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Abstract

ProfBuilder is a collection of Java classesthat provide an easymethod for constructing Java execution
pro�ling tools. By instrumenting Java bytecode, a programmer can measure dynamic properties of
an application, such as bytecode count, number of memory allocations, cache misses and branches.
ProfBuilder provides an easy way to create customized tools to measure these and other properties
by writing a small amount of code. Although commercial pro�ling tools for Java available, there are
currently few, if any, Java pro�ler generators. In this paper, we describe the Prof Builder meta-tool as
well as two tools built using the package,a bytecode instruction pro�ler and a memory allocation pro�ler.
We alsodescribe our experienceusing thesetools on programs, including the overheadof instrumentation
and pro�ling. Finally , we discuss the results of using the instruction pro�ler to optimize the execution
time of a Java program, increasing its performance 15% with minor changesto the code.

� This research is supported in part by NSF Grants CCR-9711398 and IRI-9521046.



1 In tro duction

ProfBuilder is a software package for rapid construction of tools used to measurevarious aspects of Java

program behavior. The package provides a meta-tool for constructing custom pro�lers, as well as a data

structure for modeling program execution. A user can build a tool, instrument an application with a tool,

and gather dynamic execution data by writing just a few lines of code. This paper describesthe designand

implementation of ProfBuilder and describestwo speci�c examplesof tools constructed using it.

The dynamic characteristics of a program determine how the program actually behavesduring execution.

Examples of dynamic behavior include cache misses,branches taken, and memory allocated. Examination

of this behavior can provide insights into the e�ciency of algorithms, allow identi�cation of performance

bottlenecks, and enhanceunderstanding of resourceallocation issues.By gathering dynamic executiondata,

a programmer can easily identify code and algorithms that can be optimized for speed,memory usage,and

correctness.

Java is an ideal domain for gathering and using dynamic execution data. The easeof programming in

Java coupledwith the platform independent nature of the languagehasencouragedmany developersto build

Java applications. However, asan interpreted language,many Java implementations areslow to execute. It is

therefore especially important that the code be ase�cien t aspossibleso that the performanceis acceptable.

Thesefactors suggestthat Java applications are a good target for optimizations basedon dynamic execution

data.

The concept of execution pro�ling has a long history and has been widely available in successfultools,

such as gprof [3], which generatesa hierarchical pro�le of an application. ProfBuilder is a meta-tool for

building sophisticated tools in the style of gprof with a small amount of e�ort. ProfBuilder provides a

fast and easyway to create a variety of pro�ling tools with a small amount of code. ProfBuilder usesthe

Bytecode Instrumenting Tool (BIT) invented by Lee and Zorn [8, 7] to instrument compiled Java programs.

The central data structure of ProfBuilder is the Calling Context Tree (CCT) [1], which is used to model

the execution of an application and to store arbitrary measurements of dynamic behavior, such as branch

outcomesor memory allocations.

In this paper we describe the CCT, BIT, ProfBuilder, and two tools createdusing ProfBuilder: IProfT ool

(a bytecode instruction pro�ler) and MProfT ool (a memory allocation pro�ler). We discussperformance

issuesrelated to using the tools to instrument programs and show data on various Java applications. We

alsodiscussthe results of using IProfT ool to optimize JLex [2], a lexical analyzergenerator. An examination

of the bytecode instruction pro�le for JLex allowed us to identify a signi�cant performancebottleneck, and

upon reimplementation of a single procedure,the execution time of the application was cut by 15%.

This paper is organizedasfollows. Section2 describesthe CCT and BIT in moredetail. Section3 provides

a demonstration of one CCT pro�ling tool, the IProfT ool, and walks through the processof building tools,
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Figure 1: A sample call graph.

instrumenting programsand collecting data. Section4 describeshow pro�ling tools are built in more detail,

and Section 5 describes the implementation of the CCT. Section 6 describesexperimental experienceusing

the CCT pro�ling tools to instrument various programs,and Section7 describesrelated work. In Section8,

we present our conclusions.

2 Background

In order to fully understand ProfBuilder, it is �rst important to understand its two underlying technologies,

the CCT and BIT. Section 2.1 describesthe Calling Context Tree, and Section 2.2 describesBIT.

2.1 Calling Context Tree

Ammons, Ball and Larus [1] describe three data structures for recording the runtime behavior of programs,

the dynamic call graph, the dynamic call tree, and the new structure they propose, the Calling Context

Tree. In a dynamic call graph, each subroutine is represented asa vertex, and calls are represented asedges.

The graph compactly represents the dynamic structure of the program. In fact, the compactnessis one of

the major advantagesof the call graph; the number of nodesis equal to the number of distinct subroutines.

Thus, deeprecursion chains or repeated invocations of the sameproceduredo not require any more space.

Unfortunately, this bene�t comesat a price. A great deal of information is lost about any call chains longer

than two routines. For example,Figure 1 shows one example call graph. In the graph, proceduresB and C

both call procedureD, which in turn calls proceduresEand F. From this graph, it appearsthat the call chains

BDE, BDF, CDEand CDFall occurred during program execution. However, if D only calls E upon invocation
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from B, the call chain BDFnever really occurs. This information is lost in the call graph, sinceit only records

the ancestorsand descendents of each subroutine, and not actual existent call chains.

This information loss does not occur with the seconddata structure. The dynamic call tree preserves

all information about the call structure of a program. A call tree has vertices that represent individual

invocations of routines. Thus, the sameroutine invoked �v e times will be represented as �v e nodes in the

tree. This structure preserves the most information, however, it has a signi�cant disadvantage in that it

requires a great deal of spacefor storage. Any programs with signi�cant recursion or numeroussubroutine

calls within loops would certainly strain the memory of the computer that storesthe tree.

The third data structure, the Calling Context Tree, captures the advantages of the call graph and the

call tree while attempting to avoid their disadvantages. The CCT is similar to the dynamic call tree except

that vertices represent individual contexts rather than individual procedure activations. A context is a

procedurecoupledwith the call chain that resulted in the call to that procedure. Thus, repeatedinvocations

of a procedureare stored in the samenode as long as the call stack is the sameeach time. In addition, a

recursive call is represented asa backedge,sothat long recursionchains are compactly stored asa loop in the

tree. Every unique call path is represented by a distinct node in the tree, thus providing more information

than the call graph, while avoiding the memory requirements of the dynamic call tree.

The usefulnessof the CCT lies in the abilit y of a programmer to associate arbitrary metrics with nodesin

the tree. For example,in a speci�c context, a program can causea number of cache misses,and this number

can be attached to the CCT node representing that context. Alternately , the number of branches taken

or memory allocations in the context can also be attached to a CCT node. Becauseany measurement of

dynamic behavior can be connectedto nodesrepresenting contexts, it is easyto relate the dynamic context

to the observed program behavior.

2.2 Byteco de Instrumen ting Tool (BIT)

BIT is a library of Java classesthat allow instrumentation of Java Virtual Machine (JVM) class�les for the

purposeof extracting measurements of their dynamic behavior. BIT wasbuilt basedon the observation that

being able to createcustomizedtools to observe and measurethe run-time behavior of programs is valuable

for many tasks including program optimization and systemdesign.

BIT is one of the binary editing or executableediting tools that o�er a library of routines for modifying

executable �les. Other tools in this group include the OM system [12], EEL [5], and ATOM [11]. These

tools operate on object codesfor a variety of operating systemsand architectures while BIT works on JVM

class�les.

BIT hierarchically decomposesthe JVM bytecodesin a class�le into di�eren t entities including methods,

basicblocksand bytecodeinstructions, and providesfacilities for navigating through theseentities. Moreover,
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Figure 2: The instrumentation and data collection process. Rectangles represent components of the ProfBuilder
package, ovals represent user supplied inputs, and rounded rectangles represent outputs.

BIT allows the user to insert calls to analysisroutines beforeand after each oneof theseentities. Using BIT,

userscan create customizedtools that can be usedto extract speci�c dynamic information about the JVM

class�les by writing instrumentation code, which speci�es how to insert calls (t ypically by iterating through

certain entities and decidingwhether to add beforeor after each of these). In addition to the instrumentation

code, userswrite analysiscode that is invoked asa result of instrumentation and speci�es what computation

or measurements are to be carried out when the program is run. For example, the operations performed

might include collecting pro�le information during program execution and writing the pro�les to a �le when

the program completes.

One important property of the instrumentation that is added using BIT is that the analysis routines do

not have any semantic e�ect on the instrumented program. BIT is the �rst framework that allows users

to create customizedtools to analyze JVM bytecodesquickly and easily. Furthermore, becauseBIT works

on bytecodes, instrumentation works on programs written in any languagethat can be compiled into JVM

bytecodesand doesnot require that the program sourcebe available.

3 Using ProfBuilder to Create Pro�ling Tools

ProfBuilder providesa set of classesthat areusedto createpro�ling tools. The completesystemis illustrated

in Figure 2. As the �gure illustrates, the core of any tool is class ProfTool , which selectsclass �les for

instrumentation and inserts calls into the classesto accomplishthe construction of the Calling Context Tree.

After the class�les of the userprogram have beeninstrumented, the program is run on the inputs of interest,

and in addition to generatingits original output, the instrumentation alsogeneratespro�le data. This pro�le

data is essentially an externalized version of the Calling Context Tree that can be visualized in a number of
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di�eren t ways. Bundled with ProfBuilder, we provide ProfOut , which is a program that presents a text-based

visualization of this data as illustrated in this paper. Other more sophisticated graphical visualizations are

also possible.

In order to build a new tool, a usersimply hasto createa subclassof ProfTool and override onefunction,

instrumentOneCla ss. When the tool runs, it iterates through a set of class�les in a directory, instrumenting

each one to build the CCT and then calling instrumentOneCl ass to insert tool-speci�c instrumentation.

ProfBuilder also includes class CallingContextTr ee, a Java implementation of the CCT. This class

allows a user to de�ne how many di�eren t metrics can be stored at each node in the tree, and provides

operations for building the tree basedon the call stack. Theseoperations are invoked during the execution

of the application by the instrumented code. When the application exits, a record of the tree and the

recordedmetric valuesare saved in a data �le.

Using this framework, it is possible to build a variety of tools. This section illustrates the process

of building and using pro�ling tools by describing one such tool, a Java bytecode instruction pro�ler called

IProfTool . IProfTool counts the number of bytecodeinstructions executedin each context; this information

can be usedto determine which contexts are incurring the most overheadin terms of execution time.

3.1 Building the instruction pro�ler

CCT pro�ling tools must do two things. First, they must instrument the program to build the CCT during

program execution. Second,they must instrument the program to collect useful data about the execution.

The �rst task is performed in the same way for all pro�ling tools using the CCT. For this reason, the

functionalit y hasbeenencapsulatedin the ProfTool class,the baseclassfrom which all other pro�ling tools

are descended.It provides the interface that allows the user to specify a set of class�les to be instrumented,

loadseach class�le into a BIT ClassInfo structure, and inserts the necessarycalls to build the tree. Thus,

the �rst step in building a tool is simply to declarea classthat extendsProfTool.

This extensionclassperforms the secondtask, which is gathering and collecting the speci�c information

of interest at runtime. In our example, the bytecode instruction pro�ler, IProfTool , gathers information

about the number of bytecodes executedin each context. In order to accomplish this, the tool consistsof

two parts. The �rst part, shown in Figure 3, is the instrumentation component of the pro�ler. It consists

of two methods, main and instrumentOneCla ss. main is the entry point for the program. It instantiates

a new tool, and then calls instrumentClasses , a method inherited from ProfTool . instrumentClasse s

takes as a parameter a pointer to the command line arguments, and parsesthose arguments to �nd the

directory containing the class�les to be instrumented aswell as the directory to placethe instrumented �les

in. This method loads each class�le, and then calls instrumentOneClas s, the secondmethod in Figure 3.

instrumentOneCla ss is called for every classbeing instrumented, and it is herethat IProfTool performsthe
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public class IProfTool extends ProfTool {
public static void main(String[] argv) {

IProfTool ipt=new IProfTool();
ipt.instrumentC las ses(a rg v,2 );

}

public void instrumentOneCla ss(BI T. hi ghBIT .Cl assI nfo ci) {
nameMetric(ci,1 ,"I nstru ct ion s" );
for (Enumeration e=ci.getRoutine s() .e lements (); e.hasMoreElements( ); ) {

BIT.highBIT.Rout ine routine= (BIT.highBIT.Rou tin e) e.nextElement();
for (Enumeration f=routine.getBas icB lo cks() .e lements( );

f.hasMoreElement s() ; ) {
BIT.highBIT.Basi cBl ock bb=(BIT.highBIT.B asi cBloc k) f. nextElement( );
bb.addBefore("IP rof Tool ", "trackInstruction s" , String.valueOf( bb.si ze()) );

} //end of basic blocks iteration
} //end of routine iteration

}
}

Figure 3: The instrumentation component of IProfT ool.

public static void trackInstructions (Str ing count) {
CCT.AddToMetric(1,I nte ger.p ar seI nt (c ount, 10) );

}

Figure 4: The analysis component of IProfT ool.

tool-speci�c work. The purposeof instrumentOneClas s is to navigate all the basic blocks in the program

being instrumented and insert calls to the analysis routine, trackInstructions , before each basic block is

executed. In the example,this navigation is accomplishedusing the BIT operationsgetRoutines , an iterator

that returns successive routines in the class �le; and getBasicBlocks , an iterator that returns successive

basic blocks in each routine. The call to the bb.addBefore method instructs BIT to add a call to the

routine trackInstructio ns before the program executesthe current basic block. The parameter passedto

trackInstruction s is the sizeof the current basic block (returned by the call to bb.size ) converted to a

string.

The pro�ler consistsof oneanalysisroutine, trackInstructions , shown in Figure 4. The instrumentation

phase inserts calls to this method into the bytecode of the instrumented classes,and these calls pass the

number of bytecodesin the basic block to the analysis routine. The routine adds that number to the metric

for the current calling context. This context is stored in CCT, which is the calling context tree member data

constructed by ProfTool . In this way, by calling AddToMetric , the metric data is automatically associated

with the current context.
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import java.io.*;
class Test {

public static void main(String[] argv) {
System.out.printl n( "main ()" );
for (int i=0; i<10; i++)

A();
}

public static void A() {
System.out.prin tln (" A() ") ;
for (int i=0; i<10; I++) {

B();
C();
B();

}
}

public static void B() {
System.out.prin tln (" B() ") ;
D();

}

public static void C() {
System.out.prin tln (" C() ") ;
D();

}

public static void D() {
System.out.prin tln (" D() ") ;

}
}

Figure 5: Example program.

The correct functioning of IProfTool is dependent on the correct interaction betweenthe instrumentation

and analysis components of the tool. The instrumentation places calls to the analysis routines in the

appropriate places,and the analysisroutine collectsthe data. The ProfTool functionalit y performsthe other

tasks related to instrumentation and analysis, including writing out the instrumented class�le, building the

CCT, and writing out the CCT when the program exits.

3.2 Instrumen ting a program

Once the pro�ling tool is built, the next step is to instrument the program to be studied. Figure 5 lists a

very simple program that will illustrate this process.Figure 6 shows the program's static call graph. This

program calls its methods A, B, C, and D several times. Note that there are two di�eren t paths from A to D,
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Figure 6: The call graph of the example program

and the path f A, B, Dg is taken twice as often as f A, C, Dg. This di�erence will appear in the output from

the CCT and pro�ling tool.

In order to instrument this program, it is �rst compiledwith a Java compiler, and the class�le it produces

is stored in a directory (in this example,calledsource ). The bytecode instruction pro�ling tool is then run on

the compiled bytecode, and the result stored in another directory (called dest ) with the following command

that invokesthe Java interpreter:

java IProfTool source dest

The tool automatically instruments every routine of every class�le in the sourcedirectory.

3.3 Gathering pro�le data

The instrumented code is now ready for data collection. Sincethe analysismethods of the IProfTool class

will be called by the instrumented class�les, it is important that the directory containing IProfTool.class

be in the CLASSPATH of the environment. In order to collect data, the program is run normally,

java Test

and when the executionis �nished, the �le Test.Prof is createdin the dest directory. This �le is a serialized

Calling Context Tree and can be loaded by another program using the appropriate CallingContextTre e

method.

3.4 Viewing the data

The data that has been gathered can be displayed in any appropriate format. We have written a tool

that loads this data and displays it graphically by showing the structure of the tree as well as a histogram

indicating the value of each metric. The program, ProfOut , is run with the following command line:

java ProfOut Test.PROF
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and writes the output shown in Figure 7 to stdout . The sectionof the output entitled \T otal Metrics" shows

the sum for all of the metrics over the entire execution of the program. The \Metrics local to procedures"

section displays values of metrics for each context in the program, while the \Metric totals for subtrees"

section sumsthe metrics for each subtree and displays the sum at the node that roots that subtree.

The output captures the structure of the Calling Context Tree as well as the values of the metrics at

each context. On the left side of the diagram is the numerical value of the metric for each context, with

a horizontal bar that graphically displays that value. The length of the bar represents the value for each

context as a fraction of the maximum value for any context. The right of the output indicates the context

in which that metric data was gathered. Speci�cally , the indentation is used to indicate the caller/callee

relationship; children of the sameparent are aligned at the sameindentation. For example:

parent
child1
child2

The output also displays any recursion. Becausethe CCT handlesrecursion by introducing backedgesinto

the tree, the recursive child of a function is represented as a pointer to the previous node for that function

in the tree. The display indicates the recursion with an R:, as in

parent
R: parent

The display doesnot traversethe backedge,and merely indicates that it exists. Thus, if parent recursively

calls itself to a depth of ten, this is indicated as ten calls to parent rather than a display with the word

\parent" printed ten times.

The output in Figure 7 indicates that the number of calls to D in the context f main, A, B, Dg is twice as

large as the number of calls to D in the context f main, A, C, Dg, as indicated by the larger bars on the left

hand side for that context aswell asa larger value for the metric (indicated in parentheses)on the left of the

display. This conclusion is consistent with the prediction that we made earlier. The output also indicates

that the largest numbers of bytecode instructions were executedin the B function in the context f main, A,

Bg.

4 Building Tools

ProfBuilder is designedto allow an easy interface to the CCT data structure and rapid construction of

pro�ling tools. It providesan API that allows usersto build and store information in the tree. By extending
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Total metrics
Calls: 611
Instructions: 3560

==============================================================

Metrics local to procedures

----------------------------- ---- ----- ---- ----- ---- ---- ----- ---
Calls
----------------------------- ---- ----- ---- ----- ---- ---- ----- ---
( 1) | Test.main
( 10) ** | Test.A
( 200) ******************************* ***** **** | Test.B
( 200) ******************************* ***** **** | Test.D
( 100) ******************** | Test.C
( 100) ******************** | Test.D
0 200
----------------------------- ---- ----- ---- ----- ---- ---- ----- ---
Instructions
----------------------------- ---- ----- ---- ----- ---- ---- ----- ---
( 60) ** | Test.main
( 800) ******************************* * | Test.A
( 1000) ******************************* ***** **** | Test.B
( 800) ******************************* * | Test.D
( 500) ******************** | Test.C
( 400) **************** | Test.D
0 1000
----------------------------- ---- ----- ---- ----- ---- ---- ----- ---

==============================================================

Metric totals for subtrees

----------------------------- ---- ----- ---- ----- ---- ---- ----- ---
Calls
( 611) ******************************* ***** **** | Test.main
( 610) ******************************* ***** *** | Test.A
( 400) ************************** | Test.B
( 200) ************* | Test.D
( 200) ************* | Test.C
( 100) ****** | Test.D
0 611
----------------------------- ---- ----- ---- ----- ---- ---- ----- ---
Instructions
( 3560) ******************************* ***** **** | Test.main
( 3500) ******************************* ***** *** | Test.A
( 1800) ******************** | Test.B
( 800) ******** | Test.D
( 900) ********** | Test.C
( 400) **** | Test.D
0 3560
----------------------------- ---- ----- ---- ----- ---- ---- ----- ---

Figure 7: IProfT ool output for example program
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classProfTool , numerouscustom tools can be constructed. This sectiondescribesin detail the issuesrelated

to building arbitrary tools using ProfBuilder.

4.1 ProfT ool API

Class ProfTool provides a set of methods that are common to all pro�ling tools built with ProfBuilder.

Figures! 8 lists the important parts of the ProfTool classAPI. The most important functions are the ones

that pro�ling tools can override to createthe individual tool. The instrumentOneClas s method is called for

every classthat is instrumented by the tool. In the ProfTool class,this method doesnothing, soan instance

of classProfTool could be used to build the CCT without any extra pro�ling functionalit y. Subclassesof

ProfTool override the instrumentOneCl ass method to instrument each class,inserting calls to the analysis

routines unique to that tool. A user can completely specify a tool by simply overriding this one function

and a main function to instantiate the tool. The main function, after creating an instance of the tool, calls

instrumentClasse s to instrument all classesspeci�ed in the path in the commandline, outputting modi�ed

class�les to the path in the command line and generating a CCT with the number of metrics speci�ed by

the argument nummetrics. This number includes metric 0, which is used by classProfTool to count the

number of calls to each procedure.

ProfTool also introduces
exibilit y in the form of other methods that can be overridden. The StartUp

method is called before any classesare instrumented, and a user can override this function to initialize the

tool in any way necessary.

A tool can also have command line switches. By default, the ProfTool class provides the following

standard switches:

� -c to activate instrumentation to distinguish betweendistinct call sites (described in Section 4.3).

� -x to search the bytecode for System.exit calls and instrument them to savepro�le data beforeexiting

the program. The default is to save the data only when the main function exits.

� -v to activate verbosemode instrumentation.

Theseswitchesare parsed in the instrumentClass es method, which should be passedthe entire com-

mand line array argv . For each switch in the command line, ProfTool attempts to parseit as -c , -x or -v .

If it cannot, it calls the method parseOneArgument . The subclassof ProfTool can override this method to

attempt to parseargv[index] , returning the index of the next unparsedargument if successfulor index if

not. This allows the subclassto add any additional switchesas necessary.

If the tool cannot parse the command line switches,or if there are two few arguments on the command

line (the minimum is a sourcepath and destination path) then the tool callsoutputUsageMessage. ProfTool
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public class ProfTool {
protected static CallingContextTree CCT=null;
//The data memberholding the Calling Context Tree

protected boolean InstrumentCallSites=false;
//Distinguish between call sites on true

protected boolean Verbose=false;
//Output messages during instrumentation

protected boolean InstrumentExit=false;
//Search bytecode for System.exit and instrument it to
//save the profile data before exiting

public static void main(String argv[]);
//The entry point of the tool program

public void instrumentClasses(String argv[], int nummetrics);
//Search through the path specified in the argv commandline, selecting
//class files, and instrumenting each file, outputting to the path
//specified in argv. nummetrics specifies the number of metrics
//recorded by the tool

public boolean parseCommandLine(String argv[]);
//Parse the tool commandline for switches

public void nameMetric(BIT.highBIT.ClassInf o ci, int which, String name);
//Associate a metric number with a namein a particular class file

public void addBeforeMain(BIT.highBIT.Class Info ci, String classname,
String methodname, Object arg);

//Add instrumentation code before the Main function to be executed upon
//instrumented application startup

////////Methods that specific tools override /////////////////////

int parseOneArgument(String argv[], int index);
//Tools override this function to parse a single argument
//at argv[index]. Returns a value > index which is the next
//argument to be parsed, or a value == index to indicate
//no value was parsed

public void instrumentOneClass(BIT.highBIT. ClassInf o ci);
//Tools override this function to instrument a single class

void outputUsageMessage();
//Message to output to the user who has invoked the tool
//with an incorrect commandline argument

void StartUp();
//Called when any ProfTool descendent starts up, before any
//instrumentation occurs

}

Figure 8: The API for the ProfTool Base Class
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providesa standard usagemessage,but subclassesshould override this function to provide the tool userwith

any necessaryadditional information.

4.2 CallingCon textT ree API

The CallingContextTre e classprovides three types of methods for users: constructors, tree building, and

metrics methods. Figure 9 lists the completeAPI. Userscan construct the tree as an empty structure using

the CallingContextTre e constructor. The parameter determines the number of metrics in the tree. The

inputTree method reads in the tree from a serializedObjectInputStream . The tree can be written out to

an ObjectOutputStr eamusing the Output method. This can be done at arbitrary times, and the tree can

be saved in di�eren t �les by specifying di�eren t ObjectOutputStre ams. In this way, a user could save a

snapshotof the CCT at a particular point during execution. By default, ProfTool writes out the tree when

the instrumented program exits.

The tree is built using the Enter and Exit methods. When a routine is called, it should be instrumented

to invoke Enter with the name of the routine as the parameter. The CallingContextTr ee will generatea

new connectionin the tree from the parent routine to the child routine if such a connectiondoesnot already

exist. The routine is then instrumented to call Exit upon exiting. This is necessaryto preserve the internal

state of the tree. Since these operations are performed by ProfTool , all tools that extend ProfTool will

automatically encapsulatethis functionalit y.

The CallingContextTr ee classalso provides a set of methods for dealing with metrics. The user can

create as many metrics as the memory of the systemcan support, and decidesupon the assignment of each

metric to a meaningful quantit y (such as0: Calls, 1: Instructions, etc.). Each metric can be namedfor later

referenceby the NameMetric method, which associates a string name with a numeric metric. In turn, the

name of a metric can be found using the GetMetricNamemethod.

The valuesof metrics arechangedusingAddToMetric , which addsa positive or negativevalue to a metric,

or SetMetric which sets the value of a metric. These functions de�ne the interface that allow the pro�le

tool to manipulate the metrics associated with the currently active calling context. In addition, userscan

manipulate detail metrics, which allow the information for a metric to be further subdivided into categories.

As an example of how to use detail metrics, consider that in IProfTool metric 1 is used to record the

number of bytecodesexecuted. Detail metrics could be usedin this caseto categoriesthe instruction count

into memory instructions, arithmetic instructions, etc. AddToDetailMetri c is usedto increment the detail

metric associated with the current calling context. GetDetailMetric , GetTotalMetric and GetTreeMetric

return the current value of a detail metric, a total metric for the whole tree, and a metric tied to the current

tree node, respectively.
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public class CallingContextTree implements Serializable
{

CallingContextTree(int _NumberOfMetrics);
//Constructor to create an empty tree. The number of metrics
//it can store at each node is specified by _NumberOfMetrics

public static CallingContextTree inputTree(ObjectInputStream instream);
//Loads a tree from an ObjectInputStream

public void Output(ObjectOutputStream outstream);
//Serialize the data structure on an ObjectOutputStream

public void Enter(String name);
//Enter a new procedure, creating a new node in the tree
//if necessary

public boolean Exit();
//Exit a procedure. Return true if it is
//the root of the tree that exited.

/////////////////METRICS///// ///// //// ///// //// //// /////

public int GetNumberOfMetrics();
//Return the number of metrics that can be stored at each node

public VariableList GetTotalDetails(int metricnumber);
//Get the total value of a metric summedover all contexts

public int GetTreeMetric(int metricnumber);
//Get the current value of a tree metric (a metric attached to a
//particular node)

public void AddToMetric(int metricnumber, int newvalue);
public void SetMetric(int metricnumber, int newvalue);
//Change the value of a metric

public int GetDetailMetric(int metricnumber, String metricname);
//Get the current value of a detail metric

public void AddToDetailMetric(int metricnumber, String metricname, int newvalue);
public void SetDetailMetric(int metricnumber, String metricname, int newvalue);
//Change the value of a detail metric

public void NameMetric(int metricnumber, String name);
//Associate a namewith a metric

public String GetMetricName(int metricnumber);
//Get the nameof a metric

}

Figure 9: The API for classCallingContextT ree.

14



4.3 Recording call sites

In constructing a pro�le, it may be useful to distinguish calls to the sameprocedurefrom di�eren t call sites.

For example, if method A calls method B twice, each time from a di�eren t point in method A, then B has

been invoked from di�eren t call sites. For somepurposes,thesedi�eren t activations should be regardedas

di�eren t calling contexts. The ProfTool classprovides functionalit y for this distinction.

The member variable boolean InstrumentCallSit es controls this process.When this variable is set to

true, ProfTool instruments proceduresto record call site information. It does this by searching for invoke

bytecodes,and inserting a call to an analysis routine beforeeach invoke. The analysis routine savesthe call

site number for useby the CCT. The call site number is dependent only on the number of invoke bytecodes

in the routine; the �rst invoke is call site 1, the secondis call site 2, and so on, even if they invoke di�eren t

routines. Thus, if A calls B from its third and �fth invoke bytecode, B will be stored in the CCT as B.3 and

B.5.

This functionalit y can be activated by setting the InstrumentCallSit es variable to true inside a class

that descendsfrom ProfTool by overriding the virtual StartUp method, which is called when the tool �rst

begins to execute. Alternately , the -c command line switch, which is parsed by ProfTool , can activate

the call site recording. This switch allows users of pro�ling tools to determine when they want call site

information.

4.4 Extending IProfT ool to MProfT ool

ProfTool contains the basicfunctionalit y that all toolswill needto have,such asbuilding the tree. IProfTool

contains extra functionalit y to count bytecodes. This extra functionalit y represents task-speci�c code that

makes each tool perform its specializedpurpose. Instead of counting bytecodes, for example, the tool can

be designedto count only newbytecodes,creating a tool that counts object allocations and thus pro�les the

memory allocation of the instrumented program. We built MProfTool , a memory allocation pro�ler, that

counts newbytecodesas well as newarray, anewarray, and multianewarray bytecodes.

The instrumentation part of MProfTool iterates through the class�le, examining every bytecode. When

a newbytecode is found, a call to trackInstruction s is inserted before the instruction, and the type of

bytecode (new, newarray, etc) is passedto the trackInstructions routine. This analysisroutine increments

the appropriate metric (1: new, 2: newarray, 3: anewarray and 4: multianewarray).

MProfTool also records the types of objects allocated, which is done by static analysis of the bytecode.

The BIT package provides an Instruction.getOp erandValue method that returns the operand of the

instruction. Sincethe operand of a newbytecode is an index into the class'sconstant pool, it can be usedto

15



---------------- --- -- -- --- -- --- -- --- -- -- --- -- --- -- -- --- -- --- -- -
newarray
---------------- --- -- -- --- -- --- -- --- -- -- --- -- --- -- -- --- -- --- -- -

Total details:
[char]: 113
[byte]: 1
[long]: 6557
[int]: 81

---------------- --- -- -- --- -- --- -- --- -- -- --- -- --- -- -- --- -- --- -- -
( 0) | JLex/Main.main
( 29) | JLex/CLexGen.<i ni t>

| =>[char]: 29
( 2) | JLex/CInput.<in it>

| =>[byte]: 1
| =>[char]: 1

( 4) | JLex/CSpec.<ini t>
| =>[char]: 4

( 0) | JLex/CNfa2Dfa.< ini t>
...
( 0) | JLex/JavaLexBit Set.g et
( 4994) ***************** *** | JLex/JavaLexBitSe t.< in it >

| =>[long]: 4994
...(remaining output deleted)

Figure 10: Sample MProfT ool output for JLex.

determine the nameof the object allocated, and that namecan be passedto IncDetailMetric , for example

as IncDetailMetric( 1, "String") to record that a string was allocated by new (metric 1).

MProfTool is useful for understanding the memory allocation behavior of a program. Figure 10 shows

a portion of the output that resulted from using MProfTool to instrument the JLex application (described

further in Section 6). The �gure indicates the output for the newarray instruction, which createsarrays of

primitiv e Java types. For each context (listed on the right) there is an associated number of calls to newarray

(listed on the left) along with a breakdown of the typesof arrays created (under the name of the procedure

in which the allocation occurred). Thus, JLex/CInput.<init > called newarray twice, once to allocate an

array of byte and onceto allocate an array of char. At the top of the diagram, the total number of arrays

of each type is listed. During this run, 113 char arrays wereallocated, 6,557long arrays wereallocated, and

so on.

Other tools, such as a cache miss pro�ler or a conditional branch counter, can be built in similar ways.

The ProfTool classis usedas a framework, and the appropriate placesin the bytecode are instrumented to

call analysis routines that increment the appropriate metric.
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5 Calling Context Tree Implemen tation

Although the Calling Context Treedata structure is designedto work with BIT in instrumenting programs,it

can alsobe usedindependently of BIT. That is, a program can usea CallingContextTre e directly, without

also using BIT. This functionalit y can be useful for loading and manipulating a CCT that has beencreated

by an instrumented application. Herewe describe the implementation of classCallingContextTre e in Java.

A CallingContextTre e is a collection of CallRecords . A CallRecord represents an invocation of a

routine in a particular calling context. It holds a representation of the nameof the procedure,and references

to its parent in the tree as well as its children.

The CallRecord alsostoresmetrics that are speci�c to a particular context. It has two kinds of metrics:

regular metrics and detail metrics. All call recordshave the samenumber of regular metrics, and theseare

used to store basic information about the program. In the example in Section 3, the number of bytecodes

was stored in metric number 1. ProfTool reservesmetric 0 to count the number of calls to each procedure.

There are also detail metrics, which record more speci�c details on a CallRecord by CallRecord basis. For

example, in MProfTool , which counts objects allocated by a newbytecode, detail metrics are used to store

the types of objects allocated. A particular routine may have called 50 newinstructions, and in doing so,

allocated 30 strings, 10 integersand 10 vectors.

The CallRecord has several static members. A dictionary storesall of the namesof the proceduresand

maps them to integers. Individual call recordsstore the nameof the associated procedureasan integer that

indexes into the dictionary. There is also a stack that is used as an internal copy of the call stack, with

CallRecords pushedand popped on the stack. This is necessaryto determine the parent of the currently

called routine and to restore the CallRecord of that parent as the current call record when the routine exits.

The CallingContextT ree providesan interfaceto the CallRecords that are linked in tree fashion. Thus,

it provides methods for tree construction, dealing with metrics, and loading and saving the tree to a �le. It

also stores its own set of regular and detail metrics, which represent totals for the whole tree. Whenever a

metric is incremented in a particular context, it is also incremented in the total metrics.

6 Performance and Exp erience

This section describes the results of using IProfTool on a set of Java applications. Section 6.1 discusses

the overheadthat results from the CCT pro�ling. Section 6.2 describesour experienceusing IProfTool to

optimize JLex, a lexical analyzer generator.
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Uninstrumented Number of
Program Description Execution ClassFile ClassFiles

(secs) Size(Kb)
JLex Lexical analyzer generator 6.9 76.7 20
aster Asteroids game 14.7 18.6 7
espresso Java compiler 5.5 295.3 105
java cup Parser generator 1.6 117.6 41

Table 1: Overview of Applications Measured

Instrumented with ProfTool Instrumented with IProfT ool
Time to Execution ClassFile Time to Execution ClassFile

Program Instr. Time (sec) / Size(Kb) / Instr. Time (sec) / Size(Kb) /
(sec) % Increase % Increase (sec) % Increase % Increase

JLex 6.0 35.8 / 421% 85.1 / 11.0 % 35.0 16.3 / 2290% 108.8/ 41.9%
aster 1.2 15.4 / 5.0% 21.5 / 15.5 % 3.9 21.2 / 43.5% 26.3 / 40.8 %
espresso 25.9 141.5/ 2454% 340.5/ 15.3 % 106.4 289.3/ 5118% 422.5/ 43.1%
java cup 8.7 18.8 / 1058% 141.8/ 20.6% 40.9 18.8 / 1059% 176.9/ 50.4 %

Table 2: Overheadfor running ProfTool and IProfT ool on various programs. The valuesfor ProfTool represent the
baseoverhead from constructing the Calling Context Tree. Additional instrumentation, such as counting bytecodes
(as IProfTool does) adds overhead.

6.1 Pro�ling overhead

BecauseIProfTool inserts calls to analysis routines at every basic block in a compiled bytecode, it can

add a signi�cant amount of overhead to the running program. IProfTool was used to instrument several

programsin order to measurethe overhead. Theseprogramsare JLex, a lexical analyzergenerator [2], aster,

an Asteroids spacegame(also usedin [10]), espresso,a Java compiler [9], and java cup, a \Constructor for

Useful Parsers" [4]. Table 1 summarizeseach application, including execution time and compiled bytecode

size.

The applications were compiled and run using Sun's JDK version 1.1.5 on a machine with a 233 Mhz

Pentium II with 64 MB of RAM. The JDK and applications were run under Windows NT version 4.0. All

data presented is the averageover 10 runs of each application. The variation in execution time betweenruns

was insigni�can t.

Table 2 summarizes the overhead for instrumenting and running ProfTool and IProfTool on these

applications. The table lists the time to instrument each application, the execution time and class �le

size of the instrumented program, and the corresponding increasefor execution time and �le size over the
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uninstrumented version. ProfTool builds the CCT only; therefore,the ProfTool data represents the pro�ling

overheadindependent of any speci�c measurements, such as bytecode counting in IProfTool .

The most signi�cant disadvantage of using ProfBuilder is the increasein program execution time. As

Table 2 indicates, the overhead for building the CCT is very high (over 2000%) for large programs such

as espresso,and the additional instrumentation in IProfTool causeseven more overhead. Optimizing the

CallingContextTr ee methods, which perform most of the runtime pro�ling computation, can reduce this

overhead. This would reduce the time spent inside CallingContextTre e methods, but little can be done

to reduce the number of calls to these methods, since a call is generated for every procedure call in the

instrumented program and, in the caseof IProfTool , for every basic block.

Several implementation improvements would signi�cantly decreasethe overheadof ProfBuilder. First, the

current versionof BIT only allowsa singleargument to be passedto the analysisroutines. Future releaseswill

eliminate this constraint. Second,as in our examples,often the analysis routine, such as trackInstructions,

is a small procedure, and could be inlined with better compilation technology. Finally, as all the code in

ProfBuilder is itself written in Java, it will bene�t substantially from better Java compilers.

6.2 JLex optimization

In order to test how useful tools, such as IProfTool , built using ProfBuilder could be in helping to optimize

programs, we attempted to optimize the performanceof a program we had not seenprior to instrumenting

it. For the program, we choseJLex, a lexical analyzer generator for Java written by Elliot Berk and similar

to lex [2]. This program is an exampleof a moderately sized,publicly distributed Java application written by

an outside party. We wereable to instrument the program and collect data without any prior understanding

of the sourcecode or underlying algorithms.

The original application required an averageof 6.86 secondsof execution time for a sample grammar

that is included in the JLex distribution. The program was instrumented with IProfTool , and data was

collected. A portion of the output is displayed in Figure 11. The output clearly indicates that a largenumber

of bytecodes (13,472,313)were executed in one calling context, the context for sortStates. Since the total

number of instructions executedwas 24,526,004,this one context accounted for over half of the instructions

executedin the program.

Examination of the JLex source code revealed that the sortStates method used a straight selection

sort, an algorithm with an averagerunning time of O(n2). In order to optimize this code, a merge sort

algorithm (running time: O(n lg n)) was substituted. The mergesort version had an averagerunning time

of 5.81secondsfor the samesamplegrammar. This represents a 15.4%reduction in execution time from the

reimplementation of a single routine in the program. Clearly, the information provided by the IProfTool

was valuable in the optimization of JLex.
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Total metrics
Instructions: 24526011

==============================================================

Metrics local to procedures

---------------- --- -- -- --- -- --- -- --- -- -- --- -- --- -- -- --- -- --- -- -
Instructions
---------------- --- -- -- --- -- --- -- --- -- -- --- -- --- -- -- --- -- --- -- -
( 7) | TimeRun.main
( 14) | JLex/Main.main
... (detail omitted)
( 798) | JLex/JavaLexBitSe t.s et
( 48) | JLex/JavaLexBit Set.r esize
( 12) | JLex/JavaLexBitS et .n bit s2siz e
( 3499882) ***** | JLex/CNfa2Dfa.e_c los ur e
( 1457610) ** | JLex/JavaLexBit Set.s et
(13472313) ***************** *** | JLex/CNfa2Dfa.s ort Stat es
( 2888) | JLex/CNfa2Dfa.add _to _dst ate s
( 988) | JLex/CAlloc.new CDfa
...(remaining output omitted)

Figure 11: A portion of the IProfT ool output from JLex.
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7 Related Work

The data structure and algorithms for the Calling Context Tree were described by Ammons, Ball and

Larus [1]. The data structure was written as described in their paper, with a few modi�cations for the Java

environment, speci�cally using arrays of integersinstead of hardware counters to record metrics.

Digital Equipment Corporation developed ATOM [11], or Analysis Tools using OM, for instrumenting

binaries on DEC machines. Lee and Zorn developed BIT [7, 8], a Java tool similar to ATOM. The Calling

Context Tree tools useBIT to instrument the bytecode. Both ATOM and BIT allow the user to construct

tools that monitor dynamic program executionby inserting calls to analysisroutine directly into the compiled

code.

Pro�ling tools originated with gprof [3], a dynamic execution pro�ler. gprof describes path pro�les by

describing the caller/callee connection between two routines. From these connections,the structure of the

call graph is inferred. Descendents basedon gprof include HiProf [13], a commercial hierarchical pro�ling

tool for the x86 architecture that inspired our IProfTool , mprof [14], a memory allocation pro�ler that is

the basisfor the MProfTool described here,and cprof [6], a cache pro�ler. Each of thesetools can be usedto

pro�le programswritten in languageslike C, but are not implemented for Java bytecode. Sun's JDK version

1.1.5 provides a pro�ling mechanism for Java programs by specifying the -prof option to the interpreter.

However, this pro�le only provides information about Java library functions and not the application being

run. Moreover, there are many pro�ling tools available, but few, if any, pro�ler generators. ProfBuilder is

the only mechanism we are aware of that provides CCT pro�ling and the abilit y to rapidly construct new

tools.

The CCT-based tools IProfTool and MProfTool di�er from gprof and related tools in that they record

the entire call path to each routine, and distinguish betweendi�eren t paths to the sameroutine. Thus, gprof

can generatea dynamic call graph, but in a call graph, di�eren t paths merge at points where they share

the sameroutine. Even if two paths share the sameroutine in a calling context tree, these paths are not

merged,providing more detailed information about the dynamic behavior of the program.

8 Summary

We have implemented ProfBuilder, a software package for rapidly generating Java pro�ling tools. This

package includes an implementation of a Calling Context Tree data structure in Java. Using the BIT

library , we have constructed tools that instrument Java bytecode to construct a CCT and store metric data

in it. Using CCT-based pro�ling tools, including the bytecode instruction pro�ler and memory allocation

pro�ler, providesa more completepicture of the dynamic characteristics of a program. Thesecharacteristics

include the e�ciency of algorithms, excessive memory usage,and possibleoptimizations of the program, as
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our experiencewith JLex demonstrates.ProfBuilder can be usedto build a variety of tools to study branch

prediction, caching algorithms, the di�erences in codeproducedby di�eren t Java compilers,and other details

of dynamic program execution.

This implementation of the CCT and pro�ling tools not only demonstratesthe e�ectiv enessof using the

CCT to pro�le programs, but the feasibility of using it to pro�le Java programs given the facilities of BIT.

As the number of programs implemented in Java grows and the needfor e�ciency in execution continuesto

be relevant, the CCT pro�ling tools will provide a useful mechanism for understanding and optimizing these

applications.

ProfBuilder is available for distribution by contacting the authors.
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