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Motivation



Unexploited parallelization 
potential

• Modern OO-Systems difficult to analyze

• modularity: loosely coupled modules

• runtime reconfiguration

• abstraction: dynamic binding

• encapsulation: data and computation locality



Can we dynamically 
extend static analyses?



Dynamic Binding
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Dynamic Binding

+ remove(e: Elem)

Linked List Vector
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public void removeAll(
	 	 List A, List B)
{
	 for (Object elem: B) {
	 	 A.remove(elem);
	 }
}

X X



First Step: Profiling

How much parallelism exists in legacy 
systems

Analyse several program runs

?

!



Example
public class SumUp {

	 public static void main(String[] args) {
	 	 int n = Integer.parseInt(args[0]);
	 	 long[] sums = new long[n];

	 	 for (int i=0; i<n; ++i) {
	 	 	 sums[i] = sumTo(i);
	 	 }

	 	 long overallSum = 0;

	 	 for (int i=0; i<n; ++i) {
	 	 	 overallSum += sums[i];
	 	 }
	 }

	 private static long sumTo(int n) {
	 	 return n == 0 ? 0 : n + sumTo(n-1);
	 }

}
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Execution Trace
n = Integer.parseInt(args[0]);

sums = new long[n];

for (int i=0; i<n; ++i) ...

sums[i] = sumTo(i);

for (int i=0; i<n; ++i) ...

sums[i] = sumTo(i);

overallSum = 0;

for (int i=0; i<n; ++i) ...

overallSum += sums[i];

for (int i=0; i<n; ++i) ...

overallSum += sums[i];
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Data Dependencies
n = Integer.parseInt(args[0]);

sums = new long[n];

for (int i=0; i<n; ++i) ...

sums[i] = sumTo(i);

for (int i=0; i<n; ++i) ...

sums[i] = sumTo(i);

overallSum = 0;

for (int i=0; i<n; ++i) ...

overallSum += sums[i];

for (int i=0; i<n; ++i) ...

overallSum += sums[i];
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Data Dependencies
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Critical Path
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Parallel Execution
Thread 2Thread 0 Thread 1
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Parallelization Potential

potential =
#nodes

potential =
#nodes 
on CP

#nodes
=

11
= 2.2#nodes 

on CP

=
5

= 2.2Example:



Basics

Dynamic Trace

Data Dependencies

Critical Path

Parallelization Potential



Applications

• Overall program analysis

• Suggesting parallelization candidates

• Automatic parallelization

• adaptive

• “just in time”

• Simulating parallelization strategies on a 
trace



Overall program analysis

program description
trace length 
[×106 insns] potential

antlr

jython

pmd

parser 
generator 212 384.28

python 
interpreter 2,812 185.13

Java source 
code analyzer 19 84.09



Parallelization Candidates

C2

C1

public class SumUp {

	 public static void main(String[] args) {
	 	 int n = Integer.parseInt(args[0]);
	 	 long[] sums = new long[n];

	 	 for (int i=0; i<n; ++i) {
	 	 	 sums[i] = sumTo(i);
	 	 }

	 	 long overallSum = 0;

	 	 for (int i=0; i<n; ++i) {
	 	 	 overallSum += sums[i];
	 	 }

	 }

	 private static long sumTo(int n) {
	 	 return n == 0 ? 0 : n + sumTo(n-1);
	 }

}
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Execution Trace
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Execution Trace
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Critical Path
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Work in Progress

• Automatically parallelizing just-in-time 
compiler

• Continuously enhancing parallelized regions

• choose reasonable initial configuration

• keep tracked information across program 
runs

• Fallback to serial execution on collisions



Summary



Summary



Appendix
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Gain Measurement

gain =
�

1− 1
potential

�
· influence

= influence− influence
potential



C1

Gain Measurement
(Example)
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Granularity

• so far: instruction level

• unrealistic for parallelization

• idea: basic blocks



Basic Blocks
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Basic Block Artifacts

...

...



Overall program analysis

program description trace 
length 
[⋅106]

potential 
(instructions)

potential 
(blocks)

antlr

jython

pmd

parser 
generator 212 384.28 14.01

python 
interpreter 2812 185.13 16.83

Java source 
code analyzer 19 84.09 8.16




