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zed void regressionfunc s

public synchroni
s staticRT = new Regressions();

static Regression

public void setTeams(Collection<Team> teams) {

this.teams = teams;

Backlog.staticRT.regressionFunc();
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turn Action.SUCCESS
’

for(Story child story.get(hildren()) {
if (child.getld() == story.getld())
continue;

= this.calculateStor

trics childMetrics =

yTreeMetrics(Child

}
StoryTreeBranchMe

return metrics;
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ABSTRACT features, code changes might degrade the software’s perfor:
mance. Hence, por(ummncv engineers must perform regres
gion tests t0 make sure that the goftware still performs &
good as pn-vions versions. Performance regression testing
is very jmportant to large software systems where a large
number of field problems ar¢ performance related (19).
Performance mgn-;s-)iun esting is very time consuming yet

The goal of performance regression testing is 10 check for
per(ummncc regressions in a new version of a software sys-
tem. Performance regression esting is an jmportant phase
in the softwar¢ development process. Performance regres-
sion testing is very time consuming yet there is usually lit-
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PerfImpact — performance regression
testing

* Search-based input profiling to find
specific inputs for exposing performance

regressions

* Change impact analysis (CIA) to

recommend the problematic code changes
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Genes:

fInput 1: http://localhost:8080/Agilefant/editUser.action

oo

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

\

J

A chromosome/individual

[ Individual 1: 2, 18, 36, 27, 11, 13, 6, 43, 64, 12, 85, 49, 12, 53, 44, 78, 31, 47 ]
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Research Questions (RQs)

* RQ1 - How effective is PerfImpact ’

in finding inputs that likely expose
performance regressions

* RQ2 — Can PerfImpact effectively
recommend changes likely
responsible for performance
regressions

9.



Research Question 1

How effective is Perflmpact in finding ,

inputs that likely expose regressions

— PerfImpact vs. Random

Ho: There is no statistically significant
difference between PerfImpact and

Random | ]



Research Question 2

How effective is Perflmpact in
identifying regression-inducing code
changes

* Inject nine artificial code changes

* Extract real code changes




Experimental Design

Agilefant

JPetStore

o

V3.2 vs V3.3
V3.2vsV 3.5 V3.0.0 vs V4.0.5

Total: 187 real changes + 9 artificial changes



RQ1 - Finding Regression-Specific Inputs

Agilefant V3.2 vs V3.3

5 10 15 20 25 30
Generations

Difference in Elapsed
Execution Time
N
S
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p < 1.23e — 296 =>null hypothesis is rejected
32



RQ:2-Performance regression in a real
code change

Code change: ProjectBusinessImpl.retrieveLeafStories()
Smaller values imply higher ranks
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RQ:2-Performance regression in a real
code change

Code change: ProjectBusinessImpl.retrieveLeatStories()

8000

)

g = V i+l

= 7 -

O &

554000

= S -t N

2 .."' ..
:'. ..... -, ® 34
5 15 25

Number of Users



RQ:2-Performance regression in a real
code change

Code change: ProjectBusinessImpl.retrieveLeatStories()

public List<StoryTO> retrievelLeafStories(int projectId, StoryFilters filters) {

for(Story leafStory : leafStories) {
StoryTO tmp = new StoryTO(leafStory); ......

Set<Task> tasks = new HashSet<Task>();

for (Task task : tmp.getTasks()) {
TaskTO taskTO = new TaskTO(task);
tasks.add(taskT0);

}
tmp.setTasks(tasks);

}

return leafStoriesWithRank;

35
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ABSTRACT 1. INTRODUCTION

During software evolution, the source code of a system fre- Performance is an important metric of software quality

quently changes due to bug fixes or new feature request- 60, 43|, whereas performance testing is a vital activity that

s. Some of these changes may accidentally degrade perfor- developers routinely perform during software developmen-

mance of a newly released software version. A notable prob- t and maintenance to ensure quality [19]. During software

\lem of regression testing is how to find problematic changes evolution‘, a numl?er of code‘ ?h?nges zplre committed, and
. . .

Online appendix:
http://www.cs.wm.edu/semeru/data/MSR16-PertfImpact/
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Additional Slides for Questions
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GAs — Independent Variables

* Crossover rate — 0.3
* Mutation rate — 0.1
* Number of individuals per generation — 30
* Termination Criterion
Maximum limit for the number of generations — 30

Average fitness value of every individual in one
generation

42



RQ1 - Finding Regression-Specific
Inputs

Agilefant V3.2 vs V3.5
go
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%%m%f%%%%%%
E< B 5 0 5 20 25
- Generations

p = 1.37e — 236 =>null hypothesis is rejected
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RQ1 - Finding Regression-Specific
Inputs

JPetStore V3.0.0 vs V4.0.5
Q_‘Cl) N 1 i : :
< & 90|
o 5 eI E0 E Ep EE pEE E E ER e
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p = 2.64e — 198 =>null hypothesis is rejected
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RQ:2-Performance regression in a real
code change

Code change: StoryHierarchyBusinessImpl.calculateStory TreeMetrics()
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RQ:2-Performance regression in a real
code change

Code change: StoryHierarchyBusinessImpl.calculateStoryTreeMetrics()

8000

4000

Total execution time
for impact set

Number of Users
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RQ:2-Performance regression in a real
code change

Code change: StoryHierarchyBusinessImpl.calculateStory TreeMetrics()

public StoryTreeBranchMetrics calculateStoryTreeMetrics(Story story) {
for(Story child : story.getChildren()) {
if (child.getId() == story.getId()) {
continue;

}

StoryTreeBranchMetrics childMetrics = this.calculateStoryTreeMetrics(child);

}

return metrics;

47
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RQ:2-Performance regression in an
artificial code change
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