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1. Introduction

Performance profiling plays a crucial role in software developmen

on for studying the dynamic behavior of a program and guid
fimizations to portions of the code that take most resource
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Standard application profiling
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final int mid= (o+hi) / 2; | lo=mid + 1,

Result=mid; hi=mid - 1;
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Abstract

Traditional profilers identify where a program spends most of its
resources. They do not provide information about why the pro-
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Abstract the considered inputs. However, they may fail to characterize how

the performance of a program scales as a function of the input

In this paper we present a profiling methodology and toolkit for . - . o S
pape P P ° £y size, which is crucial for the efficiency and reliability of software.

helping developers discover hidden asymptotic inefficiencies in the
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the cost of a given run, we provide a cest function that relates
program input to algorithmic steps.

Algorithms researchers and advanced practitioners use cost
functions when analyzing the complexity of their algorithms. They

\Jsually perform asymptotic analysis to bound cost. In contrast, our
Igorithmic profiling approach automatically determines approx- J

Seemingly benign fragments of code may be fast on some testing

code. From one or more runs of a program, our profiler automati- : . . o . . "
, N , . o divi ines < . workloads, passing unnoticed in traditional profilers, while all of
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Input-sensitiveprofiling
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Input-sensitiveprofiling
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Input-sensitiveprofiling
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Genetic Algorithrdriven Profiler (GArof)

AAutomate inputsensitive profiling
AEXxplore input parameter space

ADetect performance bottlenecks
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Genetic Algorithrdriven Profiler (GArof)
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Genetic Algorithms (GAS)

ASimulate the natural selection process

AGenerate solutions to optimization problems
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Alarge input space

ACan be formulated as a search and
optimization problem




Why do we use GAs in ®fof q
ALarge input space

ACan be formulated as a search and
optimization problem

APerforms better than an alternative
solution
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GAComponent Definitions

Genes:

(Input 1: http:// localhost:8080/Agilefant/editUser.action

Input 2:http:// localhost:8080/Agilefant/editProduct.action?productld=5
Input 3:http:// localhost:8080/Agilefant/editProduct.action?productld=8

S X y

~N

A chromosome/individual

[ Individual 12, 18, 36, 27, 11, 13, 6, 43, 64, 12. 85. 49. 12. 53, 44. 78 :ﬂ,]47,
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Using GAs in GAof
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| Individual1 |
| Individual2 | j
| Individual 3] \

XX

Fitness function:
Individual4mp elapsed execution time
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Using GAs in GArof
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Individual4mp elapsed execution time
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Using GAs in GAof
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Using GAs in GAof

\- J

X X /_/

Parent: 2, 18, 36, 27, 11, 13, 6, 43, 64, 12, 85, 49, 12, 53, 44, 91, 79, 23, 3, 19

N

Child : 2, 18, 36, 27, 11, 13, 6, 43, 64, 85, 49, 12, 53, 44, 91, 79, 23,13
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Using GAs in GArof
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Using GAs in GArof

| Individual1 |

| Individual2 |

| Individual 3]
X X

Independent variables:

Crossover rate, mutation rate, number of individuals per generation

(1. Individual 25289.55\ é [ crossover] [Individuallvl}?
2. Individual 17256.7s .
3. Individual 91197.2s ndividualk
XX y [ mutation ] [Ly'Rf\ g,}
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|dentifying inputsensitive bottlenecks
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ldentifying inputsensitive bottlenecks
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Independent Component Analysis (ICA)
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Independent Component Analysis (ICA)
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Independent Component Analysis (ICA)
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Independent Component AnaIyS|s (ICA)
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Contrast Mining
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él App |é Profiler

p\

bl

Collect execution traces

MTDENT | _httgbio-8080-exec
7 | 131011218033882 | _fi/hutsoberifagilefanfmodel/Story | getStoryAccessék javautil/Set; ||

MTDRET | _httgoio-8080-exec
7 | 131011218036560 | fi/hutsoberitagilefanfmodel/Story | getStoryAccessé€kjavautil/Set; ||

MTDENT]|_http-bio-8080exec7 | 131011218074491 |_fi/hutsoberit agilefanimodel/User | getld)!_||_
MTDRET_|_httghio-8080exec7_[_131011218076276_|_fi/hutsoberit agilefanimodel/User_|_getld()I_|}._



Profiler
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Analyzer
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Research Questions (RQs)
ARQ - How effective is GARrof in \d
finding inputs leading to bottlenecks

ARQ - How effective is GRrof in
identifying bottlenecks

ARQ - Is GAProf more effective than
FOREPOST In identifying bottlenecks

J.



Research Question 1

How effective Is GRrof In findingnputs
leading to bottlenecks

ﬁ GAProf vs. Random




Research Question 1 D |
How effective Is GRrof In findingnputs |
leading to bottlenecks

) GAProf vs. Random

Ho: There Is no statistical difference
between GAProf and Random
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Research Question 2

How effective Is GARrof in identifying
bottlenecks

L Inject nine artificial performant
bottlenecks



