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Introduction

» Not considered so far:
How to configure a software product line?
How about non-functional properties?

How to measure and estimate a variant’s non-functional
properties?



Agenda

» Configuration and non-functional properties
» Approaches for measurement and estimation
» Experience reports

» Outlook



Configuration of
Software Product Lines



Recap: Configuration and Generation Process

Reusable artifacts Car variants




Recap: Configuration and Generation Process

Reusable artifacts (code, documentation, etc.)
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Configuration based on requirements
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makerile:
all: hello

Lo

clean:
~rm wain.o hello.exe hello

nello: main.o
g++ -g =0 hello wain.o

Wain.0: wain.cpp
g+ ~¢ -g main.cpp




Configuration with Feature Models

Encryption . Dataanalysis

Functional requirements

s . .
‘ Compression Reporting
—0 optional
Database Management ——@ mandatory
System /Q\ alternative
- < /‘\ or

I Encryption I Transaction ICompressionI Indexes I Reporting I
S /b\ P 7

8MB || 32MB || 128MB Logging Pfg;';rcno'lts R-tree | | B-tree | | Hash 2k || 4K || 8K || 16K

Partial feature selection



Non-Functional Requirements
_Non only functionality is important

Performance
< >

Memory consumption
<€ >

Footprint

<€ >




Non-Functional Properties: Definition(s)

» Also known as quality attributes
» Over 25 definitions (see [6])

» In general:

Any property of a product that is not related with
functionality represents a non-functional property.

» Different models describe relationships among non-
functional properties



McCall‘s Quality Model | [7]

» Modelling of quality attributes and factors to simplify
communcation between developers and users
» Hierarchical model:
11 factors (specify product; external user view)
23 quality criteria (for development; internal developer view)
Metrics (to control and evaluate results)
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McCall‘s Quality Model | [7]

External View
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Tracebility

Correctness

Completeness

Consistency

Accuracy

Reliability

Error tolerance

Execution effiency

Effiency

Storage effiency

Access control

Integrity

Access audit

Operability

Usability

Training

Communicativeness

Internal View



ISO Standard 9126 + SO/IEC 25010:2011

Analysability
Changeability

Testability
Stability

Maintaina-

Attractiveness L

Operability

Learnability
Undenstandability

Suitability
Interoperability

- Portabil |t'.l
+ Compliance

Regularity Adaptability
a;‘:;tr”at;y Replaceability
Installability

Co-existence

Fault tolerance Maturity

Recoverability
Quelle: Wikipedia
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Ressource utilisation
Time behaviour

SO/IEC 25010:2011 defines:

1.A quality in use model composed of
five characteristics (some of which are
further subdivided into
subcharacteristics) that relate to the
outcome of interaction when a product
is used in a particular context of use.
This system model is applicable to the
complete human-computer system,
including both computer systems in use
and software products in use.

2.A product quality model composed of
eight characteristics (which are further
subdivided into subcharacteristics) that
relate to static properties of software
and dynamic properties of the
computer system. The model is
applicable to both computer systems
and software products.



Categorization

» Quantitative
Response time (performance), throughput, etc.
Energy- and memory consumption
Measurable properties, metric scale
Easy to evaluate

» Qualitative
Extensibility
Error freeness
Robustness
Security

No direct measurement (often, no suitable metric)
14



How to configure with non-functional properties
in mind?
Non-functional requirements 'I" Energy consumption

Memory consumption ’ Footprint

Maximize performance, but keep footprint below 450 KB

—0 optional
Database Management ——e@ mandatory
System /Q\ alternative
- ~ /‘\ or

I Encryption I Transaction ICompressionI Indexes I Reporting I
o> /b\ /<>\ 7

Commit

8MB || 32MB || 128MB Logging Protocols R-tree | | B-tree | | Hash 2K || 4K || 8K || 16K
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Motivating Questions of Practical Relevance

» What is the footprint of a variant for a given feature
selection?

Database Management E
425 KB A

IC che Siz: ” Encryptlon‘ Transaction ’ ooooooooo “ Indexes ” Reporting “ Page Siz I

|8MB ” 32MB ‘I 128MB| ’ Logging H Pr‘;;';r:o'lts ’R-tree‘ IB-treeI | Hash | m

» What is the best feature selection to minimize memory

Database Management

consumption?

é I Cache Size ” Encryption ‘ ’T aaaaaa tion ‘ ’ Compression“ Indexes ” Reporting H Page Size I

/X S
I8MBI‘ 32MBH 128MB‘ ’ Logging H Pf‘;:;’:g;‘s ‘ ’R—tree‘ ’B-tree“HashI m
» What are the performance critical features?

Database Management
System

|Compesso | Indexes || Reporting || Page Size

T >
PC ;"mlt | |Rt 2|< 4|< 8K 16K
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Practical Relevance

Configuration complexity: [1] Xu et al. FSE’15: Developers and users are overwhelmed with

configuration options

700 . .

6004 Storage-A
500

arameters

= 400-
300
200
100-
01

Number of p

7/2006 7/2008 7/2010 7/2012 7/2014
Release time

Number of parameters

0

1/1998 l,’2i}[]2 1!2&]06 lf2(l)l[] lf2‘(}l4

Release time

Substantial increase in configurability
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Number of parameters
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1.0.0 ;
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80 -
404 - |
—o— MapReduce|
—a— HDFS

0 . ' .
1/2006 1/2008 1/2010 1/2012 1/2014
Release time

Unused optimization (up to
80% of options ignored)

Parameter: optimizer_prune_level (Boolean) *MySQL*/

Desc.: Controls the heuristics applied during query optimization to prune
less-promising partial plans from the optimizer search space.

Values: QOor1

Usage: No user set the parameter in our dataset.

(a) Empirical, heuristic usages

Parameter: key_cache_block_size (Numeric) *MySQL*/
Desc.: The size in bytes of blocks in the key cache.
Values: (612, 16384]

Usage: All the users stay with the default value 1024 in our dataset.

|




Why Should We Care? MysalL:

Outdated default configurations: [2] Van Aken et al. ICMD’17: Default configuration assumes
160MB RAM

Non-optimal default configurations: [4] Herodotuo et al. CIDSR’11: Default configuration

results in worst-case execution time o 7r Y
B o =/d/o a

Non-optimal default configurations: [3] Jamshidi et al., MASCOTS’16: Changing configuration
is key to tailor the system to the use case

Best

35000

30000

0 500 1000 1500 2000 2500 3000
WO rst Sorted Configuration

or ofép//tt;rs - S ng;“bp;;' of
52) Best configuration is 480 Only by tweaking 2 options
STORM {imes better than Worst out of 200 in Apache Storm -
18 configuration observed ~100% change in

latency
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~
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Measuring Non-Functional Properties



Side Note: Theory of Measurement

» Stevens defines different levels of measurement [4]

Nominal scale Ordinal scale Interval scale Ratio scale

Y F 1 F Y

A B C A<B<C 1 195 2 o 1 15 2
Quelle: Wikipedia

—
r

Examples:

Sex Grades Time (date) Age
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Classification of Non-Functional Properties for

Software Product Lines

» Not measurable properties:
Qualitative properties

Properties without a sensible metric (maintainability?)

» Measurable per feature
Properties exist for individual features
Source code properties, footprint, etc.

» Measurable per variant

Properties exist only in final (running) variants

Performance, memory consumption, etc.

MNon-Functional
Properties

/\

Non-measurable

22

Measurable

O

Per Feature

Per Variant




Methods for Measuring Product Lines

» How to measure non-functional properties of variants
and whole product lines?

» Artifact-based

» Family-based
» Variant-based

23



Measurement: Artifact-based

» Artifact-based
Features are measured in isolation from other features
Linear effort with respect to the number of features
Robust against changes of the product line

» Drawbacks:
Not all properties are measurable (performance?)
Requirements specific implementation techniques (#ifdef?)
No black-box systems, since code is required
No feature interactions considered (accuracy?)
Requires artificial measurement environment

Effort Accuracy Applicability Generality Environment

24




Measurement: Family-based

» Family-based

Measurement of all features and their combinations at the
same time

Requires feature model to derive influence of individual
features on the measurement output

Effort: O(1) if there are no constraints
» Drawbacks:
Not all properties measurable; artificial measurement setting

Inaccurate with respect to feature interactions
Requires tracing information from features to code

Accuracy Applicability Generality Environment

25



Measurement: Variant-based

» Variant-based
Measure each individual variant
Every property can be measured
Works for black-box systems
Independent of the implementation technique
Interactions between features can be measured

» Drawback:
Huge measurement effort O(2")

Accuracy Applicability Generality Environment

26



Example: S

Exclusive Locking

Case Sensitivity

Thread Safety

Atomic Write

Varianten:

Ol ite

SQLITE_TEMP_STORE=<0 through 3>

This sption controls whether temporary files are stored on disk or in memory. Th

SQLITE_TEMP_STORE

Mesning

] Ahnzys uzs tamporary fizs

Us= files by default but allow the PRAGM.

?SQLite

1.1 Options To Set Default Parameter Values

SQLITE_DEFAULT_AUTOMATIC_INDEX=<0 or 1>

This macro determines the initial setting for P

sqLite.

See also: SQLITE OMIT AUTOMATIC INDEX

SQLITE_DEFAULT_AUTOVACUW

This macro determines if SQI
command.

SQLITE_DEFAULT_CACHE_SIZ|
This macro sets the default g
SQLITE_DEFAULT_FILE_FORM
The default schema format n

All versions of SQLite since 3
schema format was setto 1

The schema format number
SQLITE_DEFAULT_FILE_PERM
The default numeric file perny
SQLITE_DEFAULT_FOREIGN_K

This macro determines whetl
iz normally off by default, buj

SQLITE_DEFAULT_MMAP_SIZH

This macro sets the default |i
sqlite3 config(SOLITE CONF

SQLITE_DEFAULT_JOURNAL_S]

This option sets the =size limif
be changed at run-time using

SQLITE_DEFAULT_LOCKING_M
If =et to 1, then the default [d
SQLITE_DEFAULT_MEMSTATU
This macro is used to determ|

SQLITE_DEFAULT_PAGE_SIZE

M= oe 1 aco
SQLITE_MAX_SCHEMA_RETRY=N

Whenever the database schema ch
any real work done. This paramete

SQLITE_POWERSAFE_OVERWRITE=H

This option changes the default assi
just before a power loss. With SQLI|

YYSTACKDEPTH=<max_depth>

This macro sets the maximum dept|
consider refactoring their SQL as it

1.2 Options To Set Size Lin

There are compile-time options that will

The compile-time options for setting upp|
SQLITE MAX ATTACHE|
X _COLUM

COMPQUND SELECT

LEMG]

SOLITE MAX PAGE COUN
SOLITE MAX L LENGTI
SOLITE MAX RIABLE NUMBER

R
{3
elieliefel el
=l
m
=
s =
=
-
c
0
I | =
&} =
= (]
14 JZ;I
= I

Us= memary by default but allow the PR

(e

Ahnzys use memary

The default ==tti

s 1. g

SQLITE_TRACE_SIZE_LIMIT=N

itional information can be found in

If this macro

SQLITE_USE_URI

This option causes the

1.4 Options To Enabj
SQLITE_ALLOW_URI_AUTHO

= rarmally thegf
Ssme futurs versions of 501

SQLITE_ALLOW_COVERING_I|

Thiz C-preprocess m
2pplizations to bresk.

SQLITE_ENABLE_8_3_NAMES|

If this C-preproc
Sefault Bt may b

SQLITE_ENABLE_ATOMIC_WH

If this C-prprozessar macrg
filzsystams that suppart 2t

SQLITE_ENABLE_COLUMN_M

Wiren this C-preprocessar of

SQLITE_ENABLE_STAT2

Thiz sption used 1o causs th

SQLITE_ENABLE_STAT3
Thix option adds sdditional o
SQLITE_ENABLE_TREE_EXPLAIN

This sption adds suppart for the SOLTE_TESTY
This whale macharism is highly sxpzrmertal

SQLITE_ENABLE_UPDATE_DELETE_LIMIT

This sptizn =rables an optisral ORDER B arg

If this option is & d, then it must also be &

SQLITE_ENABLE_UNLOCK_NOTIFY

Thiz oplion =nables th

SQLITE_SOUNDEX

Thiz cption =nables th

YYTRACKMAXSTACKDEPTH

This cption causes the LALR[1) parsar st

1.5 Options To Disable Featureq

1.3 Options To Control Op
SQLITE_4_BYTE_ALIGNED_MALLOC
On most systems, the malloc() syst
SQLITE_CASE_SENSITIVE_LIKE
If this option is present, then the by
SQLITE_DIRECT_OVERFLOW_READ
when this option is present, conten
SQLITE_HAVE_ISNAN
If this option is present, then SQLitg

cousTc A aTucos o) oF ]

SQLITE_ENABLE_FTS3
When this option is defined
SQLITE_ENABLE_FTS3_PAREN

This option modifies the

SQLITE_ENABLE_FTS4

When this option is

SQLITE_ENABLE_ICU

This option causes the

SQLITE_ENABLE_IOTRACE

When both the SQLits

SQLITE_DISABLE_LFS
IT This C macr is defined, largs 1|
SQLITE_DISABLE_DIRSYNC

If this C-praprocesser macrs is

=d, dirsciof

SQLITE_DISABLE_FTS3_UNICODE

If this C-prapreczsser mas

i
SQLITE_DISABLE_FTS4_DEFERRED

If this C-praprocesser m =ables the "4

1.6 Options To Omit Features

optionz. You

not require valu=s. Th

2ry of thess sotisrs are
vsite. Ary SOLITE_OM

4, then the sam
_* options wh

.| ‘sQUITE_omIT_BumTIN_TEST

SQLITE_OMIT_AUTOINTT

ris camzatmiy
MIT_SUTCINTT, 53

SQUITE_OMIT_AUTOMATIC_INDEX

it T

This option is u
SQLITE_OMIT_AUTORESET

the trary o
SQLITE_OMIT_BETWEEN_OFTIMIZATY
Thiz splisn dissties the vo

SQLITE_OMIT_BLOB_LITERAL

Vilen this optio s not

SQLITE_OMIT_BTREECOUNT

5, 2n =otin]

& sisrdsrd S0t buig

SQUITE_oMIT_casT
Tris sptien causes SQUte T el sug)
SQUITE_OMIT_CHECK
Thiz cptien caures SOLte to st s
SQLITE_OMIT_COMPILEOPTION_DIA

Thiz sption is ueed

=it the =

SQLITE_OMIT_COMPLETE

This sption causes Te o

SQLITE_OMIT_COMPOUND_SELECT

Tz it the c2me:

T ststzmant wih multipe v
SQUITE_OMIT_DATETIME_FUNCS

I thiz epton = Squts b

SQLITE_OMIT_DECLTYRE

This zptien causes SOlte tx 2t s
SQLITE_OMIT_DEPRECATED

Tris sptien causes SQUte T el sug)
SQLITE_OMIT_DISKIO

This sptien omits 2l suppert Tor wrt
SQLITE_OMIT_EXPLAIN

Difining this zption czuses

SQLITE_OMIT_FLAG_PRAGMAS
This option omils suppert for 8 subs
SQLITE_OMIT_FLOATING_POINT

Thiz sption iz vs=d 1= smit fosting-

In the future, this option may also G

SQLITE_OMIT_FOREIGN_KEY.

SQLITE_OMIT_LOOKASIDE

This oplion omits the

SQLITE_OMIT_MEMORYDB

Vier this is a

. the library doss ot respect the special
SQLITE_OMIT_OR_OPTIMIZATION
This option disables the abilty of SQLits to use an index b

SQLITE_OMIT_PAGER_PRAGMAS
Defining this oplion omils pragmas relsled Iz Dhe pager subey
SQLITE_OMIT_PRAGMA

This option is used to omit th

smmand from the i

SQLITE_OMIT_PROGRESS_CALLBACK

This option may be emit the czpebility to issue "pr
SOLITE_OMIT_QUICKBALANCE

Thiz egtior emits 20 shzrative, faster 5-Tres Bzlzncing ract
SQLITE_OMIT_REINDEX

Wihen this opticn is de ommand is ol inc

SQLITE_OMIT_SCHEMA_PRAGMAS

D P

ing this option omits pragmas for querying th

tabase

SQLITE_OMIT_SCHEMA_VERSION_PRAGMAS
Defining this option emits pragmas for querying ard madifyin
SQLITE_OMIT_SHARED_CACHE

This oplion buikts SQLTe wilhout support for shared

SQLITE_OMIT_SUBQUERY

. support fer sub-
SQLITE_OMIT_TCL_VARTABLE

I7 this macro is defined, then the

"8 myrtax m=d b0 2

SQLITE_OMIT_TEMPDE

This option amits suppart Tor TEMP or TEMPORARY tables.

SQLITE_OMIT_TRACE

This option emits support for the
SQLITE_OMIT_TRIGGER

Defiing this option omits support for TRIGEE Heith

SQLITE_OMIT_TRUNCATE_OPTIMIZATION

A default build

t SQLite. if =

stzmart has nz W)
SQLITE_OMIT_UTF16

This macrs is used To omit support for UTFLE text encoding

SQLITE_OMIT_VACUUM

Wihern this option is command is not inc

SQLITE_OMIT_VIEW

ing this option omits zu

WARNING:

260,532,200,783,961,400,000,000,0
000,000,000,000,000,000,000,000,0

00,000,000,000,000,
00,000,000,000,000

|z meznariem in :

2. TWALT) sapac

2ry that contains

Qits litrary =me

21 haip slstame

For ordinary FTS3/FTS4 quer|
sufficient for up to 4085 ordi
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SQLite in a multithreaded program.
To put it ancther way, SQLITE_THR|

The value of SQLITE_THREADSAFE

This option adds extra logic

SQLITE_ENABLE_MEMSYS3

Wwhen SQLite has been compiled

s SOLITE CONFIG SINGLETHREAD

Viher this option is d=
SQLITE_OMIT_ATTACH

Vitver this option is d=fined, the ATTACH an
SQLITE_OMIT_AUTHORIZATION

D=

SQLITE_OMIT_AUTOINCREMENT

This opticn is used to omit the AUTOI

g this option omits the authorization callback fzaturs from the library. The

NT functiorality, Wier this is macrd

ommands ars omilled Trof

T T T
slems SQlt= 1=

1.7 Analysis and Debugging Options
SQLITE_DEBUG

contsins erally T
2iz= tums on £zme oiver




Approach 0: Brute Force

» SQL data:

3*1077 varaints

5 minutes per measurement (compilation + benchmark)

» 3*¥1077 * 5min = 2,853,881,278,538,812,785,388,127,853,881,300,000,
000,000,000,000,000,000,000,000,000,000,000,000 years!

Now

1.37 * 10 %years

Logarithmic
time scale

Big bang é

28

Birth of earth
9 * 10°years

|
>

Measurement finished
2.8 * 107?years



Approach 1: Sampling

» Measure only few, specific variants
Predict properties of unseen configurations

State-of-the-art approaches use machine-learning techniques
for learning a prediction model

» Problem: Feature interactions

We need to measure many combinations of
features to identify and quantify the influence :
of interactions |

Order-6 interaction:
13,834,413,152 = 131,605 years!

29



Approach 2: Family-Based Measurement

» Create a variant simulator
» Execute simulator and measurement the property

» Compute the influences of each feature based on the
execution of the simulator

_ Impl. Variant Call
Customizable| artifacts  simulator graph(s) | performance model

program T Jraps)
= » P
O
Workload | H

. (base,15s), (f1, 5s),

(2, 3s), (f1#2, 10s), ..

fully automated

30
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Prediction of Non-Functional Properties



Learning Techniques

Regression

Neuronal networks

CART

Bayse Nets

MARS

M5

Cubist

Principal Component Analysis
Evolutionary algorithms

vV VvV VvV V9V VvV VvV V9V V9V Vv v©9
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Goal: Prediction of Properties based on the
Influence of Features

Partial feature
selection

PageSize 4k
Hash_Index

Influence Model

Objective
function

(PageSize_1k, 15s)
(PageSize_2k, Os)
(PageSize_4k, -10s), (CacheSize_8k, -5s),
(Encryption, 20s), (Hash_Index, - 5s)
(Encryption#PageSize_4k, 15s)

33



Overview

Configuration space
Size:~ Z#Options

Performance model

Goal

Not covered here

if thoa.isSelected{)} {
t = t.applyinew hoai"h" +

I3

if (ladvice.isSelected{)) {

t = t.applyinew advigce("a"

t
if {intro.isSelected()} {
t = t.applyinew intro

34 o
System understanding

Cohen et al. TSE’08; Siegmund et al. SPLC’'11, SQJ'12,
ICSE’12, FSE’15; Sarkar et al. ASE’15; Henard et al. TSE’14,
ICSE’15; Oh et al. FSE’17; Johansen et al. SPLC’12; Medeiros
et al. ICSE’16; Dechter et al. AAAI'02; Gogate and Dechter
CP’06; Chakraborty et al. AAAI'14; ...

Key domains: Combinatorial testing, artificial intelligence,
search-based software engineering, design of experiments

Guo et al. ASE’13; Siegmund et al. ICSE’12, FSE’15; Sakar et al.
ASE’15; Oh et al. FSE’17; Zhang et al. ASE’15; Nair et al.
FSE’17,arXiv’17; Jamshidi et al. SEAMS’17; Xi et al. WWW’04,...
Key domains: machine learning, statistics

Sayyad et al. ICSE’13, ASE’13; Henard et al.
ICSE’15; White et al. JSS’09; Guo et al. JSS’12; Kai

(=}
—
=l
=]

h—
(=]
—
(=]

-10 Shi ICSME’17; Olaechea et al. SPLC’14; Hierons et

al. TOSEM’16; Tan et al. ISSTA’15; Siegmund et al.
SQJ’'12; Benavides et al. CAISE’05; Zheng et al.

([ Jrj[a]e]-1]

OSR’07; Jamshidi et al. MASCOTS’16; Osogami und
Kato SIGMETRICS’07; Filieri et al. FSE’15

Optimal

configuration(s)

Key domains: search-based software engineering,
meta-heuristics, machine learning, artificial
intelligence, mathematical optimization



Sampling — Overview

Challenges:

Exponential size
configuration space

(1,0) (1,1)
. . . c
Binary configuration £
options S
&

(0,0)  compressionig (0,1)

35

.

Find only relevant configurations
for measurement

(1000MB,0) 1000MB,32k)
-
% Numeric
S configuration
options
(0,0 PageSize E (0,32k)



p(\;vct)orpbtaslnaranoerLlnr;zl in the presence of ?

Trivial approach: Enumerate all configurations and randomly draw one

SAT approach: Manipulate a SAT/CSP solver:

BDD approach: Create a counting BDD to enumerate all configurations: |

Beyond SE: Tailored algorithms: [7] Chakraborty et al. AAAI’14: Hash the configuration space
[8) Gagate and Dechter CP’06 and [9] Dechter et al. AAAI’02: Consider CSP output as probability distribution



Sampling with Coveragel =

Survey: [10] Medeiros et al. ICSE’16 &
Kuhn et al.:

Interaction coverage: t-wise, (e.g., 2-wise = pair-wise) [11] Henard et al. TSE'14
[18] Cohen et al. TSE'08

Vi
.
[19] Johansen et al. SPLC’'12
® souTe HAvERSONTE OMIT_BETWEEN OPTIMIZATION
® sOUTE_TEMP_STORE=2 saLiTe omm ERbisgeatures
L]
SQLITE_ENABLE_FTS3_PA@ENTHESIBIIT QUICKBALANCE
SQUITE_OMIT_COMPOUND_SELECT SOLITE_OMIT_SHARED_CACHE
SQLITE_OMIT/XFER_OPT
@ SOLITE_OMIT_TCL_VARIABLE
SQLITE_ENABLE MEMSYS
LITE_OMIT_TEWPDB sauTE OMIT_|
QUITE_OMIT_OR_OF IZATH
QLITE_ENABL
| &

RELQB
SQLITE_OMIT_LOAD_EX

) EXTENSION
mL\TE,oml@B'ﬁHHﬂE%‘F L GOKASIDE

[20] Siegmund et al. SPLC’'11
[21] Siegmund et al. ICSE’12

J OMIT_PAGER_PRAGMAS

@ soure. owr.perRecaTeD ﬂ‘ﬁﬂw/‘ J,‘l«“\;"-‘ '\~ . - NABLESj:I:;ZENABLE UPDATE_DELETE_LIMI
ITE_TEMP_STOR “ / lll’i"“\‘“\ 5

ITE_OMIT_VIEW
SQLITE_ENAREA M s WEEE L Fs
'® SOLITE_OMIT_SCHEMA_PRAGMAS

L ] SOLITE_OMIT_SCHEMA_VERSION_PRAGMAS

® CrooseSOLITE_TEMP_S1GR

Many options do not interact

2-wise interactions most common™"""

Hot-spot options .
37

CuUuUM
SQLITE_OMITgEOM R EQRTIPN HARS:

SQUTE_ENABLE_C-UMMSI0RA Fiac_pracuas
TABLE

SOLITE_OMIT_GET.
® omiFestures

SQUTE_OMIT_ALTERT i@\ ime_omiT_pECLTYPE

@ SOLITE_ENABLE_MEMORY_MANAGEMENT
L] OperatingSystdEheeierBISE SENSITIVE_LIKE



Sampling with Coverage ||

GLOBAL

SENSITIVITY
ANALYSIS

The Primer

Saltellie et al.:

Option coverage: Cover all options either by minimizing or maximizing interactions

#ifdef A pair-wise one-disabled
’;;.?Ode L config-1: 'A B C config-1: '1A B C
#endi config-2: 'A B !C|| config-2: A IB C
- config-3: A !B !C|| config-:3: A B IC
#lﬁfEF 8 config-d: A B C
code 2 -
#else most-enabled-disabled
// code 3 one-enabled config-1: A B C
#endif config-2: 'A B IC
config-1: A B !IC
#ifdef C config-2- 1A B IC statement-coverage
N.COde 4 || config-3: 1A 'B C config-1: A B C
#endif config-2: A IB C
L] L2 3 Ly L
1 0 1 1 0 0 0 1 1
2 0 0 1 1 1 0 o 0
3 1 1 0 1 o 1 1 1
4 0 1 0 1 0 1 0 0
5 1 1 0 0 0 1 0 ]
G 0 0 0 1 ] 1 0 0
T 1 1 0 1 0 0 0 1
b 1 0 0 0 1 0 0 1

38

Leave-one-out /one disabled sampling: [10] Medeiros et al. ICSE’16
Option-wise sampling: [20,24] Siegmund et al. SPLC’11, IST’13
Negative option-wise sampling: [22] Siegmund et al. FSE’15

Option-frequency sampling: [23] Sakar et al. ASE’15

Tq ro T3 T, TN
I:> selected 4 5 2 . 3 .. .. 5
deselected 4 3 6 .. 5 .. .. 3




Sampling Numeric Opti

Identification of Main Effects with Identification of Main Effects co

2 way interactions when resources are limited

Wiley Student Choice

ons

nfounded with Identification of Main Effects

WITH 2 way interactions

all other interactions negligible
PLACKETTE FRACTIONAL FULL
BURMAN FACTORIAL FACTORIAL
\/(M v ouw WILEY
| e S
S T | [
| e - ) zd P .
* Number of Runs: LF .

* Ndmber of Runs: L™

* The goal is OPTIMIZATION of critical factors
* Emphasis is on the fitted surface representing true behavior
* Detect non-linear significant curvature in response surface

* Factors are COMPONENTS of a MIXTURE &
Components must TOTAL TO A CONSTANT i.e. 1 (100%).
Response is a function of proportion

of mixture components.

to investigate full quadratic relationship
Response Surface Mixture
All components have the same range Upper and/or lower bound constraints.
CENTRAL BOX SIMPLEX SIMPLEX D- OPTIMAL
COMPOSITE BEHNKEN LATTICE CENTROID CONSTRAINED
1 .l‘- " & ¥
: AP o - - 4
e g e, vl o0 g - e & ipacd .. QY s
e < . 4 LA g —’nn ":2"":." ,....m., A{:: 5
| AR, S s SR
rs 040 . s+ .:m I h&:, ®aam N :‘M hé‘.‘_ M’m s "(?‘:;.n s S .ﬁ )‘

Factorxt
°

Levels: 3 levels per factor
Design Points: at the “mid” points of
edges of the process space & center

“"

“

* Levels: 5
[“-o,-130and "+1') + ']
* No of Runs: 2% +2SP +CP

A

Number of design points In the g-component, the Number of Design points

in the {q, m } simplex-lattice  pumber of distinct points is %=L+ (1-L)x*
(g+m-1)! /(m!(q-1)!). 29-1, L = sum of all lower bounds.



Plackett-Burman Design (PBD)

» Minimizes the variance of the estimates of the independent
variables (numeric options)

» ...while using a limited number of measurements
» Design specifies seeds depending on the number of

experiments to be conducted (i.e., configurations to be
measured) Numeric options

Value range of a numeric option
J
0 1 2

Min Center Max

Configurations
I

40
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In Detail: Feature-wise Sampling



Determine the Influence of Individual Features

» How shall we approach?

DBMS

Core Compression Encryption Transaction
| ) ) S
) =100s (=) =100s (=) =100s
IT ( ,\*)=1205 (- ,(&)=130s IT ( ,>)=1105
A () = 20s A(R) = 30s A(?) = 10s

T g @D)=A00) +Ag)+AER) +A(D)

- 160s

42
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Experience with Feature-wise Sampling



Footprint
» Material:

Prevayler
ZipMe
PKJab
SensorNet
Violet
Berkeley DB
SQLite

Linux kernel

44

Database

Compression

Messenger

Simulation

UML editor

Database

Database

Operating system

Industrial
Academic
Academic
Academic
Academic
Industrial
Industrial

Industrial

Java

Java

Java

C++

Java

C

C

C

11

26

100

85

25

104

72
3240
ca. 102
256

ca. 10

ca.3 * 10’/

4 030

4874

5016

7303

19 379

209 682

305 191

13 005 842



Results: Footprint

» Average error rate of 5.5% without Violet
» With Violet: 21.3%

# measurements

SQLite: 85 vs. 288
Linux : 25 vs. 3*107

w_
e
[
(0]
e © -
(]
o
£ 4
]
)
©
e
S ]
o — —_—= EAE —_— . —_— ég
[ [ [

| | | | I |
LinkedList ZipMe PKJab SNW Violet] BerkelyDB SQLite Linux

Customizable Programs



Analysis: Feature Interactions

» Two features interaction if their combined presence in a

I | class List {
program leads to an unexpected | Lo,
. 3 Element+ head;
program behavior 4 |#ifdef PrintList
5 void printList () { ‘ PrintList ‘ |PrintEIement|
6 cout << numberOfElements;
7 | #ifdef PrintElement '
g if (this >hesd 1= NULL) Optionsl ==
9 printElement (this ->head) ;
10 | #endif
11 }
12 | #endif
Measured 13 | #ifdef PrintElement
EXpeCtEd 14 void printElement (Element* node) {
15 node—>print ();
16 if (node->hasNext ())
17 this —>printElement (node->getNext ());}
18 | #endif
19 | 1};
(g @)= A ) +Alg) +A(B)
=100s + 20s + 30s
= 150s
% Feature Interaction:{gg # (7} since encrypted data has been
reviously compressed
3‘% = 140s* P y comp
N\

A(w # ) = -10s //delta between predicted and measured performance
49
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Experience with Pair-wise Sampling



Pair-wise Measurement: Footprint

» Average error rate of 0.2% without Violet
» Reduction of 4.3 %

H measurements:

SQLite: 3306 vs. 28°
Linux : 326 vs. 3*107

<

wH —
=
g <
5
o o -
< 722% Error rate
g N
3 - T }
L . '
o 4 élg L —_— - — IS A

| | | | | | | | |
LinkedList Prevayler  ZipMe PKJab SNW Violet| BerkelyDB SQLite Linux

Customizable Programs
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White-Box Interaction Detection: Footprint

» Source code analysis revealed higher order feature

interactions in Violet; these had been explicitly measured
# measurements:

SQLite: 146 vs. 28>
Linux : 207 vs. 3*107

Average error rate of 0.2% with
Violet

Fault rate in percent

A#_iz&£;$

I I I
LinkedList Prevayler  ZipMe PKJab SNW Violet  BerkelyDB SAQLite Linux

Customizable Programs
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Analysis of the Results

» When learning a model, we need to consider interactions and
so does the sampling approach

» In case of pair-wise sampling (2-wise)
High effort: O(n?) with n features
Still inaccurate in presence of higher-order interactions h

» Follow-up research questions:
How do interactions distribute among features?
Do all features interact or only few?
What order of interactions is most frequent?
Are there patterns of interactions?

55




Distribution of Interactions?

56

B = i i el 5 o e L
2Ty iﬂ',ﬁ%ﬁ“m:\\%- ~OMIT_SLILTIN_TEST

s
®.5cl1] S T ITE_:
:aﬁﬁ!k& N ‘:-_‘-__ QLITE_OMIT_AUTOINIT

==
NN

_PRAGMA
= : OMIT_REINDEX
L I
‘ \\\\V AN GOLITE OMIT_BTREECOU
& S LITE_OMIT_PROGRESS_CALLBACK
® OperatingSystemChara

Insight 1: Few features interact with many (hot-
spots) and many features interact with few.




Do all Features Interact or only few?

57

® sQUTE HAVERSIINTE_OMIT_BETWEEN_OPTIMIZATION

® sQUTE_TEMP_STORE=2 SQLITE_OMIT @ Engbiegeatures

SQLITE_OMIT_COMPOUND_SELECT SOLITE OMIT SHARED CACHE
SOLITE_OMI/XFER_OFT  _~ -
® SOLITE_OMIT_TCL_VARIABLE

ELOB
SQLITE_OMIT_LOAD._

D BTEWS&:
SQLITE_omMT BoniRE2HLOOKASIDE

®soute o UNCATE_CPTIMIZATION
® 5o BYTE_/ MALLOGC
aQl NABLE
Ql NABLE_UPD. LE

OMIT_PAGER_PRAGMAS

SQLITE_ENAGEAHRKisHEVEE s

'® SOLITE_OMIT_SCHEMA_PRAGMAS

® 50LITE_OMIT_SCHEMA_VERSION_PRAGMAS

QUACUUM
SQLTE_ Mg S O

SQUTE_ENABLE CgHUMNMEIORM Hne pracias

SQLITE_OMIT_GET TABLE
® OnmiFeatures

SQUTE’OMIT’ALTERT‘SLEE)LITEJ)M\'KDECLT‘(PE

® SQLITE_SOUNDEX . SOLITE_ENABLE_MEMORY _MANAGEMENT
® Operating SystBGAMFETEISE SENSITIVE - LIKE

Insight 2: Many features do not interact!



Apache

MFrequencyL

2 3 4
Interaction strength (all)

BerkeleyDB C

_ Freg uency

2 a 4 5
Interaction strength (all)

BerkeleyDB Java

Freguency

2 2 4
Interaction strength (all)

'\I’Frequency;r

2 3 4
Interaction strength (all)

How Many Interactions at which Degree?

Frequency

2 3 4
Interaction strength (all)

BerkeleyDB C

Frequency

Insight 3: Most interactions are
pair-wise interactions!

3 4 5
Interaction strength (all)

HEMGP

x264

LRZIP

LLVM

Frequency

: I
5
o

Frequency
o o
Fawemy |,

Frequency

2 3 4
Interaction strength (all)

2 3 4
Interaction strength (all)

2 3 4
Interaction strength (all)

2 3 4
Interaction strength (all)



Pattern of Feature Interactions?
F1#F2#F3#F4

S v
N 7
: N\
[} o .. P |

Insight 4: There are patterns about how
interactions distribute to higher orders!/
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How about Designing our own Learning
Approach?

Can we automatically find feature interactions

... without domain knowledge

... for black-box systems

...independent of the programming language, configuration technique,
and domain

..., to improve our prediction accuracy?

60



What do we have?

» Insights:
Not all features interact
Most interactions are pair-wise interactions or of low order
Many features interact only with few and few only with many

There are patterns about how interactions distribute among
higher orders

61



ldead: Incremental Approach (Insight 2)

» Step 1. Find interacting features
Reduce the combinations for which we search for interactions
Requires only n+1 additional measurements

DBMS

D

Core Compression Encryption Transactions Diagnosis  Index  Logging

> + @& O

» Step 2. Find combinations of interacting features that
actually cause a feature interaction

Using the other insights

62



Step 1. Find Interacting Features

» What is exactly a delta between two measurements?

() e Q)
(T i) I, @ i)
Afg) =Tl{g) +I1(1 #g) )ﬁfwf( #«w)+n(l#w)
2 Terms 4 Terms
I .8.2)
(62

A(«@)=H@v)+n( #"V)*H(#‘v)”ﬂ( # Q) #g)
+H(;#@)+H( #Q#v)+l‘[(#;#@v)
+IL( #(S) # D #g)

8 Terms
63



Step 1. Find Interacting Features

» ldea: Compare delta that are most likely to diverge
Minimal variant

. . If minimal A # maximal A then
Maximal variant . :
interacting feature

() = 100s Minimal A(x\‘)=H(\\‘)+H( H)
(T Agg)=120s ARG =TI+ #ig)
3 _ 11 (< H# 11 (< o #
A(\‘) - 208 Maximal < ' (\‘ )+ (V §)
+H(\\‘#.;E;.)+H(<*#&)
"+ 115 additional terms!

(& D ne b)) =170s
(., @ np by, [].%g) = 180s
64\ (g ) =10s




Step 2. Find Actual Feature Interactions

» Which combinations of interacting features to test?

¢ @ & B

» Approach:
Measure additional configurations to find interactions

Use heuristics based on our insights to determine those
additional configurations

65



Step 2. Pair-wise (PW) and Higher-Order
Interactions (HO)

» Heuristic 1: Measure pair-wise combinations first
Based on insight 3

» Heuristic 2: If two of the following pair-wise combinations
{attb, b#c, a#tc} interact, measure the three-wise interaction

{attb#ic}

Based on insight 4 (pattern of interactions)

» Heuristic 3: Measure higher-order interactions for identified
hot-spot features
Based on insight 1
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Our Own Approach: Apply Insights for
Learning an Accurate Influence Model



Evaluation

Berkeley DB Database
Berkeley DB  Database
Apache Web Server
SQLite Database
LLVM Compiler
X264 Video
Encoder
» Setup:

68

Industrial
Industrial
Industrial
Industrial
Industrial

Industrial

Java

C++

Execute standard benchmark
Apply heuristics consequtively

CF
C
CLP
CLP

18
32

39
11
16

2560

400

192
3,932,160
1024
1152

219,811
42,596
230,277
312,625
47,549
45,743



Results

100

h Error rates

g : I \ | .

: g T 0 \'| T Mean Median
Feature-Wise B A \ / ]

g 87 / I\ /1\ /& A ':1 | ' 20.3 % 18.46 %

Customizable Programs (feature-wise heuristic)

Average error rate of 4.6% is
below measurement uncertainty!
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Tool Support: SPL Conqueror

» Sampling + Learning (https://github.com/se-
passau/SPLConqueror)

o SQlite

—

File Settings

SQLite (unnamed)

EdtFeaturss:

©[F| SQLITE_DISABLE_DIRSYNC

Static Configuration | Monfunctional Prapetiea Fiefactonngs
Neonfunctional Properties of curent Configuration
oree Nondunctional Froperty:

Pedomance

et valid!

Estinated Fiesub: 0 T

Quantifying a Feature's Properties
Step 1: Load feature-wiee Measwrements

Load Measurements

Step 2: Approcamate Feature Vaues

Real Rasilk a 5QLee Measurement » [ rrr—
Pessue Vet | 25, BerloiDEC I e ==
Evpart Festine Vaes | | File  Settings
Estimate variant resut {check corfig) | [T CodeUnits -
— ‘Expan Measuements Staric Configuration | Non-functional Properties | 0 ion | Refactorings |
BerkeleyDbC (unnamed)
] Randor
Toad b s [iterF - ] [ = —— Check [C] Automatic Inclusion of Derivatives
: : | [ & @IBerkeleyDbe [ Definingthe Variant Generation
~[C]HAVE_CRYPTO Variant Generation
Outine of a selected Propery [CIHAVE_HASH . —
[FTHAVE_REFLICATION = stureriouse
{7 HAVE_VERIFY Preprocessor FeatureCi+
Stat the and slow the vahoes for each feat
- Eﬂiﬁ'iﬁﬁiﬁﬁ % custom [ Set Custom/Compile File
Bxisting Measuremenis Measuremerd Cuick Infe: [TIDIAGNOSTIC
M Exchusivelock Fpplication
[FNoavalLockingMode
[7PageSee Execution:
[ StandardPapeSize Output:
Output: Compilation settings Execution settings
- Start singhe Measuremant D Java ettings Define Main file:
' [Clcsa2us PLName: Use Makefile only Java only
[Clcs16MB BerkeleyDoC
[CICs64ME © M5 Visual Studio Define Exec:
[FIcs512MB Save PLM Compiler Args:
Config Name:
unnamed
[F] as Equation File Automatic Fitting
new [ Automatic Fitting with Interaction
\ ok || compile | [ tosdFestureorder | [ Atomicset | [ Polynomial Fitting |
#Poly. Ins: #Poly. sel:

70



71

Other Learning Approaches



Learning Performance Models

Predict any configuration
Find (near-)optimal configuration
Find influencing options/interactions

Accurate prediction: Using classification and regression trees (CART)

[13] Guo et al. ASE’13:

12

S

{X],x;g, ...:Xl(,}

SLr SLr
{xs,X10} {xg,X14, X5}
fs,, =255 s, = 268

SRrLL SRLR SRRL SRRR
{x4,x;} {X25X7:X12} {XB:XIB:XIS} {xl,xﬁ,xu}
spy, = 402 sprp = 508 Cspn, =571 Cspnn = 626



Learning Performance Models Il

Accurate prediction: CART + feature-frequency sampling + early abortion

[23] Sakar et al. ASE’15: Plot #samples with accuracy and fit a function telling when to abort

Apache Name Equation Optimal Sample Size
= ; Logarithmic err(n) = a + b.log(n) n* = —(R-|S|- b)/2
T Exponentlal cur Weiss and Tian  err(n) = a + bn/(n +1) n*= \/( R |S| b)/
— =y
o D Power Law err(n) = n" = (575 ISI —)
S il Exponential err(n) = n* = log, (Wi]nb)

N\

Gradient-based look-ahead
(progressive sampling)

Accuracy
80
|

™~ Initial samples

0 10 20 30 40 50 60 70 80 90 100
Sample Size

60
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Learning Performance Models Il

System understanding: [22] Siegmund et al. FSE’15: Find influencing options and interactions
via step-wise construction of performance model using multivariate regression

Compressionw Encryption CacheSize@

Candidates: Models: Errors: Winner:
© @ Bote® *Bitig * B, 5%
Bote® *Bi+ (D) * B,
> Bo+¢2* [31"'«*32 12% Bo"'«z*Bl"'v* Bz

r - Byt By + ™ *ig* B, 9%

TN 7



Learning Performance Models IV

Finding near-optimal configurations: [6] Oh et al. FSE’17: True random sampling + select best
in sample set + infer good/bad options + shrink configuration space accordingly + repeat

>EH e O =

LLVM(1): entire space

7 : -— L] A -— 7

270 270 LLVM(3): — licm gvn

260 licm 260 inline
EZSO ¢ Tlicm 2250 e Tlinline
g240 Z240
£230 5230 ..

i

£220 £220 N

210 210 \

200 200

0 200 400 600 800 1000 0 200 400 600 800 1000
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Finding the “Best” Configuration



Optimization Overview
A

‘ f/EC - R I Single-objective optimization
v |::> t[o[.{1][o[1]-]0 |:> Multi-/Many-objective optimization
Partial configuration support

O-TTA]-11]

Surrogate model
[33] Benavides et al. CAISE’05 : Translating to constraint satisfaction problem

[16] Siegmund et al. SQJ’12: Similar as [33] + qualitative constraints 1288
1400

w 1200

£ 1000

£ 800

= 600

400

200

15 17 19 21 23

Number of features

[24] White et al. JSS'09: Translating to knapsack problem via filtered cartesian flattening
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Valid Configurations

Meta-Heuristic Based Optimization

Fix invalid configurations: [26] Guo et al. JSS’11: Genetic algorithm + search in invalid space +
repair operation to return in valid configuration space

Encode constraints as additional objectives: [31,32] Sayyad et al. ICSE’13,ASE’13: Genetic
algorithm (NSGA-II + IBEA) + improving fitness by reducing unsatisfied constraints

50 \
40
30
20 j
Y # Y i 0N "feature-rich" seed
4 " AYAR
10 ~ X =g 30 correct seeds
/ e=d==0ne "low-feature” seed
0
10 100 Time (sec) 1000 10000

78
(see my other lecture on Search-Based Software Engineering)



Meta-Heuristic Based Optimization

Consider only valid configurations: [5] Henard et al. ICSE’15: “random” SAT-based sampling +
constraint-aware mutation + configuration replacement + IBEA

Feature model Version Features (mandatory) Constraints
Linux [25] 2.6.28.6 6,888 (58) 343,944
uClinux [26] 20100825 1,850 (7) 2,468
Fiasco [26] 2011081207 1,638 (49) 5,228
FreeBSD [25] 8.0.0 1,396 (3) 62,183
eCos [25], [27] 3.0 1,244 (0) 3,146
0.35 | | | 1 |
|| IBEA v 7' | = |
0.3 Filtered 2.5 B =
o  0.25 HSATIBEA - —
: -
= 0.2 _— —
- % =
3 015+ v —
joh pei-, iz =) LTy _
> r-- P :
: 0.1 — i | ! -
I
I
0.05 - .. : L ::L:| -
A | =) L.l | |
79
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And many more...

Optimizing Selection of Competing Features via
Feedback-Directed Evolutionary Algorithms

Tian Huat Tant  Yinxing Xue* Manman Chen® Jun Sunt VYang Liu* Jin Song Dong*
fSingapore University of Technolog ™~ ~=~ M~~i~= Tim~mmoes

Namyans Tocnaiosiea oy SIP: Optimal Product Selection from Feature Models Using

' Many-Obijective Evolutionary Optimization

’
[39] Tan et al. ISSTA'15 ROBERT M. HIERONS, MIQING LI, and XIAOHUI LIU, Brunel University London, UK
SERGIO SEGURA, University of Seville, Spain
WEI ZHENG, Northwestern Polytechnical University, China

[40] Hierons et al. TOSEM’16

Combining Evolutionary Algorithms with Constraint Solving

for Configuration Optimization !

— , Comparison of Exact and Approximate Multi-Objective
[41] Kai Shi ICSME"17 Optimization for Software Product Lines

Rafael Olaechea, Derek Rayside, Jianmei Guo, Krzysztof Czarnecki
University of Waterloo
; Waterloo, Ontario ’
{rolaechea, gjm,kczarnec}@gsd.uwaterloo.ca, {drayside}@uwaterloo.ca

[42] Olaechea et al. SPLC'14
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Vision: Transfer Learning |

So far, one performance model for one scenario/workload/hardware:

WHN-\AT"

Extract Reuse
@'@' Transferable /

Knowledge

81




Transfer Learning Il

Handle hardware changes: [43] Valov et al. ICPE’17: Adapt a learned performance model to a
changed hardware using a linear function

= Machine 75 = Machine 91 = Machine 103 = Machine 106
Machines = Machine 81 = Machine 97 = Machine 104 = Machine 128
= Machine 88 = Machine 98 = Machine 105

—h

(@)

o
'

100-

Measured performance value (s)

0 50 100 150
82 Configurations



Transfer Learning Il

Handle arbitrary changes: [44] Jamshidi et al. SEAMS’17: Using a kernel function + Gaussian
Process (GP) Model to handle version, workload, and hardware changes

(pe) w(pe)

100 —~ 100 ; 100
9 el . 90 s,
80 80< 2 80<
70 70t N, 0 70
80t 60} 60}
$ 50 < 50 \ & S 50
40t 40 f\m v 40f > \
30 30 3, 30
20| g0 R, . \g 20p
10F \ s 1oi§f‘:\f_,_-_. 1 10} ”‘x - Hzo-:
o \ o] o =1—0—— ', ==
12:‘545(3)678910 1 2 3 4 5bs 7 8 9 10 12345(6)678910
[ Dy Dy | Dy
100 i zf(pe) ) i 100 (pe) ) 100 i {t(pC)
90+t 90 90+
80 80 80
70F 2 70 70}
80t K 60 __ 60},
3 50} ) a 50 g 50p)
40+ S 40 40 k29 1
30 \”’—‘"’\/\e 0 30 2 2
20 F-40- ) 20+ xzo 20t L e < 1
10— % foES—5 N el 0L e N
chte———] Hiet——a— Hiei—t—
1 2 3 4 5de6 7 8 9 10 1 2 3 4 56€6 7 8 9 10 1 2 3 4 506 7 8 9 10
Dy |D| | Dy
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Transfer Learning IV

Handle arbitrary changes: [45] Jamshidi et al. ASE’17: Empirical analysis about transferable
knowledge of environmental changes (hardware, software version, workload)

TABLE II: Results indicate that there exist several forms of knowledge that can be transfered across environments and can be used in transfer learning.

RQI RQ2 RQ3 RQ4
HI.I HI2 HI3 HL4 H2.1 H22 H3.l H3.2 H4.1 H4.2

Insight 1. Performance distributions can be transferred: Potential for learning a
non-linear transfer function.

sy W vy — vy wzr  wow  wos wzo  woz u e > o owoz z1 ’ roowar  wes  wou R
ecg : [hy, w1 — w2, v1 — va) L -0.10 072 -0.05 035 0.04 5 6 1 3 0.68 7 21 7 031 050 045 1 09
2 2 0.88 21 7 7 -044 047 050 1 097

ecy: [hy = ho,wy = wy,va =] VL -0.10 695 0.4 041 0.15 6 4
x264— Workload (#pictures/size): wy : 8/2 wa : 32/11 wy : 128/44; Version: vy : 2389, v3 : 2744, vg : r2744
8

ey : [hy — hy, wy, vg) 097 100 099 097 092 0 086 21 33 I8 100 049 049 1 1
€ecy : [ha — hy,w,vg) s 096 002 09 076 079 9 9 8 0 094 36 27 24 100 049 049 1 1
ecy ¢ [h1,wr — wa, va M 065 006 063 053 058 9 11 8 1 08 27 33 22 096 049 049 1 1
ecy i [ wy = wy, vyl M 067 006 064 053 056 9 10 7 1 08 27 33 20 09 049 049 1 I

Insight 2. Configuration ranks can be transferred: Good configurations stay good
for changing hardware.

ecy ¢ [ha, w1 = wa, v1] S 096 127 083 040 035 2 3 1 0 1 9 9 7 099 N/A NA NA N/A
ecy : [hy,wy — wy, vy M 050 124 043 017 043 1 1 0 0 1 4 2 2 L0 NA N/A NA N/A
ecs : [h1, w1, v1 — v M 095 100 079 024 029 2 4 1 0 1121 7 099 NA NA NA NA
ecg : [h1,ws — wy, v1 — va] L 051 28 044 025 030 3 4 1 1 03l 71 6 096 NA NA NA NA
ecqy: by —+ hywy — wy,v; —we] VL 053 491 053 042 047 3 5 2 1 03l 713 6 097 NA NA NA N/A

Ra__ Wnrlklnad: an. » ernd .+ mfilter an. « bmeanc an. « hatennt ane « nan an. » whadul 0 oo » mhadul B0 an. » mbadau7680 an. o an an.. oo

Insight 3. Influential options and interactions can be transferred: Relevant options
in one environment stay relevant in other environments.

0.88 57 67 36 034 011 014 005 067
0.90 51 58 35 -052 011 021 006 -041
0.95 58 57 43 029 014 020 064 -0.14
089 109 164 102 096 NA N/A NA NA
0.94 51 53 43 099 N/A N/A NA NA

ecg : [hy, wy — wy, vy] L 068 L70 056 000 091 14 13 9
ecy : [h, w3 — ws, v1] VL 006 368 020 000 064 16 10 9
ecyg ¢ [hy,wy — w5, vy) 070 485 076 000 075 12 12 11
ecit : [hi, wg = wr,v1) 082 579 077 025 088 36 30 28
ecyz ¢ [hi, wg — ws, vy 100 052 092 080 097 38 30 22
ecys : [hy, wg = wy,vy) 100 032 092 053 099 30 33 2 098 53 89 51 100 NA NA NA NA
eciq : [k, wg = wip, v1) 024 485 056 044 077 22 21 18 0.69 237 226 94 086 NA NA NA NA

ES: Expected severity of change (Sec. I1I-B): 8: small change; SM: small medium change; M: medium change; L: large change; VL: very large change.
SaC workload descriptions: srad: random matrix generator: pfilter: particle filtering: hotspot: heat transfer differential equations; k-means: clustering: nw: optimal matching:
nbody: simulation of dynamic systems; ¢g: conjugate gradient: gc: garbage collector. Hardware descriptions (ID: Type/CPUs/Clock (GHz)/RAM (GiB)/Disk):

84 h1: NUC/4/1.30/15/SSD; h2: NUC/2/2.13/7/SCSI; h3:Station/2/2.8/3/SCSI; h4: Amazon/1/2.4/1/SSD; h5: Amazon/1/2.4/0.5/SSD; h6é: Azure/1/2.4/3/SCSI
Metrics: M1: Pearson correlation: M2: Kullback-Leibler (KL) divergence; M3: Spearman correlation; M4/M3: Perc. of top/bottom conf.; M6/M7: Number of influential options:
M8/M9: Number of options agree/disagree; M10: Correlation btw importance of options; M11/M12: Number of interactions; M13: Number of interactions agree on effects;

[l R R N
O R




Vision: Reproducibility in SBSE

Reproducibility & realistic settings: [17] Siegmund et al. FSE’17: Replication study of [31,32]
showed partially changed outcome when having a realistic optimization setting

..... e

"F.L* L J“ e The pore— b
£33 ™ "

j ‘L h _ Research has been using simple and artificial
— | problem sets for attributed variability models
: Eiiiiai 'l:t.;,:" <<<<< Including interactions and using realistic attribute
1o I '! ,LL : values already has shown varying results of
o |ﬁ ----- — former studies

New test bed for approaches relying on
attributed variability models

ik =l

, the accompanying tool

85 https://github.com/se-passau/thor-avm




Summary

» Non-functional properties are important when deriving a
new variant from a product line

» Qualitative and quantitative properties

» Problem of the huge measurement effort for quantitative
properties

» ldea: Sampling a few configurations, measure them, build
an influence model, and use the influence model to find
the best configuration or predict unseen configurations
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Outlook

» Big Picture
Product lines
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