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Introduction

}Not considered so far: 

}How to configure a software product line?

}How about non-functional properties?

}Iƻǿ ǘƻ ƳŜŀǎǳǊŜ ŀƴŘ ŜǎǘƛƳŀǘŜ ŀ ǾŀǊƛŀƴǘΩǎ ƴƻƴ-functional 
properties?
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Agenda

}Configuration and non-functional properties

}Approaches for measurement and estimation

}Experience reports

}Outlook
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Configuration of
Software Product Lines
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Recap: Configuration and Generation Process
Reusable artifacts Car variants

Configuration based on requirements
Variant generation
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Recap: Configuration and Generation Process
Variants

Configuration based on requirements

Variant generation

Reusable artifacts (code, documentation, etc.)
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Database Management 
System

Encryption Transaction

Logging
Commit 

Protocols

Compression Indexes

B-tree Hash

Reporting Page Size

2K 4K 8K 16KR-tree

Cache Size

8MB 32MB 128MB

optional

mandatory

alternative

or

Configuration with Feature Models

Functional requirements Encryption

Compression Reporting

Data analysis

Partial feature selection
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Non-Functional Requirements
Non only functionality is important

Performance

Footprint

Memory consumption
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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
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aŎ/ŀƭƭΨǎQuality Model I [7]

}Modelling of quality attributes and factors to simplify 
communcationbetween 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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aŎ/ŀƭƭΨǎQuality Model I [7]

External View Internal View
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ISO Standard 9126 + SO/IEC 25010:2011 

Quelle: Wikipedia

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.
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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 Energy consumption

Memory consumption Footprint

Performance

Maximize performance, but keep footprint below 450 KB

Database Management 
System

Encryption Transaction

Logging
Commit 

Protocols

Compression Indexes

B-tree Hash

Reporting Page Size

2K 4K 8K 16KR-tree

Cache Size

8MB 32MB 128MB

optional

mandatory

alternative

or
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Motivating Questions of Practical Relevance

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

}What is the best feature selection to minimize memory 
consumption?

}What are the performance critical features?
Database Management 

System

Encryption Transaction

Logging
Commit 

Protocols

Compression Indexes

B-tree Hash

Reporting Page Size

2K 4K 8K 16KR-tree

Cache Size

8MB 32MB 128MB

Database Management 
System

Encryption Transaction

Logging
Commit 

Protocols

Compression Indexes

B-tree Hash

Reporting Page Size

2K 4K 8K 16KR-tree

Cache Size

8MB 32MB 128MB

Database Management 
System

Encryption Transaction

Logging
Commit 

Protocols

Compression Indexes

B-tree Hash

Reporting Page Size

2K 4K 8K 16KR-tree

Cache Size

8MB 32MB 128MB

425 KB

Min(         )
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Practical Relevance

Substantial increase in configurability

Unused optimization (up to 
80% of options ignored)

Configuration complexity:ώмϐ ·ǳ Ŝǘ ŀƭΦ C{9ΩмрΥ 5ŜǾŜƭƻǇŜǊǎ ŀƴŘ ǳǎŜǊǎ ŀǊŜ ƻǾŜǊǿƘŜƭƳŜŘ ǿƛǘƘ 
configuration options
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Why Should We Care?

Bestconfiguration is 480 
times better than Worst
configuration

Best

Worst

Only by tweaking2 options 
out of 200 in Apache Storm -
observed ~100% change in 
latency

Outdated default configurations:[2] Van AkenŜǘ ŀƭΦ L/a5ΩмтΥ 5ŜŦŀǳƭǘ ŎƻƴŦƛƎǳǊŀǘƛƻƴ ŀǎǎǳƳŜǎ 
160MB RAM

Non-optimal default configurations:[4] HerodotuoŜǘ ŀƭΦ /L5{wΩммΥ 5ŜŦŀǳƭǘ ŎƻƴŦƛƎǳǊŀǘƛƻƴ 
results in worst-case execution time

Non-optimal default configurations:[3] JamshidiŜǘ ŀƭΦΣ a!{/h¢{ΩмсΥ /ƘŀƴƎƛƴƎ ŎƻƴŦƛƎǳǊŀǘƛƻƴ 
is key to tailor the system to the use case
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Feature selection

Feature model Reusable artifacts

Generator Final program
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Measuring Non-Functional Properties
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Side Note: Theory of Measurement

}Stevens defines different levels of measurement [4]

Quelle: Wikipedia

Sex Grades Time (date) Age 

Examples:

21
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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.
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Methods for Measuring Product Lines

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

}Artifact-based

}Family-based

}Variant-based
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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

Effort Accuracy Applicability Generality Environment

++ - - - -
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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(2n)

Effort Accuracy Applicability Generality Environment

-- + + + +
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Example: SQLite

ExclusiveLocking

Case Sensitivity

Thread Safety

AtomicWrite

2
Varianten:

4816805,306,368824,633,720,832108,086,391,056,891,900113,336,795,588,871,500,000,0007,605,903,601,369,376,000,000,000,000,000260,532,200,783,961,400,000,000,000,000,000,000,000,
000,000,000,000,000,000,000,000,000,000,000,000,000

Χ
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Approach 0: Brute Force

Big bang

}SQL data:

} 3*1077 varaints

} 5 minutes per measurement (compilation + benchmark)

}3*1077 * 5min = 

Logarithmic
time scale

Birth of earth
9 * 109 years

Now
1.37 * 1010 years

Measurement finished
2.8 * 1072 years

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!
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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 = 131,605years!
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Approach 2: Family-BasedMeasurement

}Create a variant simulator

}Execute simulator and measurement the property

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

Customizable 

program

Workload

fully automated

Performance model

ἂbase,15sἃ, ἂf1, 5sἃ, 
ἂf2, 3sἃ, ἂf1#f2, 10sἃ, ..

Impl.

artifacts

Variant

simulator

3s

3s

15s

15s

0s

0s

0s

5s

Call 

graph(s)

Ø
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Prediction of Non-Functional Properties
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Learning Techniques

}Regression

}Neuronal networks

}CART

}BayseNets

}MARS

}M5

}Cubist

}PrincipalComponentAnalysis

}Evolutionaryalgorithms

}Χ
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Goal: Prediction of Properties based on the 
Influence of Features

ἂPageSize_1k, 15sἃ
ἂPageSize_2k, 0sἃ

ἂPageSize_4k, -10sἃ, ἂCacheSize_8k, -5sἃ,
ἂEncryption, 20sἃ, ἂHash_Index, - 5sἃ
ἂEncryption#PageSize_4k, 15sἃ

InfluenceModel

20s

PageSize_4k
Hash_Index

Χ

Partial feature 
selection

Objective 
function Ø
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Overview
(1) Sampling

Configuration space
Size:~ ςΠ

Performance model

Optimal
configuration(s)System understanding

Goal

(2) LearningὪȡὅᴼᴙ

(3) Optimization(4) Analysis

/ƻƘŜƴ Ŝǘ ŀƭΦ ¢{9ΩлуΤ {ƛŜƎƳǳƴŘ Ŝǘ ŀƭΦ {t[/ΩммΣ {vWΩмнΣ 
L/{9ΩмнΣ C{9ΩмрΤ {ŀǊƪŀǊ Ŝǘ ŀƭΦ !{9ΩмрΤ HenardŜǘ ŀƭΦ ¢{9ΩмпΣ 
L/{9ΩмрΤ hƘ Ŝǘ ŀƭΦ C{9ΩмтΤ WƻƘŀƴǎŜƴ Ŝǘ ŀƭΦ {t[/ΩмнΤ aŜŘŜƛǊƻǎ 
Ŝǘ ŀƭΦ L/{9ΩмсΤ DechterŜǘ ŀƭΦ !!!LΩлнΤ Gogateand Dechter
/tΩлсΤ /ƘŀƪǊŀōƻǊǘȅ Ŝǘ ŀƭΦ !!!LΩмпΤ Χ
Key domains:Combinatorial testing, artificial intelligence, 
search-based software engineering, design of experiments

Dǳƻ Ŝǘ ŀƭΦ !{9ΩмоΤ {ƛŜƎƳǳƴŘ Ŝǘ ŀƭΦ L/{9ΩмнΣ C{9ΩмрΤ {ŀƪŀǊ Ŝǘ ŀƭΦ 
!{9ΩмрΤ hƘ Ŝǘ ŀƭΦ C{9ΩмтΤ ½ƘŀƴƎ Ŝǘ ŀƭΦ !{9ΩмрΤ bŀƛǊ Ŝǘ ŀƭΦ 
C{9ΩмтΣŀǊ·ƛǾΩмтΤ JamshidiŜǘ ŀƭΦ {9!a{ΩмтΤ ·ƛ Ŝǘ ŀƭΦ ²²²ΩлпΣΧ
Key domains:machine learning, statistics

{ŀȅȅŀŘ Ŝǘ ŀƭΦ L/{9ΩмоΣ !{9ΩмоΤ Henardet al. 
L/{9ΩмрΤ ²ƘƛǘŜ Ŝǘ ŀƭΦ W{{ΩлфΤ Dǳƻ Ŝǘ ŀƭΦ W{{ΩмнΤ Yŀƛ 
{Ƙƛ L/{a9ΩмтΤ OlaecheaŜǘ ŀƭΦ {t[/ΩмпΤ Hieronset 
ŀƭΦ ¢h{9aΩмсΤ ¢ŀƴ Ŝǘ ŀƭΦ L{{¢!ΩмрΤ {ƛŜƎƳǳƴŘ Ŝǘ ŀƭΦ 
{vWΩмнΤ .ŜƴŀǾƛŘŜǎ Ŝǘ ŀƭΦ /!ƛ{9ΩлрΤ ½ƘŜƴƎ Ŝǘ ŀƭΦ 
h{wΩлтΤ JamshidiŜǘ ŀƭΦ a!{/h¢{ΩмсΤ Osogamiund 
Yŀǘƻ {LDa9¢wL/{ΩлтΤ FilieriŜǘ ŀƭΦ C{9Ωмр
Key domains:search-based software engineering, 
meta-heuristics, machine learning, artificial 
intelligence, mathematical optimization

Not covered here 
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Sampling ςOverview 

Challenges: 

Exponential size 
configuration space

Find only relevant configurations 
for measurement

Binary configuration 
options

Numeric
configuration 
options
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Random Sampling

[5] HenardŜǘ ŀƭΦ L/{9ΩмрΥ wŀƴŘƻƳƭȅ 
permute constraint and literal order and 
phase selection (order true - false)
ώмтϐ {ƛŜƎƳǳƴŘ Ŝǘ ŀƭΦ C{9ΩмтΥ {ǇŜŎƛŦȅ 
distribution of config. as constraints

Or how to obtain randomness in the presence of constraints?

Trivial approach:Enumerate all configurations and randomly draw one

ώмнϐ ¢ŜƳǇƭŜ Ŝǘ ŀƭΦ ¢wΩмтΤ ώмоϐ Dǳƻ Ŝǘ ŀƭΦ 
!{9ΩмоΤ ώмпϐ bŀƛǊ Ŝǘ ŀƭΦ C{9ΩмрΤ ώмрϐ ½ƘŀƴƎ 
Ŝǘ ŀƭΦ !{9ΩмрΤ

Not scalable

SAT approach: Manipulate a SAT/CSP solver:

No guaranteed 
uniformity
Limited scalability

Easy to implement
True randomness

Easy to implement
Better distribution

BDD approach: Create a counting BDD to enumerate all configurations: ώсϐ hƘ Ŝǘ ŀƭΦ C{9Ωмт

BDD creation can 
be expensive

Scales up to 2,000 
options
True randomness

Beyond SE: Tailored algorithms:ώтϐ /ƘŀƪǊŀōƻǊǘȅ Ŝǘ ŀƭΦ !!!LΩмпΥ IŀǎƘ ǘƘŜ ŎƻƴŦƛƎǳǊŀǘƛƻƴ ǎǇŀŎŜ
[8] Gogateand Dechter/tΩлс ŀƴŘ ώфϐ DechterŜǘ ŀƭΦ !!!LΩлнΥ /ƻƴǎƛŘŜǊ /{t ƻǳǘǇǳǘ ŀǎ ǇǊƻōŀōƛƭƛǘȅ ŘƛǎǘǊƛōǳǘƛƻƴ 36



Sampling with Coverage I
{ǳǊǾŜȅΥ ώмлϐ aŜŘŜƛǊƻǎ Ŝǘ ŀƭΦ L/{9Ωмс

[11] HenardŜǘ ŀƭΦ ¢{9Ωмп
ώмуϐ /ƻƘŜƴ Ŝǘ ŀƭΦ ¢{9Ωлу
ώмфϐ WƻƘŀƴǎŜƴ Ŝǘ ŀƭΦ {t[/Ωмн

Interaction coverage: t-wise, (e.g., 2-wise = pair-wise) 

ώнлϐ {ƛŜƎƳǳƴŘ Ŝǘ ŀƭΦ {t[/Ωмм

ώнмϐ {ƛŜƎƳǳƴŘ Ŝǘ ŀƭΦ L/{9Ωмн

Insights:
Many options do not interact
2-wise interactions most common
Hot-spot options

Kuhn et al.:
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Sampling with Coverage II

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

Leave-one-ƻǳǘ κƻƴŜ ŘƛǎŀōƭŜŘ ǎŀƳǇƭƛƴƎΥ ώмлϐ aŜŘŜƛǊƻǎ Ŝǘ ŀƭΦ L/{9Ωмс
Option-ǿƛǎŜ ǎŀƳǇƭƛƴƎΥ ώнлΣнпϐ {ƛŜƎƳǳƴŘ Ŝǘ ŀƭΦ {t[/ΩммΣ L{¢Ωмо
Negative option-ǿƛǎŜ ǎŀƳǇƭƛƴƎΥ ώннϐ {ƛŜƎƳǳƴŘ Ŝǘ ŀƭΦ C{9Ωмр

Saltellieet al.:

Option-ŦǊŜǉǳŜƴŎȅ ǎŀƳǇƭƛƴƎΥ ώноϐ {ŀƪŀǊ Ŝǘ ŀƭΦ !{9Ωмр
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Sampling Numeric Options

39



Plackett-BurmanDesign (PBD)

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

}ΧǿƘƛƭŜ ǳǎƛƴƎ ŀ ƭƛƳƛǘŜŘ ƴǳƳōŜǊ ƻŦ ƳŜŀǎǳǊŜƳŜƴǘǎ

}Design specifies seedsdepending on the number of 
experiments to be conducted (i.e., configurations to be 
measured) Numeric options

C
o

n
fig

u
ra

tio
n

s

Min Center Max

Value range of a numeric option
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In Detail: Feature-wise Sampling
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Determine the Influence of Individual Features

}How shall we approach?

DBMS

Core Compression Encryption Transactions

Ʉ(      ) = 100s

Ʉ(       ,      ) = 120s

Ʉ(      ) = 100s Ʉ(      ) = 100s

Ʉ(       ,      ) = 130s Ʉ(       ,      ) = 110s

ȹ(      ) = 30sȹ(      ) = 20s ȹ(      ) = 10s

Ʉ(       ,      ,      ,      ) = ȹ(      )    + ȹ(       ) +ȹ(      ) +ȹ(      )

160s =

42



Experience with Feature-wiseSampling
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Footprint

}Material:

Product Line Domain Origin Languag
e

Features Variants LOC

Prevayler Database Industrial Java 5 24 4 030

ZipMe Compression Academic Java 8 104 4 874

PKJab Messenger Academic Java 11 72 5 016

SensorNet Simulation Academic C++ 26 3240 7 303

Violet UML editor Academic Java 100 ca. 1020 19 379

Berkeley DB Database Industrial C 8 256 209 682

SQLite Database Industrial C 85 ca. 1023 305 191

Linux kernel Operating system Industrial C 25 ca. 3 * 107 13 005 842
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Results: Footprint

}Average error rate of 5.5% without Violet

}With Violet: 21.3%

186% fault rate

# measurements Χ
Why this error?

SQLite: 85 vs. 288

Linux  : 25 vs. 3*107

Prevayler
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Analysis: Feature Interactions

}Two features interaction if their combined presence in a 
program leads to an unexpected
program behavior

Expected Measured

Ʉ(      ,     ,    ) = ȹ(     ) + ȹ(     ) + ȹ(     ) 
= 100s   + 20s       + 30s
= 150s

= 140s*

ȹ(       #      ) = -10s // delta between predicted and measured performance

Feature Interaction:       #       since encrypted data has been 
previously compressed

49



Experience with Pair-wiseSampling
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Pair-wise Measurement: Footprint
}Average error rate of 0.2% without Violet

}Reductionof 4.3 %

722% Error rate

# measurements:

SQLite: 3306 vs. 285

Linux  : 326 vs. 3*107

Partially improved,
but still very bad
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White-Box Interaction Detection: Footprint

}Source code analysis revealed higher order feature 
interactions in Violet; these had been explicitly measured

Average error rate of 0.2% with
Violet

# measurements:

SQLite: 146 vs. 285

Linux  : 207 vs. 3*107
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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(n2) with n features 

}Still inaccurate in presence of higher-order interactions

}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?

Insight 1: Few features interact with many(hot-
spots) and many features interact with few.
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Do all Features Interact or only few?

Insight 2: Many features do not interact!
57



How Many Interactions at which Degree?

Insight 3: Most interactions are 
pair-wise interactions!



Pattern of Feature Interactions?

F1#F2

F3#F4

F
3

#
F

1

F
4

#
F

2

F2

F3

Res

F4

F1

F1#F2#F3#F4

F
3

#
F

1
#

F
2

F1#F2#F4

F
3

#
F

4
#

F
2

F1#F3#F4

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 automaticallyfind feature interactions
Χ ǿƛǘƘƻǳǘ ŘƻƳŀƛƴ ƪƴƻǿƭŜŘƎŜ

Χ ŦƻǊ ōƭŀŎƪ-box systems

ΧƛƴŘŜǇŜƴŘŜƴǘ ƻŦ ǘƘŜ ǇǊƻƎǊŀƳƳƛƴƎ ƭŀƴƎǳŀƎŜΣ ŎƻƴŦƛƎǳǊŀǘƛƻƴ ǘŜŎƘƴƛǉǳŜΣ 
and domain

ΧΣ ǘƻ ƛƳǇǊƻǾŜ ƻǳǊ ǇǊŜŘƛŎǘƛƻƴ ŀŎŎǳǊŀŎȅΚ
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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
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}Step 1.Find interacting features

}Reduce the combinations for which we search for interactions

}Requires only n+1 additional measurements

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

}Using the other insights

Idead: Incremental Approach (Insight 2)

DBMS

<

Core CompressionEncryption Transactions Diagnosis Index Logging
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Step 1.Find Interacting Features

}What is exactly a delta between two measurements?

8 Terms

Ʉ(      ) 

Ʉ(       ,      )

ȹ(      ) = Ʉ(      ) + Ʉ(       #       ) 

Ʉ(       ,      ,     ) 

Ʉ(       ,     ) 

Ʉ(       ,       ,      )

ȹ(      ) = Ʉ(      ) + Ʉ(       #       ) +  Ʉ(       #       )
+ Ʉ(       #       #       ) 

Ʉ(       ,      ,     ,      ) 

ȹ(      ) = Ʉ(      ) + Ʉ(       #       ) +  Ʉ(       #       )  +  Ʉ(       #       #       ) 

+ Ʉ(       #       ) +  Ʉ(       #       #       )  +  Ʉ(       #       #       )

+ Ʉ(       #       #       #        )

2 Terms 4 Terms
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Ʉ(       ,        ,      ,     ,     ,     ,      ) = 180s

Step 1.Find Interacting Features

}Idea: Compare delta that are most likely to diverge

}Minimalvariant

}Maximal variant

Ʉ(      ) = 100s

Ʉ(       ,      ) = 120s

ȹ(      ) = 20s

ȹ(      ) = Ʉ(      ) + Ʉ(       #       ) 

Ʉ(       ,        ,      ,     ,     ,     )        = 170s

ȹ(      ) = 10s

+ Ʉ(       #       ) + Ʉ(       #      )

+ Ʉ(       #       ) + Ʉ(       #       )

Ҍ Χ  

Maximal 

If minimal ȹґ ƳŀȄƛƳŀƭ ȹ then 
interacting feature

Minimal

ȹ(      ) = Ʉ(      ) + Ʉ(       #       ) 

+ 115 additional terms!
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Step 2.Find ActualFeature Interactions

}Which combinations of interacting features to test?

}Approach: 

}Measure additional configurations to find interactions

}Use heuristics based on our insights to determine those 
additional configurations
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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 
{a#b, b#c, a#c} interact, measure the three-wise interaction 
{a#b#c}

}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
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Evaluation

}Setup:

}Execute standard benchmark

}Apply heuristics consequtively

C: compilation;  CF: configuration files; CLP: command-line parameters

Product Line Domain Origin Languag
e

Techn. Features Varaints LOC

BerkeleyDB Database Industrial C C 18 2560 219,811

BerkeleyDB Database Industrial Java C 32 400 42,596

Apache WebServer Industrial C CF 9 192 230,277

SQLite Database Industrial C C 39 3,932,160 312,625

LLVM Compiler Industrial C++ CLP 11 1024 47,549

x264 Video 
Encoder

Industrial C CLP 16 1152 45,743
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Results

20.3 %

Error rates

Feature-Wise

+ Pair-Wise
Heuristic

+ Higher-Order
Heuristic

+ Hot-Spot
Heuristic

9.1 %

6.3 %

4.6 %

18.46 %

4.32 %

3.06 %

2.36 %

Mean       Median 

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)
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Other Learning Approaches
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Learning Performance Models

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

Accurate prediction:Using classification and regression trees (CART)

ώмоϐ Dǳƻ Ŝǘ ŀƭΦ !{9ΩмоΥ
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Learning Performance Models II

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

ώноϐ {ŀƪŀǊ Ŝǘ ŀƭΦ !{9ΩмрΥ tƭƻǘ ІǎŀƳǇƭŜǎ ǿƛǘƘ ŀŎŎǳǊŀŎȅ ŀƴŘ Ŧƛǘ ŀ ŦǳƴŎǘƛƻƴ ǘŜƭƭƛƴƎ ǿƘŜƴ ǘƻ ŀōƻǊǘ

Initial samples

Gradient-based look-ahead 
(progressive sampling)

Exponential curve

State-of-the-art approach for accuracy-
measurement tradeoff
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Learning Performance Models III

System understanding:ώннϐ {ƛŜƎƳǳƴŘ Ŝǘ ŀƭΦ C{9ΩмрΥ CƛƴŘ ƛƴŦƭǳŜƴŎƛƴƎ ƻǇǘƛƻƴǎ ŀƴŘ ƛƴǘŜǊŀŎǘƛƻƴǎ 
via step-wise construction of performance model using multivariate regression

Compression Encryption CacheSize

Candidates: Models: Errors: Winner:

1
0̡+        * ̡1 50%

125%

72%
2 2

29%

0̡ +         * ̡1
2

2

Χ

* 2̡ 5%
Χ

12%

ΧΧ

2

0̡ +         * ̡1 +
2

* 2̡0̡ +         * ̡1 +
2

* 2̡0̡ +         * ̡1 +
2

2

0̡+        * ̡1

0̡+        * ̡1

0̡+         * ̡1

0̡ +         * ̡1 +       * ̡ 2
2

*      * ̡ 20̡ +         * ̡1 +
2 9%

State-of-the-art approach for 
system understanding
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Learning Performance Models IV

Finding near-optimal configurations:ώсϐ hƘ Ŝǘ ŀƭΦ C{9ΩмтΥ ¢ǊǳŜ ǊŀƴŘƻƳ ǎŀƳǇƭƛƴƎ Ҍ ǎŜƭŜŎǘ ōŜǎǘ 
in sample set + infer good/bad options + shrink configuration space accordingly + repeat

State-of-the-art approach for finding the 
near-optimal configuration with minimal 
#measurements
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CƛƴŘƛƴƎ ǘƘŜ ά.Ŝǎǘέ /ƻƴŦƛƎǳǊŀǘƛƻƴ
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Optimization Overview

ώооϐ .ŜƴŀǾƛŘŜǎ Ŝǘ ŀƭΦ /!ƛ{9Ωлр Υ ¢ǊŀƴǎƭŀǘƛƴƎ ǘƻ ŎƻƴǎǘǊŀƛƴǘ ǎŀǘƛǎŦŀŎǘƛƻƴ ǇǊƻōƭŜƳ
ώмсϐ {ƛŜƎƳǳƴŘ Ŝǘ ŀƭΦ {vWΩмнΥ {ƛƳƛƭŀǊ ŀǎ ώооϐ Ҍ ǉǳŀƭƛǘŀǘƛǾŜ ŎƻƴǎǘǊŀƛƴǘǎ

ώнпϐ ²ƘƛǘŜ Ŝǘ ŀƭΦ W{{ΩлфΥ ¢ǊŀƴǎƭŀǘƛƴƎ ǘƻ ƪƴŀǇǎŀŎƪ ǇǊƻōƭŜƳ Ǿƛŀ ŦƛƭǘŜǊŜŘ ŎŀǊǘŜǎƛŀƴ ŦƭŀǘǘŜƴƛƴƎ 

Ὢȡὅᴼᴙ

Surrogate model

Single-objective optimization
Multi-/Many-objective optimization
Partial configuration support

Problem: Exponential solving time (NP-hard); proved in:

Solution: Non-exact method, such as meta-heuristics, 
with main focus on how to handle constraints
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Meta-Heuristic Based Optimization

Fix invalid configurations:ώнсϐ Dǳƻ Ŝǘ ŀƭΦ W{{ΩммΥ DŜƴŜǘƛŎ ŀƭƎƻǊƛǘƘƳ Ҍ ǎŜŀǊŎƘ ƛƴ ƛƴǾŀƭƛŘ ǎǇŀŎŜ Ҍ 
repair operation to return in valid configuration space

Encode constraints as additional objectives:ώомΣонϐ {ŀȅȅŀŘ Ŝǘ ŀƭΦ L/{9ΩмоΣ!{9ΩмоΥ DŜƴŜǘƛŎ 
algorithm (NSGA-II + IBEA) + improving fitness by reducing unsatisfied constraints

Scalability problems (30mins for 30 valid 
solutions based on1 initial valid solution)

(see my other lecture on Search-Based Software Engineering)
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Meta-Heuristic Based Optimization

Consider only valid configurations:[5] HenardŜǘ ŀƭΦ L/{9ΩмрΥ άǊŀƴŘƻƳέ {!¢-based sampling + 
constraint-aware mutation + configuration replacement + IBEA 

Improved scalability
More valid solutions
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And manymoreΧ

ώофϐ ¢ŀƴ Ŝǘ ŀƭΦ L{{¢!Ωмр

ώпмϐ Yŀƛ {Ƙƛ L/{a9Ωмт

[42] OlaecheaŜǘ ŀƭΦ {t[/Ωмп

[40] HieronsŜǘ ŀƭΦ ¢h{9aΩмс
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Vision: Transfer Learning I
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I I . INTUITION

Understanding the performance behavior of conýgurable
software systems can enable (i) performance debugging, (ii)
performance tuning, (iii) design-time evolution, or (iv) runtime
adaptation [11]. We lack empirical understanding of how the
performance behavior of a system will vary when the environ-
ment of thesystem changes. Such empirical understanding will
provide important insights to develop faster and more accurate
learning techniques that allow us to make predictions and
optimizations of performance for highly conýgurablesystems
in changing environments [10]. For instance, we can learn
performance behavior of a system on a cheap hardware in a
controlled lab environment and use that to understand the per-
formance behavior of the system on a production server before
shipping to the end user. More speciýcally, we would like to
know, what the relationship is between the performance of a
system in a speciýcenvironment (characterized by software
conýguration,hardware, workload, and system version) to the
one that we vary its environmental conditions.

In this research, we aim for an empirical understanding of
performance behavior to improve learning via an informed
sampling process. In other words, we at learning a perfor-
mance model in a changed environment based on a well-suited
sampling set that has been determined by the knowledge we
gained in other environments. Therefore, the main research
question is whether there exists a common information (trans-
ferable/reusable knowledge) that applies to both source and
target environments of systems and therefore can be carried
over from either environment to the other. This transferable
knowledge is a case for transfer learning [10].

Let us ýrstintroduce different changes that we consider
in this work: (i) Conýguration:A conýgurationis a set of
decisions over conýgurationoptions. This is the primary vari-
ation in thesystem that weconsider to understand performance
behavior. More speciýcally, we would like to understand
how the performance of the system under study will be
inþuencedas a result of conýguration changes. This kind of
change is the primary focus of previous work in this area
[18], [19], [26], [9], however, they assumed a predetermined
environment (i.e., aspeciýcworkload, hardware, and software
version). (ii) Workload: The workload describes the input of
the system on which it operates on. The performance behavior
of the system can vary under different workload conditions.
(iii) Hardware: The deployment conýgurationin which the
software system is running. The performance behavior of the
system under study can differ when it is deployed on a differ-
ent hardware with different resource constraints. (iv) Version:
The version of a software system or library refers to the state
of the code base at a certain point in time. When part of
the system undergoes some updates, for example, when a
library that is used in the system boosts its performance in
a recent version update, the overall performance of the system
will change. Of course, other environmental changes might be
possible as well (e.g., changes to the operating system). But,
we limit this study to this selection as we consider the most
important and common environmental changes in practice.

A. Preliminary concepts

In this section, we provide formal deýnitionsof four con-
cepts that we use throughout this study. The formal notations
enable us to concisely convey concept throughout the paper.

1) Conýguration and environment space: Let Fi indicate
the i -th feature of a conýgurablesystem A which is either
enabled or disabled and one of them holds by default. The
conýgurationspace is mathematically a Cartesian product of
all the features C = Dom(F1) ᶏ ĿĿĿᶏ Dom(Fd), where
Dom(Fi ) = { 0, 1} . A conýgurationof a system is then
a member of the conýgurationspace (feature space) where
all the parameters are assigned to a speciýcvalue in their
range (i.e., complete instantiations of thesystemôs parameters).
We also describe an environment instance by 3 variables
e = [w, h, v] drawn from a given environment space E =
W ᶏH ᶏV , where they respectively represent sets of possible
values for workload, hardware and system version.

2) Performance model: Given a software system A with
conýgurationspace F and environmental instances E, a per-
formance model is a black-box function f : F ᶏ E ! R
given some observations of the system performance for each
combination of systemôs features x 2 F in an environment
e 2 E. To construct a performance model for a system A
with conýgurationspace F , we run A in environment instance
e 2 E on various combinations of conýgurationsx i 2 F , and
record the resulting performance values yi = f (x i ) + Ᾰ i , x i 2
F where Ᾰ i ᶊ N (0,ůi ). The training data for our regression
models is then simply Dt r = { (x i , yi )}

n
i = 1. In other words, a

response function is simply a mapping from the input space to
a measurable performance metric that produces interval-scaled
data (here we assume it produces real numbers).

3) Performance distribution: For the performance model,
we measured and associated the performance response to each
conýguration,now let introduce another concept where we
vary the environment and we measure the performance. An
empirical performance distribution is a stochastic process,
pd : E ! æ(R), that deýnesa probability distribution over
performance measures for each environmental conditions. To
construct a performance distribution for a system A with
conýgurationspace F , similarly to the process of deriving
the performance models, we run A on various combinations
conýgurationsx i 2 F , for a speciýcenvironment instance
e 2 E and record the resulting performance values yi . We then
ýtaprobability distribution to theset of measured performance
values De = { yi } using kernel density estimation [2] (in the
same way as histograms are constructed in statistics). We have
deýnedthis concept here because it helps us to investigate the
similarity of performance distributions across environments,
allowing us to assess the potentials for transfer learning across
environments.

4) Transfer learning across environments: Let us assume
f s(c) corresponds to the response functions in the source
environment es 2 E, and g = f t (c) refers to the response
of the target environment et 2 E. Transfer learning [22]
is a learning mechanism that exploits an additional source
of information apart from the standard training data in et :
knowledge that can be gained from the source environment
es. The aim of transfer learning is to improve learning that
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range (i.e., complete instantiations of thesystemôs parameters).
We also describe an environment instance by 3 variables
e = [w, h, v] drawn from a given environment space E =
W ᶏH ᶏV , where they respectively represent sets of possible
values for workload, hardware and system version.

2) Performance model: Given a software system A with
conýgurationspace F and environmental instances E, a per-
formance model is a black-box function f : F ᶏ E ! R
given some observations of the system performance for each
combination of systemôs features x 2 F in an environment
e 2 E. To construct a performance model for a system A
with conýgurationspace F , we run A in environment instance
e 2 E on various combinations of conýgurationsx i 2 F , and
record the resulting performance values yi = f (x i ) + Ᾰ i , x i 2
F where Ᾰ i ᶊ N (0,ůi ). The training data for our regression
models is then simply Dt r = { (x i , yi )}

n
i = 1. In other words, a

response function is simply a mapping from the input space to
a measurable performance metric that produces interval-scaled
data (here we assume it produces real numbers).

3) Performance distribution: For the performance model,
we measured and associated the performance response to each
conýguration,now let introduce another concept where we
vary the environment and we measure the performance. An
empirical performance distribution is a stochastic process,
pd : E ! æ(R), that deýnesa probability distribution over
performance measures for each environmental conditions. To
construct a performance distribution for a system A with
conýgurationspace F , similarly to the process of deriving
the performance models, we run A on various combinations
conýgurationsx i 2 F , for a speciýcenvironment instance
e 2 E and record the resulting performance values yi . We then
ýtaprobability distribution to theset of measured performance
values De = { yi } using kernel density estimation [2] (in the
same way as histograms are constructed in statistics). We have
deýnedthis concept here because it helps us to investigate the
similarity of performance distributions across environments,
allowing us to assess the potentials for transfer learning across
environments.

4) Transfer learning across environments: Let us assume
f s(c) corresponds to the response functions in the source
environment es 2 E, and g = f t (c) refers to the response
of the target environment et 2 E. Transfer learning [22]
is a learning mechanism that exploits an additional source
of information apart from the standard training data in et :
knowledge that can be gained from the source environment
es. The aim of transfer learning is to improve learning that

Extract Reuse

Learn Learn

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

Environment change - > 
New performance model

Transfer Learning
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Transfer Learning II

Handle hardware changes:[43] ValovŜǘ ŀƭΦ L/t9ΩмтΥ !ŘŀǇǘ ŀ ƭŜŀǊƴŜŘ ǇŜǊŦƻǊƳŀƴŎŜ ƳƻŘŜƭ ǘƻ ŀ 
changed hardware using a linear function

Handles only verysimple changes
Linearityis too limited
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