DynamoRIO-with-LogPC achievesgood results. However, there is room for additional im-

provement: in the optimizations it performs, in the core implementation of the system,and

in the instrumentations it provides to the interpreter.

7.2.1 Additional Optimization Techniques

DynamoRIO-with-LogPC doesnot handle long loops within single bytecodesor functions.

These loops are unrolled and inlined in the trace, increasing its size. In this thesis we

provided two methods to avoid long traces: maximum basic-blocks and not-inline. Forcing a

trace to be shorter than a maximum number of basic-blocks losesa big portion of the trace

which could be optimized. In addition, it does not use the end of the trace, where traces

can be linked in a direct logical CTI. The secondmethod is more suitable to DynamoRIO's

approach, becauseit allows optimization to be performedon most of the trace (besidesthe

speci�c function). However, this method is not generalenough.For each VM, it requiresto

identify and annotate functions with loops. In addition, it addsan overheadto DynamoRIO-

with-LogPC, whenverifying whether a function call shouldnot be inlined. The conclusionis

that neither of thesemethods is su�cien t. We would rather have a tool that identi�es loops
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Figure 7-1: Performance comparison between DynamoRIO-with-LogPC and optimizations on
Ka�e's interpreter and Ka�e's JIT, normalized to the native execution time of Ka�e's interpreter.

in the trace and handlesthem in such a way that would keeptracesshort without \losing"

code. After identifying such loops, we can replace back-jumps of the loops with regular

jumps; Moreover, implementing this solution would violate the current assertionthat traces

have oneentry and multiple exits.

Dynamic dispatch, for example, adds a level of indirection to the method invocation.

This dynamic dispatch is represented in our systemby an indirect logical CTI. Functional

memorizationwas found to be a bene�cial tool in the optimization process.Its implementa-

tion hasthe disadvantage that it is interpreter-implementation dependent. We can annotate

function calls to be replacedby the constant return value; However, if the relevant code

doesnot residein a singlefunction, or if the function performsadditional tasks that change

memory and data structures, we cannot perform this optimization. Thus, future research is

neededto generalizethe useof functional memorization in traces.

Figure 7-1 comparesthe performanceof DynamoRIO-with-LogPC and optimizations on

the Ka�e interpreter to the Ka�e JIT's results. Although DynamoRIO-with-LogPC achieves
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a speedupof almost two in comparisonto the native run time, it is still slower than the JIT

by 10-15times. Similar resultshold for the OcamlJIT. In order to obtain better performance

on Java VMs, we should adopt someof the optimizations used in JITs. From the results

presented in [1] for the Intel JIT, we learned that the register allocation has the largest

impact on the overall performance.

Registerallocation of local variableswithin methods canbe implemented in DynamoRIO

as part of the trace optimization techniques. While this is an expensive optimization tech-

nique, a good analysisshouldproducevery good resultson Java VMs. In Ka�e for example,

the stack pointer and localspointer are read and stored for almost each bytecode. It would

be very e�cien t to allocate theseaddressesto registers. However, there is a trade-o� be-

tweenthe analysistime and the performancegain. The simplest analysis,would be to �nd

the top number of variables with the highest static referencecounts (the number corre-

sponds to the number of registersto allocate). This method is cheap, but it can allocate

only a limited number of variables, even if they have non-overlapping life ranges. More

sophisticated algorithms for register allocation are described in the literature and in JIT

implementations [1], [29] and include priorit y metrics to determine which variables to allo-

cate to registers. Copy-propagation can also be applied to reducethe number of memory

accesses.

Another issuethat needsto be addressedis the integration of DynamoRIO-with-LogPC

with various types of garbagecollection (GC), becausesome of them move live objects

to new locations in memory. For theseGCs DynamoRIO-with-LogPC needsto track these

locationsif it usesthe objectsaddressesfor constant-propagation or functional memorization,

and make it a generaloptimization tool for interpreters.

Lastly, we can use DynamoRIO-with-LogPC for stack management of the VM's stack.

It can usethe native stack instead of the VM stack. This will improve the time for loading

(storing) information from (on) the stack, which are the basicoperationsof a stack VM.
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7.2.2 Core Impro vements

There are a number of straightforward engineeringimprovements that should improve the

performanceof the system. When DynamoRIO-with-LogPC ends a trace on an indirect

logical CTI, it returns to the basic-block execution, looks up for the next Abstract PC, and

checks if it is a trace. DynamoRIO, in contrast, adds the lookup code to the trace, when

encountering an indirect branch in the trace. Thus, it can check if the target is an existing

trace in the cache, and jump to it directly, avoiding the time consumingcontext-switch. We

can adopt a similar approach in ending traces with an indirect logical CTI. An additional

improvement would be to inline (in the trace) the �rst number of trace targets, asan if-else

statement. Only if the target is not one of the inlined targets, DynamoRIO-with-LogPC

would perform a lookup.

An additional improvement can be doneto logical CTIs at the end of traceswherethere

is no linking. If the target is not a trace, we can directly jump to the right basic-block;

instead of returning to basic-blocks executionmode, and then look up the target.

DynamoRIO-with-LogPC introducedhigh overheadinto DynamoRIO, becauseit main-

tains a databasekeyed by the Abstract PC, and not just the PC; it alsoneedsto obtain and

track changesto the Abstract PC and to update the tables accordantly. In addition, we saw

that optimizations are neededto be applied to traces in order to yield good performance.

Thesetasksof monitoring and optimizing can be o�oaded to other processorsin a Symmet-

ric Multi-Pro cessing(SMP) system. Performing optimizations on a di�erent thread would

allow for more aggressive optimizations.

7.2.3 Simplifying the Instrumen tations

In this work, we rely on the interpreter annotations as a tool to communicate high-level

information to DynamoRIO-with-LogPC. The more information is provided, the more ef-

�cient is the optimization that can be performed. But adding annotations is not a trivial

task; it requiressomebasicunderstandingof the interpreter. Finding immutable regions,for

instance,can improve the resultsof the constant-propagation optimization and in somecases

it is crucial for removing the interpreter's dispatch loop overheadfrom the trace. However,
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�nding all of the immutable addressesis challenging. Declaring unaliasedaddresseshas a

similar problem. DynamoRIO could use pro�ling information by instrumenting all loads

and stores, and studying the memory behavior of the program. This would simplify the

interpreter annotation burden and would automate much of this process.

7.3 Results

Interpreters are widely used in domain-speci�c, dynamic, and scripting languages. While

their implementation is relatively simple, their performanceis poor. Optimizing interpreters

is a di�cult task, becausethe information regarding the interpreted program is not known

until the interpreter is run. Thus, replacing the interpreter implementation with a sim-

ple compiler is not feasible. Moreover, many of the languagesthat are implemented with

interpretersor VMs includedynamic featuressuch asdynamically dispatchedcalls,polymor-

phism and user-de�nedcontrol structures that make it di�cult or impossiblefor a compiler

to perform static optimizations.

E�cien t implementations of interpreters (such as JITs) require a runtime system that

would perform optimization dynamically, using program speci�cation. Thesesolutions in-

cur high engineeringcost, which in most caseso�sets the reasonsfor using the interpreted

languagein the �rst place(speedand easeof software development). Furthermore, such im-

plementations areusually language-speci�c and hardware-dependent, and arerarely portable

or reusable.Thus, the motivation for this research is the needto optimize interpreters and

VMs, without incurring the costsof developing an e�cien t implementation.

We created a single software dynamic optimizer that can be applied to di�erent inter-

preters. Our system, DynamoRIO-with-LogPC is basedon DynamoRIO's infrastructure

with the appropriate changesto �t interpreters. DynamoRIO is a dynamic optimization

tool, jointly developed at HP Labs and MIT. While it is very e�cien t in a broad rangeof ap-

plications, typical interpreter implementations foil DynamoRIO's strategy of trace collection.

In addition, DynamoRIO's low-level optimization is unable to extract su�cien t high-level

semantics of the interpreted program to perform many of the necessaryoptimizations.

We designedand implemented DynamoRIO-with-LogPC in three phases. In the �rst
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one, we modi�ed DynamoRIO such that it would target the interpreted program rather

than the interpreter. In the secondphase,we provided an interfacefor communicating high-

level application information from the interpreter to DynamoRIO-with-LogPC. In the third

phase,we implemented additional optimization techniquesin the new system.

We demonstratedthe useof DynamoRIO-with-LogPC by improving the executiontimes

of benchmarks on two very di�erent interpreters: Ka�e and TinyVM. Our experimental

results are encouraging. They suggestthat DynamoRIO-with-LogPC has a high potential

for improving performanceof interpreters in general. Using simple instrumentations that

require only a little familiarit y with the interpreter, we succeededin improving the native

run times of the interpreters by 50-90%. This provides a proof-of-concept for applying

dynamic optimization in software to interpreters. While these results are not comparable

with the onesof a hand-crafted native compiler, we believe that this system provides an

appealing point on the languageimplementation spectrum.
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App endix A

List of Instrumen tation API

In this appendix we summarizeall of the instrumentations presented in this thesis. Some

of the instrumentations are mandatory for the correctivenessof DynamoRIO-with-LogPC

(as presented in chapter 4); the others are optional, and are usedfor the trace optimization

techniques (as described in chapter 5). We represented each function by an entry that

includes: Name- The function's name; Arguments - The set of parametersthat needto be

passedto the function; Mandatory - A 
ag that indicates if the function is mandatory or

optional; Description - A description of the function's role and operation; Constraints - Any

constraints or conditions of use;and Example - An examplefor the function's use.

The functions are presented in alphabetical order and each one beginson a new page.

Table A.1 summarizesthe API functions basedon their use.

Usedfor Name Mandatory
TraceCreation dynamorio set logical pc Yes

dynamorio logical direct jump Yes
dynamorio logical indirect jump Yes

Constant Propagation dynamorio set region immutable No
Dead Code Elimination dynamorio add trace constant address No

dynamorio set trace constant stack address No
dynamorio unaliasedaddress No
dynamorio unaliasedstack address No

ReduceTraceSize dynamorio set call no inline No
Functional Memorization dynamorio part eval func No

Table A.1: Instrumentation API divided to categoriesof use.
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dynamorio add trace constan t address
Argumen t void *addr

Mandatory No

Description This function indicates to DynamoRIO-with-LogPC that addr is an

address,which its content is a constant with respect to the trace head

from which the addressis accessed(i.e., at the beginning(head) of the

trace, this addresswould have a �xed known value). This addressis

often a function of the Logical PC.

Constrain ts Trace-headconstant addressesmust not be aliased.

Example Assumingpc is a global addressand is a trace-headconstant address.

Then:

dynamorio set logical pc(pc);
dynamorio logical direct jump();
dynamorio add trace constant address(&pc);
goto loop;
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dynamorio logical direct jump
Argumen t None

Mandatory Yes

Description This function noti�es DynamoRIO-with-LogPC about a control 
o w

changein the interpreted application. It shouldbe usedin caseswhere

the control 
o w is direct. This means,that each time the control 
o w

reaches this call with a speci�c logical PC, it would go to the same

target logical PC.

Constrain ts Shouldbe placedimmediately after the dynamorio set logical pc func-

tion.

Example Assuming pc is the logical pc and that the change of control 
o w is

direct. Then:

caseJMPOP:
...
pc = arg;
dynamorio set logical pc(pc);
dynamorio logical direct jump();
goto loop;
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dynamorio logical indirect jump
Argumen t None

Mandatory Yes

Description This function noti�es DynamoRIO-with-LogPC about a control 
o w

changein the interpreted application. It shouldbe usedin caseswhere

the control 
o w is indirect. This means, that each time the control


o w reachesthis call with a speci�c logical PC it might take di�erent

targets.

Constrain ts Shouldbe placedimmediately after the dynamorio set logical pc func-

tion.

Example Assuming pc is the logical pc and that the change of control 
o w is

direct. Then:

caseRETOP:
...
dynamorio set logical pc(pc);
dynamorio logical indirect jump();
goto loop;
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dynamorio part eval func
Argumen t int return value

Mandatory No

Description This function indicates DynamoRIO-with-LogPC to replacethe func-

tion call in a trace with its return-value. The call should be located

immediately after the function call, and the function should be anno-

tated as \not-inline" using the dynamorio set call no inline.

Constrain ts The function should obey the following rules:

1) The function's parametersare constants with respect to the trace.

2) The returned value is the samefor each execution of the function

with the sameparameters.

3) The function hasno sidee�ects.

Example Assumefunction lookupClassFieldobeysall the constraints, and thus,

can be annotated for functional memorization. Then:

...
�eld = lookupClassField(class,...,...);
dynamorio part eval func((int)�eld);
...

94



dynamorio set call no inline
Argumen t byte *func address

Mandatory No

Description This function instruct DynamoRIO-with-LogPC not to inline a speci�c

function (in order to avoid loopsor for functional memorization). The

function is passedby its address.

Constrain ts None

Example Assumepop is a function that contains a loop, and thus we want to not

inline it. Then:

VM initialization code ...
dynamorio set call no inline(&pop);
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dynamorio set logical pc
Argumen t int logical pc

Mandatory Yes

Description This function passesto DynamoRIO-with-LogPC the valueof a unique

identi�er into the control 
o w structure of the interpreted applica-

tion (the \Logical PC"). It should be called immediately after a non-

sequential changeto the Logical PC.

Constrain ts None

Example Assumingpc is the \Logical PC". Then:

caseCALLOP:
...
pc = arg;
dynamorio set logical pc(pc);
...
goto loop;
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dynamorio set region imm utable
Argumen t int start, int end

Mandatory No

Description This function indicates to DynamoRIO-with-LogPC that the region of

memory, delimited by start and end (inclusive), is immutable (i.e., the

content of the addressesin that regiondo not change,after the function

call). This information takese�ect immediately after the call.

Constrain ts None

Example Assuming that the array of bytecodes of the program insts, is im-

mutable. Then:

VM initialization code ...
dynamorio set region immutable(insts,(insts+nInst*sizeof(ByteCode)-1));
dynamorio set region immutable(&insts,(&instss+sizeof(ByteCode*)-1));
...
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dynamorio set trace constan t stack address
Argumen t void* addr, int value

Mandatory No

Description This function indicates to DynamoRIO-with-LogPC that addr is a

stack-allocated address,which its content (value) is a constant with

respect to the trace head from which the addressis accessed(i.e., at

the beginning, head, of the trace, this addresswould have a value of

value). This addressis often a function of the Logical PC.

Constrain ts Trace-headconstant addressesmust not be aliased.

Example Assumingpc is a stack-allocated addressand its a trace-headconstant

address.Then:

caseCALLOP:
...
pc = arg;
dynamorio set logical pc(pc);
dynamorio logical direct jump();
dynamorio set trace constant stack address(&pc, pc);
goto loop;
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dynamorio unaliased address
Argumen t void *addr

Mandatory No

Description This function indicates that the addressaddr is an unaliasedmemory

address.This information is usedby DynamoRIO-with-LogPC to per-

form constant propagation and deadcode elimination on this address.

Constrain ts None

Example Assumingarg is an unaliasedmemory address.Then:

dynamorio set logical pc(pc);
dynamorio logical direct jump();
dynamorio unaliased address(&arg);
goto loop;
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dynamorio unaliased stack address
Argumen t void *addr

Mandatory No

Description This function indicates that the addressaddr is a stack-allocated una-

liasedmemoryaddress.This information is usedby DynamoRIO-with-

LogPC to perform constant propagation and deadcode elimination on

this address.

Constrain ts None

Example Assuming arg and op are both unaliasedstack-allocated memory ad-

dresses.Then:

caseCALLOP:
...
pc = arg;
dynamorio set logical pc(pc);
dynamorio logical direct jump();
dynamorio unaliased stack address(&arg);
dynamorio unaliased stack address(&op);
goto loop;
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App endix B

Main Functions of Tin yVM

/* tinyvm.c

Tinyvm -- A simple stack-based VM.

Bytecodes: arguments (n) are integers.
CALL n -- jump to nth instr; pushes old FP, sets up new frame, FP
RETURNn -- return - restores FP, cleans up stack assuming n arg.s
JUMP n -- jump to nth instr
BEQ n -- tests top of stack, jumps to nth instr if 0 ; pops SP
DUPE n -- duplicate SP-n on top of stack
DUPEARGn -- duplicate FP - (2 + n) on top of stack
DUPELOCn -- duplicate FP + n + 1 on top of stack
DUPEDEFn -- duplicate stack_bottom + n + 1 on top of stack
POP n -- pop n values from stack
POPARGSn -- pop n values from under the top (value) of the stack
INT n -- pushes integer n on stack
PRIMCALL n -- calls primitive number n; answer val returned on stack
-- primop is responsible for popping argument values.
SET n -- sets nth elt below SP to value on top of stack; pops SP
SETARGn -- sets (n + 2)nd elt below FP to value on top of stack; pops SP
SETLOC n -- sets FP + n to value on top of stack; pops SP
SETDEF n -- sets stack_bottom + n to value on top of stack; pops SP
EXIT n -- exit the VMwith status n

Stack starts at 0; push increments SP.
Execution starts at 0th instruction.
Data is tagged: rightmost bit is 1 if data is immediate (int),
0 if a pointer (into C heap).
- allocated data is managedwith reference counting -- freed when
refs drop to 0. (note that circular structures are never collected).
- allocated data has header with reference count and array size.

Calling sequence for call f(a, b), PC starts at p:
[...] SP = n, FP = m (m < n), PC = p
p: push b => [..., b] SP = n+1, FP = m, PC = p+1
p+1: push a => [..., b, a] SP = n+2, FP = m, PC = p+2
p+2: call f => [..., b, a, m, p+3] SP = n+4, FP = n+4, PC = f's offset
<body-of-f> => [..., b, a, m, p+3, ..., val] SP = n+5, FP = n+4, PC = f+<sz-of-f>
f+?: return 2 => [..., val] SP = n+1, FP = m, PC = p+3

- note that frame offsets (from base of stack) are what's actually stored in frame,
because stack may be relocated as it grows.
- *fp = return pc, *(fp - 1) = frame offset for caller fp,
*(fp - 2) = 1st arg., etc.

*/
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#include <assert.h>
#include <stdlib.h>
#include <stdio.h>
#include <math.h>
#include <string.h>
#include <stddef.h>
#include <unistd.h>
#include <time.h>

#include "tinyvm.h"

#ifdef DYNAMORIO
#include "dynamorio.h"
#endif

#define INITIAL_STACK_SIZE 10

ByteCode* instrs; /* global array of bytecodes */
int num_instrs; /* number of bytecodes in instrs */

label *labels = NULL; /* name/offset info - for debugging */
int num_labels = 0;
char *primop_names = NULL; /* primop_names[n] is namefor primop n */
int num_primops = 0;

value eval () {
int pc = 0;
short op;
int arg;
div_t q;
value val, old_val, ref_val; /* values from stack */
int n, fo, next_pc, saved_fo;
value *next_fp, *sp1;

debug(DBG_EVAL,(fprintf(stderr, "eval: "), dump_stack()));

loop:
if (pc >= num_instrs) {

debug(DBG_EVAL,(fprintf(stderr, "eval - eof\n")));
return(*sp);

}
op = instrs[pc].op;
arg = instrs[pc].arg;
switch (op) {
case CALLOP:

debug(DBG_EVAL,fprintf(stderr, "eval call %d(%s)\n", arg, find_label(arg)) );
fo = fp - stack; /* convert fp to offset */
push_raw(fo); /* and save on stack */
push_raw(pc + 1); /* push return PC on stack */
fp = sp; /* set new FP (points at return PC) */
pc = arg; /* go to start of function body */

#ifdef DYNAMORIO LOGPC
dynamorio set logical pc(p c);
dynamorio logical direct jump();

#ifdef DYNAMORIO ANNOT
dynamorio set trace constan t stack address(&p c, pc);
dynamorio unaliased stack address(&arg);
dynamorio unaliased stack address(&op);

#endif
#endif

goto loop;
case RETOP:

debug(DBG_EVAL,fprintf(stderr, "eval return\n"));
if (fp > stack) { /* if there is a call stack, */

val = *sp; /* get returned value */
sp--; /* don't pop that value (don't want to free it) */
pop(sp - fp); /* pop down to fp (pop(1) while sp > fp) */
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pc = pop_raw(); /* pop the return PC */
fo = pop_raw(); /* pop caller's frame offset */
debug(DBG_EVAL,fprintf(stderr, " pc=%d, fo=%d\n", pc, fo));
fp = stack + fo;
*(++sp) = val; /* put return value back on stack */

#ifdef DYNAMORIO LOGPC
dynamorio set logical pc(p c);
dynamorio logical indirect jump();

#ifdef DYNAMORIO ANNOT
dynamorio set trace constan t stack address(&p c, pc);
dynamorio unaliased stack address(&arg);
dynamorio unaliased stack address(&op);

#endif
#endif

goto loop;
} else { /* here FO is 0 -- we're done with program */

return *sp;
}

case BEQOP:
debug(DBG_EVAL,(fprintf(stderr, "eval beq %d(%s) top=", arg, find_label(arg)) ,

dump_value(*sp), fprintf(stderr, "\n")));
n = pop_int(); /* top must be an int */
if (n) { /* not equal 0 */

pc++; /* just continue */
} else { /* equal 0 */

pc = arg; /* do the branch */

#ifdef DYNAMORIO LOGPC
dynamorio set logical pc(p c);
dynamorio logical direct jump();

#ifdef DYNAMORIO ANNOT
dynamorio set trace constan t stack address(&p c, pc);
dynamorio unaliased stack address(&arg);
dynamorio unaliased stack address(&op);

#endif
#endif

}
goto loop;

case JMPOP:
debug(DBG_EVAL,fprintf(stderr, "eval jmp %d(%s)\n", arg, find_label(arg))) ;
pc = arg;

#ifdef DYNAMORIO LOGPC
dynamorio set logical pc(p c);
dynamorio logical direct jump();

#ifdef DYNAMORIO ANNOT
dynamorio set trace constan t stack address(&p c, pc);
dynamorio unaliased stack address(&arg);
dynamorio unaliased stack address(&op);

#endif
#endif

goto loop;
case DUPEOP:

assert((sp - arg) >= stack);
val = *(sp - arg);
debug(DBG_EVAL,(fprintf(stderr, "eval dupe %d, val= ", arg),

dump_value(val), fprintf(stderr, "\n")));
push(val); /* handles incr'ing refcounts */
pc++;
goto loop;

case DUPEARGOP:
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assert((fp - 2 - arg) >= stack);
val = *(fp - 2 - arg);
debug(DBG_EVAL,(fprintf(stderr, "eval dupearg %d, val= ", arg),

dump_value(val), fprintf(stderr, "\n")));
push(val); /* handles incr'ing refcounts */
pc++;
goto loop;

case DUPELOCOP:
assert((fp + arg + 1) <= last_sp);
val = *(fp + arg + 1);
debug(DBG_EVAL,(fprintf(stderr, "eval dupeloc %d, val= ", arg),

dump_value(val), fprintf(stderr, "\n")));
push(val); /* handles incr'ing refcounts */
pc++;
goto loop;

case DUPEDEFOP:
assert((stack + arg + 1) >= stack);
val = *(stack + arg + 1); /* a dummyvalue is at bottom of stack */
debug(DBG_EVAL,(fprintf(stderr, "eval dupedef %d, val= ", arg),

dump_value(val), fprintf(stderr, "\n")));
push(val); /* handles incr'ing refcounts */
pc++;
goto loop;

case POPOP:
debug(DBG_EVAL,(fprintf(stderr, "eval pop %d, top=", arg),

dump_value(*sp), fprintf(stderr, "\n")));
pop(arg); /* handles decr'ing refs */
pc++;
goto loop;

case POPARGSOP:
debug(DBG_EVAL,(fprintf(stderr, "eval popargs %d, top=", arg),

dump_value(*sp), fprintf(stderr, "\n")));
popargs(arg); /* handles decr'ing refs */
pc++;
goto loop;

case INTOP:
debug(DBG_EVAL,fprintf(stderr, "eval int %d\n", arg));
push(make_int(ar g) );
pc++;
goto loop;

case PRIMCALLOP:
debug(DBG_EVAL,(fprintf(stderr, "eval primcall %d(%s), top= ", arg,

primop_name(arg)) , dump_value(*sp) , fprintf(stderr, "\n")));
(*(primops[arg]. fu np) )( ); /* do the call */
pc++;
goto loop;

case SETOP:/* [new_v, <n-1 elts>, old_v, ...] => [<n-1 elts>, new_v, ...] */
val = *sp; /* new value */
sp1 = sp - arg; /* lhs address */
old_val = *sp1;
if (is_ref(old_val )) {

decr_refs(old_va l) ;
}
if (is_ref(val)) {

incr_refs(val);
}
debug(DBG_EVAL,(fprintf(stderr, "eval set %d, top= ", arg),

dump_value(*sp), fprintf(stderr, "\n")));
*sp1 = val; /* do update */
pop(1); /* will decr refs of new val, if an addr */
pc++;
goto loop;

case SETARGOP:
assert((fp - 2 - arg) > stack);
sp1 = fp - 2 - arg; /* lhs address */
val = *sp;
old_val = *sp1;
if (is_ref(old_val )) {

decr_refs(old_va l) ;
}
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if (is_ref(val)) {
incr_refs(val);

}
debug(DBG_EVAL,(fprintf(stderr, "eval setarg %d, top= ", arg),

dump_value(*sp), fprintf(stderr, "\n")));
*sp1 = val; /* do the update */
pop(1);
pc++;
goto loop;

case SETLOCOP:
assert((fp + arg + 1) <= last_sp);
sp1 = fp + arg + 1; /* lhs address */
val = *sp; /* new val */
old_val = *sp1;
if (is_ref(old_val )) {

decr_refs(old_va l) ;
}
if (is_ref(val)) {

incr_refs(val);
}
debug(DBG_EVAL,(fprintf(stderr, "eval setloc %d, top= ", arg),

dump_value(*sp), fprintf(stderr, "\n")));
*sp1 = val; /* do the update */
pop(1);
pc++;
goto loop;

case SETDEFOP:
assert((stack + arg + 1) <= last_sp);
sp1 = stack + arg + 1; /* there's a dummyvalue on bottom of stack */
val = *sp;
old_val = *sp1;
if (is_ref(old_val )) {

decr_refs(old_va l) ;
}
if (is_ref(val)) {

incr_refs(val);
}
debug(DBG_EVAL,(fprintf(stderr, "eval setdef %d, top= ", arg),

dump_value(*sp), fprintf(stderr, "\n")));
*sp1 = val; /* do the update */
pop(1);
pc++;
goto loop;

case EXITOP:
// currently, exit code is ignored.
debug(DBG_EVAL,(fprintf(stderr, "eval exit %dtop=", arg),

dump_value(*sp), fprintf(stderr, "\n")));
return(*sp);

default:
fprintf(stderr, "[eval] Invalid bytecode op '%d'.\nExiting. ..\ n" , op);
exit(1);

} /* switch (op) */
}

void print_usage(char ** argv) {
fprintf(stderr, "Usage: %s options source\n", argv[0]);
fprintf(stderr, " where source is a filename\n"
"Options: \n"
" -? : print this message.\n"
" -a : input file is tiny assembler (default is binary)\n"
" -d filename : dumpbinary to filename\n");

}

int main (int argc, char *argv[])
{

value val;
int aflag = 0;
int dflag = 0;
char* dump_filename;
char* in_filename;
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int c, i;
clock_t start, end;

#ifdef DYNAMORIO
dynamorio_app_ini t( );
dynamorio_app_sta rt ();

#endif

opterr = 0;

while ((c = getopt (argc, argv, "ad:")) != -1) {
switch (c)
{
case 'a':

aflag = 1;
break;

case 'd':
dflag = 1;
dump_filename = optarg;
break;

case '?':
if (isprint (optopt))

fprintf (stderr, "Unknown option `-%c'.\n", optopt);
else

fprintf (stderr, "Unknown option character `\\x%x'.\n", optopt);
print_usage(argv );
exit(1);

default:
abort();

}
}

// one and only non-optional argument is nameof input file -- load it
if (optind < argc) {

in_filename = argv[optind];
} else {

fprintf(stderr, "Missing source.\n");
print_usage(arg v);
exit(1);

}

init_primops(); /* initialize primops */
init_debug();

if (aflag) {
load_txt(in_fil ename); /* allocs & fills instrs, labels */

} else {
load_bin(in_fil ename);

}

if (dflag) {
dump_bin(dump_file name);

}

// initialize stack
stack = sp = fp = malloc(INITIAL_S TACK_SIZE * sizeof(value));
last_sp = stack + INITIAL_STACK_SIZE - 1;
*sp = make_int(1); /* stack starts with something on it */

#ifdef DYNAMORIO LOGPC
#ifdef DYNAMORIO ANNOT

// lo ops blo w up traces
dynamorio set call no inline(&p op);

// byteco de (instrs) and num ber of
dynamorio set region imm utable(&n um instrs,((in t)&n um instrs+sizeof(in t)-1));
dynamorio set region imm utable(instrs,((in t)instrs+n um instrs*sizeof(ByteCo de)-1));
dynamorio set region imm utable(&instrs,((in t)&instrs+sizeof(ByteCo de*)-1));
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//primops and num ber of
dynamorio set region imm utable(&n um primops, ((in t)&n um primops+sizeof(in t)-1));
dynamorio set region imm utable(primops,((in t)primops+n um primops*sizeof(primop)-1));
dynamorio set region imm utable(&primops,((in t)&primops+sizeof(primop*)-1));

//debug 
ags
dynamorio set region imm utable(&debug 
ags, ((in t)&debug 
ags+sizeof(in t)-1));

#endif
#endif

start = clock();
val = eval();
end = clock();
dump_value(val);
printf("\ncpu time = %f\n", ((double) (end - start)) / CLOCKS_PER_SEC);

#ifdef DYNAMORIO
dynamorio_app_sto p( );
dynamorio_app_exi t( );

#endif

exit(0);
}

/* $Id: tinyvm.c,v 1.11 2003/05/21 20:37:52 gregs-ai Exp $ */
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