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Testing

> testsuite@1.0.0 test

PASS ./index.test.js
my tests
are perfect

always work

Test Suites: , 1total
Tests: , 2 total
Time: 0.513 s, estimated 1s
Ran alltest suites.
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ABSTRACT

The analysis of software product lines is challenging due to the
potentially large number of products, which grow expanentially in
terms of the mumber of features. Product sampling is a technique
used to avoid exhaustive testing. which is often infeasible. In this
paper, we propose a classification for product sampling techniques
and classify the existing literature accordingly. We distinguish the
important characteristics of such approaches based on the infor-
mation used for sampling, the kind of algorithm. and the achieved
coverage criteria. Furthermore, we give an overview on existing
tools and evaluations of product sampling techniques. We share
our insights on the state-of-the-art of product sampling and discuss
potential future work.
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1 INTRODUCTION
Software product lines (SPLs) have become common practice for
mass production and customization of software systems. In an SPL,
products are developed based on a common core. The main goal
of using SPLs is to enable systematic reuse in different phases of
P the lities and variabilities
among the products in an SPL [50].
Testing and analysis of software product lines is known to be
challenging due to the sheer number of possible products, which
makes exhaustive testing and analysis practically impossible. To
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alleviate this problem. one may resort to product sampling tech-
niques [82] that provide a subset of all valid products. These prod-
ucts are supposed to collectively cover the behavior of the product
line and hence for example testing them should reveal most faults
inall other products.

Several approaches have been proposed for product sampling in
the context of software product lines, in order to search the vast
space of valid praducts [28, 56, 66). For such approaches. a myriad
of search algorithms for finding a sample to cover a product line
have been proposed, wherethe notion of coverage may also vary
from one approach to another. Different algorithms use different
types of information sources to find a covering sample. Moreover,
the proposed algorithms have typically been evaluated with respect
to different criteria and with different degrees of tool support and
reproducibility

We aim for bringing more structure onto the extensive literature
on product sampling. In contrast to existing surveys on product
sampling (49, 71] or product-line testing [56], we do not follow a
systemalic process in which all interesting research questions is
defined up-front. In contrast. our goal is to provide more insights
for readers by means of a detailed classification of existing sampling
techniques. We envision that our insights can be used to have a
better of such for education and research
and also for recognizing their requirements and shortcomings to
apply such techniques in practice. To this end, we considered a
literature catalog with 48 publications [1-48). We limited our search
to find studies that are focusing on new sampling algorithms [1-38]
or evaluations of existing ones [39-45].!

Our contributions are threefold. First, we propose a classification
for product sampling, involving input data used for sampling, the
actual algorithm and achieved coverage, as well as its evaluation (cf.
Section 3). Second, we surveyed and classified the literature with
respect to the classification (cf. Section 4-6). The list of studies and
their classification can be found online® We plan to update this list
in the future and welcome any painters by the community. Third,
we identify underrepresented research areas to be addressed by
future work.

Our synthesis results indicate that most techniques used problem-
space input information, in terms of feature models in generating
product samples. Solution space information, such as test artifacts
ar code caverage, has rarely been used and we think bridging this
zap may lead to novel research results. Regarding the developed
techniques and algorithms, greedy and evolutionary algorithms
have been developed most in this domain. Also, there are no tech-
niques that consider the history of feature models and evolution in
software product lines. Regarding evaluation, there are very few

? References are sorted by author names but grouped into proposed algorithms, evaly-
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important characteristics of such approaches based on the infor-
mation used for sampling, the kind of algorithm, and the achieved
coverage criteria. Furthermore, we give an overview on existing
tools and evaluations of product sampling techniques. We share
our insights on the state-of-the-art of product sampling and discuss
potential future work.
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1 INTRODUCTION
Software product lines (SP
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alleviate this problem, ong

e behavior of the product
hould reveal most faults

in order to search the vast

PFor such approaches, a myriad

of search algorithms for ﬁnd.\ng a sample to cover a product line
have been proposed, wherethe notion of coverage may also vary
approach to another. Different algorithms use different
information sources to find a covering sample. Moreover,

ithms have typically been evaluated with respect

with different degrees of tool support and

ing more structure onto the extensive literature
ing. In contrast to existing surveys on product
. 71] or product-line testing (56], we do not follow a

iques. We envision that our insights can be used to have a
better ing of such tech for education and research
and also for I their and shortcomings to
apply such techniques in practice. To this end, we considered a
literature catalog with 48 publications [1-48]. We limited our search
to find studies that are focusing on new sampling algorithms [1-38)
or evaluations of existing ones [39-48).}

‘Our contributions are threefold. First, we propose a classification
for product sampling, involving input data used for sampling, the
actual algorithm and achieved coverage, as well as its evaluation (cf.
Section 3). Second, we surveyed and classified the literature with
respect to the classification (cf. Section 4-6). The list of studies and
their classification can be found online We plan to update this list
in the future and welcome any pointers by the community. Third,
we identify underrepresented research areas to be addressed by
future work.

Our synthesis resulls indicate that most techniques used problem-
space input information, in terms of feature models in generating
product samples. Solution space information, such as test artifacts
or cade coverage, has rarely been used and we think bridging this
gap may lead to novel research results. Regarding the developed
techniques and algorithms, greedy and evolutionary algorithms
have been developed most in this domain. Also, there are no tech-
niques that consider the history of feature models and evolution in
software product lines. Regarding evaluation, there are very few

1 References are sorted by suthor names but grouped into proposed algorithms, evalu-
ations of sampling algorithms, and other reference
*http//thomasacn-- thi-iva.de/sampling/
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ABSTRACT alleviate this problem, one may resort to product sampling tech- Sebastian Krieter Malte Lochau Ina Schaefer
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used to avoid exhaustive testing which is often infeasible. In this
paper, we propose a classification for product sampling techniques
and classify the existing literature accordingly. We distinguish the
important characteristics of such approaches based on the infor-
mation used for sumpling, the kind of algorithm, and the achieved.
coverage criteria. Furthermore, we give an overview on existing
tools and evaluations of product sampling techniques. We share
our insights on the state-of-the-art of product sampling and discuss

inall other products.

Several approaches have been propased for product sampling in
the context of software product lines, in order to scarch the vast
space of valid products [28, 56, 66). For such approaches, a myriad
of search algorithms for finding a sample to cover a product line
have been proposed, wherethe notion of coverage may also vary
from one approach to another. Different algorithms use different
types of information sources to find a covering sample. Moreover,
the propased algorithms have typically been evaluated with respect

ABSTRACT

Quality assurance for product lines is often infeasible for each prod-
uct separately. Instead. only a subset of all products (ie., a sample)
is considered during testing such that a least the coverage of cer-
tain feature interactions is guaranteed. While pair-wise interaction
sampling only covers all interactions between two features, its gen-
eralization to t-wise interaction sampling ensures coverage for all

1 INTRODUCTION

Modern software engineering struggles with increasing require-
‘ments regarding finer customization and faster time to market. A
common solution is to design systems as software product lines.
This way a collection of customized products can be build based on
acommon core [3). However, the variability contained in a software
product line poses 2 potentially large number of possible products.

potential future wark- 3 . interactions among t features. However, sampling large product Analyzing all products individually is infeasible in most cases (30]).
to different criteria and with different degrees of tool support and lines poses a challenge, as today’s algorithms tend to run out of ~ Therefore. quality assurance is often performed on a small subset
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1 INTRODUCTION

Software product lines (SPLs) have become common practice for
mass production and customization of software systems. In an SPL,
products are developed based on a commen care. The main goal

af using SPLs is t0 enable svstematic reuse in differant nhases of

‘We aim for bringing more structure onto the extensive literature
on product sampling. In contrast to existing surveys on product
sampling (49, 71] or product-line testing [56]. we do not follow a
systematic process in which all interesting research questions is
defined up-front. In contrast. our goal is to provide more insights
for readers by means of a detailed classification of existing sampling
techniques. We envision that our insights can be used to have a
better understanding of such techniques for education and research
and also for recopnizing their requirements and shortcomings to
apply such techniques in practice. To this end. we considered a
literature catalog with 48 publications [1-48]. We limited our search
to find studies that are facusing on new sampling algorithms (1-38)
or evaluations of existing ones [39-48).!

Our contributions are threefold. First, we propose a classification
for product sampling, involving input data used for sampling. the
actual algorithm and achieved coverage, as well as its evaluation (cf.
Section 3). Second, we surveyed and classified the literature with
respect to the classification (cf. Section 4-6). The list of studies and
their classification can be found online.* We plan to update thi

is list
i tha bz and P

oo, ame maintars b tha o

to be tested. To initiate a community effort, we provide a set of
large real-world feature models with up-to 19 thousand features,
which are supposed to be sampled. The performance of sampling
approaches is evaluated based on the CPU time and memory con-
sumed to retrieve a sample, the sample size for a given coverage
(Le. the value of t) and whether the sample achieves full t-wise cov-
erage. A well-performing ssmpling algorithm achieves full t-wise
coverage, while minimizing the other properties as best as possible
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KEYWORDS
software product lines, product line testing. product sampling, real-
world feature models
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amount of functionality of the product line.

A common technique to build a subset of products is combina-
tortal interaction sampling (CIT) [17). The goal of combinatorial
interaction testing is to build samples, which achieve {-wise interac-
tion coverage betw een sets of features. T-wise interaction coverage
requires that every possible combination of t features is covered
by at least one product in the sample. Commonly used coverage
criteria include feature-wise coverage (t = 1), pair-wise coverage
(t= 2}, or three-wise coverage (t = 3).

Over the years, many sampling algorithms have been developed
to generate samples that achieve feature inleraction coverage. To
generate a sample different input artifacts such as a feature model.
implementation artifacts (11, 23, 25] or expert knowledge [7, 9] can
be used [30]. However, the majority of sampling algorithms uses
a feature model as single input artifact [30). Hence, our challenge
focuses on sampling algorithms using a feature as single input for
sampling, Sampling algorithms drastically reduce the number of
products to be tested, compared to testing all possible products
individually. However, when applied to large product lines from
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Measure quality via lower bounds
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Deep Reinforcement Learning Approach to Sampling

A Deep Reinforcement Learning Approach to
Configuration Sampling Problem
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Maximum Coverage for k Configurations

Solving the t-Wise Coverage Maximum Problem via Effective
and Efficient Local Search-Based Sampling
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Get the highest coverage for a given
sample size k
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Not seen so far: “for p% coverage, how
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The analysis of software product lines is challenging due to the potentially large number of products, which grow exponentially in terms of the number of features. Product sampling is a technique used to avoid exhaustive testing, which is often infeasible. We have proposed a
dlassification for product sampling techniques and classified the existing literature accordingly. We distinguish the important characteristics of such approaches based on the information used for sampling, the kind of algorithm, and the achieved coverage criteria. Furthermore, we give
an overview on existing tools and evaluations of product sampling techniques. We share our insights on the state-of-the-art of product sampling and discuss potential future work.
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filter and sorting <spab\nes Furthermore, produ(( sampling s a very active research area and new s\gor(hms are pubished several times a year. We aim {0 keep the table up-to-date, ut kindly ask you t0 report any missing lterature and wiong clasifictions to us.Istead of sending . -
T T e e xact Procedures for t-wise Sampling
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Abdel Salam Sayyad,  ASE 2013 Scalable Product Line usage of jMetal/Z3 . .

. eep Reinforcement Learning Approac
Alireza Ensan, Ebrahim  ITNG 2011 G ted Test Ensan’s algorithm feature model, expert  greedy, semi no coverage guarantee  testing efficiency, testing SPLC18. .

Bagheri, Mohsen Asadi, Case Selection an knowledge automatic selection evaluation 0 a m l n

Anastasia Cmyrev, Ralf ~ UAST 2014 Cmyrev's greedy feature model greedy, semi- feature-wise coverage, sampling efficiency, testing compared to MoSo-

effectiveness,
unavailable tool,

SN S N Sampling of Deployed Configurations

Cmyrevs simulated  feature model local search, semi- no coverage guarantee sampling efficiency, testing compared to MoSo-
annealing automatic selection testing efficiency, PoliTe, SPLC18
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