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Abstract—This paper presents a retrospective of the article
“Whole Test Suite Generation”, published in the IEEE Trans-
actions on Software Engineering, in 2012. We summarize its
main contributions, and discuss how this work impacted the
research field of Search-Based Software Testing (SBST) in the
last 12 years. The novel techniques presented in the paper were
implemented in the tool EvoSuite, which has been so far the
state-of-the-art in unit test generation for Java programs using
SBST. SBST has shown practical and impactful applications,
creating the foundations to open the doors to tackle several other
software testing problems besides unit testing, like for example
system testing of Web APIs with EvoMaster. We conclude our
retrospective with our reflections on what lies ahead, especially
considering the important role that SBST still plays even in the
age of Large Language Models (LLMs).
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I. INTRODUCTION

Search-Based Software Engineering (SBSE) refers to the re-
search field in which the application of search algorithms (e.g.,
Genetic Algorithms [1]) to software engineering problems is
studied [2], [3]. Software engineering problems are cast into
optimization problems, and then different search algorithms
can be designed and investigated to tackle them. Search-Based
Software Testing (SBST) is a (large) subset of SBSE, focused
on the testing of software [4], [5]. Given the search space of
all possible tests for any piece of software, metrics to optimize
via search are for example fault detection or code coverage.
Although the work on SBST took off in the 90s, applications
of SBST can be traced back to at least 1976 [6].

The paper titled “Whole Test Suite Generation” [7] intro-
duced a major paradigm shift in SBST. At that time, before
2012, most work on SBST focused on generating test cases
for single targets, such as specific branches or statements in
the system under test (SUT). Different heuristics to smooth
the search landscape were designed, like the so-called branch
distance [8] and testability transformations [9]. However, to
generate not just individual tests but an entire test suite, several
different independent searches were needed, one for each
testing target in the SUT (e.g., for all branches). This was
problematic for several reasons: targets could be infeasible,
and any effort spent on covering them would be wasted; targets
have different complexity that is unknown beforehand, such
that allocating a balanced search budget (i.e., for how long to
run the search before giving up) equally among targets would
be inefficient; also, targets often have dependencies among
them (e.g., nested if statements), and independent search
sessions would not be able to exploit this information.

Whole test suite generation introduces a conceptually sim-
ple, but very effective approach: Instead of modeling each
individual testing target as different optimization problem
wrapped into an overall test generation loop, we consider
all targets at the same time, in a single optimization search,
addressed with an evolutionary algorithm. Instead of evolving
individual test cases, we evolve whole test suites. The above
named problems go away, the test generation algorithm is
simplified by an entire layer, and the driving fitness function
is a simplified version of heuristics for all targets in the SUT.

In this retrospective, we discuss how whole test suite genera-
tion impacted SBST and software testing research, and why. In
particular, we discuss this in the light of successful tools such
as EvoSuite (Section II), why this was successful (Section III),
and successor tools like EvoMaster or Pynguin (Section IV).
Despite the influence of whole test suite generation [7] on
the last decade of software testing, it is important to consider
what impact it may still have in the future. Disruptive AI
technologies such as Large Language Models (LLMs) have
been applied to many software testing problems [10]. Is whole
test suite generation still relevant in the age of LLMs? We
provide our reflections on this topic in Section V.

II. EVOSUITE

The novel techniques presented in the 2012 paper [7] were
first implemented in a tool called EvoSuite [11]. This is an
open-source project1, aimed at unit test generation for Object-
Oriented software written in Java. Throughout the years,
several novel techniques (including whole test suite generation,
as well as others like specialized memetic algorithms [12] and
seeding strategies [13]) were implemented in this tool.

On the one hand, EvoSuite was a research playground for
experimenting and designing novel techniques in SBST. On
the other hand, significant engineering effort was invested
(including plugins for popular tools such as Maven, IntelliJ
and Jenkins [14]), making it usable in practice, and enabling
large empirical studies [15]. This not only led it to win most
unit test competitions throughout the years (e.g., 2013 [16] to
2023 [17]), but also it made it possible for other researchers
to use EvoSuite for their work. In 2023, this culminated in an
ACM SIGSOFT Impact Paper Award.2 The use of whole test
suite generation was a main key for EvoSuite’s impact on the
software engineering research community.

1https://github.com/EvoSuite/evosuite
2https://www2.sigsoft.org/awards/impactpaper/
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III. WHY WAS IT SUCCESSFUL?
By all standard metrics such as citations, whole test suite

generation and the accompanying EvoSuite tool were a suc-
cess. But why? We can but speculate about the reasons:

• Simplicity: Single target test generation uses a search
algorithm, contained in a test generation algorithm, re-
quiring even more algorithms to calculate fitness values.
Whole test suite generation is a single algorithm and a
much simpler fitness function, making it not only easier
to apply to other domains, but also to adapt and extend.

• Tooling: An evolutionary search algorithm may be easy
to understand, but instantiating it for test generation is
anything but easy. The actual search algorithm probably
is less than 10% of EvoSuite’s source code, whereas the
challenging bits lie in details of representing and running
tests for Java. EvoSuite solved these bits once and for all
(alas, until Java received a breaking update), making it
easy to focus more on algorithmic fun.

• Maintenance: An incredible effort went into maintaining
EvoSuite. A standard empirical study with EvoSuite
consisted of running the tool on thousands of classes, and
like any program analysis tool EvoSuite would crash on
substantial shares of target programs. It is fair to assume
that 90% of the maintenance effort for EvoSuite went
into looking into cases where the tool crashed, over and
over again, and making it work better.

• Usability: Anyone can use EvoSuite out of the box,
without having to first resolve dependencies, edit configu-
ration files, or setting up some sort of virtual environment
or Docker container. There’s just one “fat” jar with all
dependencies—download it, run it, and there be tests.

All these points made EvoSuite easily adoptable, and with
it the whole test suite generation approach. The fact that we
wrote many papers using EvoSuite certainly helped in publi-
cizing the tool, but so did many other researchers. Maybe more
than anything, we might speculate, the success was influenced
by EvoSuite serving as a catalyst for other research for which
it was available at just the right time: Countless recent software
engineering research topics rely on the availability of tests, for
example fault localization, automated program repair, or deep
learning applications. EvoSuite provides the tests required to
study these fields, and it does so for free.

IV. BEYOND EVOSUITE

A. Beyond Whole Test Suite Generation

While whole test suite generation represented a milestone
in the field of SBST that overcame some previous limitations,
it provides its own limitations that called for further improve-
ments. First and foremost there is the issue that even after a
test for an individual target has been found, that target remains
part of the overall optimization goal, rather than letting the
search focus on what has not been covered yet. The solution
to this problem is to make the optimization dynamic: Once
a testing target has been covered the corresponding test is
stored in an archive, and the search continues only for the
remaining targets. Even better, established techniques from
multi-objective optimization can improve diversity throughout

the search, yielding far superior results. This is implemented
in the Many Objective Sorting Algorithm (MOSA) [18], which
is now the default algorithm used in EvoSuite.

At this point, the algorithm itself maybe is no longer the
central issue inhibiting further improved code coverage, but
rather the problematic fitness landscape that test generation
represents. The venerable branch distance [8] provides gradi-
ents in the search space by estimating how close conditional
statements are to evaluating to true or false, but this estimation
cannot provide any guidance when comparing Boolean values
or object references. While gradients can be recovered through
testability transformations [9] for Boolean variables [19], we
found that Booleans are not the main culprit [20], and instead
the failure to properly construct complex objects prevents the
search from getting to a point where missing gradients even
matter [21]. This is not a solved problem to date.

B. Beyond Java

EvoSuite implemented whole test suite generation for Java,
and much of EvoSuite’s complexity lies in dealing with
specifics of that language and environment. While Java is
a popular target in the software engineering research world,
whole test suite generation and similar principles have made
appearances for example for Python [22], Rust [23], or
JavaScript [24]. Our own dabbling in the world of Python
with the Pynguin test generator [22], a re-implementation of
EvoSuite for Python, have if anything confirmed that often
the engineering challenges maybe outshadow the research
challenges (e.g., dynamic typing in Python) in adapting test
generation approaches for new programming languages.

C. Beyond Unit Testing

Where whole test suite generation was originally investi-
gated in the context of unit testing, it can be applied in other
contexts as well. An example is system testing for Web APIs
(e.g., REST [25], GraphQL [26] and RPC APIs [27]) with
search-based tools such as EvoMaster [28], [29].

One challenge though is that, compared to unit testing, in
system testing there are a few orders of magnitude higher
number of testing targets to optimize for. The algorithm
presented in the whole test suite generation paper [7] would
not directly scale in this testing context. But, as for any
research result, it can be used as a stepping stone to build more
advanced algorithms. In this particular case, it led to the design
of the MIO algorithm [30]. This was a major success, with
thousands of downloads of EvoMaster from practitioners [28],
including its use in large Fortune 500 enterprises such as
Meituan [27], [31] and Volkswagen [32], [33]. The concept
of whole test suite generation [7] played a central role in the
design and implementation of EvoMaster.

Not all endeavors in system test generation were as fruitful
as the work on EvoMaster, though. For a while, Android
testing was all the rage in software engineering research,
with new papers and tools appearing frequently. However, we
found that neither whole test suite generation nor newer many-
objective search algorithms could really clearly outperform
simple random testing [34], and neither replacing algorithm,
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representation, or fitness function, could change that. Once
again it seems that engineering challenges inhibit progress [35]

D. Beyond Deterministic Testing

All previously named application areas of whole test suite
generation and derived algorithms make the assumption that
a test is a sequence of interactions with a program under test;
e.g., sequences of API calls for unit testing, sequences of
REST-API calls or UI-interactions for system testing. A fun-
damental assumption here is that executing the same sequence
on the same system twice will lead to the same result. Already
when studying whole test suite generation on Java unit tests,
we found that this assumption often does not hold. We had
stumbled on the problem of flaky tests even before it was a
hyped topic in software engineering research, and used heavy
machinery in the form of program instrumentation to make
EvoSuite tests deterministic [36]. However, non-deterministic
behavior may be unavoidable in systems interacting with the
real world, or even desirable in computer games that aim to
challenge players. Such systems nevertheless need to be tested,
and SBST represents a feasible way to do so. For example,
the same evolutionary search algorithms and the same fitness
functions that have been repeatedly mentioned in this paper
can not only optimize sequences, but also train neural networks
that learn to adapt to behavioral differences while still ensuring
eventual coverage of testing targets [37].

E. Beyond Code Coverage

As a final example research that whole test suite genera-
tion enabled, let us point out one more commonality of all
approaches named previously in this section: They all aim to
optimize code coverage. While code coverage is certainly an
important quality metric for tests and a worthwhile optimiza-
tion goal for automated test generation approaches, it only
solves half the problem. Whole test suite generation gives you
test inputs that achieve code coverage, but in order to find bugs
in programs, this is not sufficient. The tests also need test
oracles that can distinguish correct from incorrect behavior,
and if they do reveal a bug. Until automated program repair
solves this problem for us once and for all, the generated
tests need to be readable and understandable. Consequently,
even though these problems are orthogonal to whole test suite
generation, they need to be addressed in any implementation
that aims to be usable, for example by finding sensible names
for variables [38] or by predicting test oracles [39].

V. BEYOND SBST: SBST IN THE AGE OF LLMS

Evolutionary computation techniques have achieved tremen-
dous successes in many fields of science and engineering. As
such, their introduction in software engineering [2], [3] opened
the door to tackle with scalable solutions important problems,
especially in software testing [4], [5]. In a similar way, at the
time of writing, Large Language Models (LLMs) have brought
disruptive innovation worldwide. It is not surprising that a lot
of research has been carried out to evaluate them on software
engineering problems, such as software testing [10].

In a world where you can prompt an LLM to generate test
cases, will SBST techniques like whole test suite generation
still be relevant? We cannot peek into the future, but we can
make an educated guess after two decades of research. Our
current answer is a strong yes, as we will corroborate next.

Several studies [40], [41] (in which we were not involved)
have investigated LLMs to generate unit tests, and com-
pared the results with the state-of-the-art whole test suite
generation EvoSuite. On average, current LLMs achieved
worse results. For example, it has been reported [40] that
“EvoSuite generally achieves higher coverage”, based on
an experiment with 690 Java classes. Furthermore, LLMs
have been observed [41] to have “a close performance with
the state-of-the-art test generation tool for the HumanEval
dataset, but their performance is poor for open-source projects
from Evosuite based on coverage”. A major issue, besides
hallucinations, is that when using an LLM “several generated
tests were not compilable” [41]. In our own work on the
application of EvoMaster in industry at Volkswagen [32] on
testing REST APIs, generally SBST techniques using whole
test suite generation provided better results than LLM ones.

Obviously, this can and likely will change in the future, as
novel, more sophisticated LLM techniques could be designed
that lead to better results. Still, regardless of whether LLM will
replace SBST or not in the future, at the moment they can be
combined, covering each other weaknesses (in a similar way
in which SBST techniques can be combined with Dynamic
Symbolic Execution [42]). For example, when an SBST search
process is stuck in local optima, an LLM can be used to
derive inputs to help escape them, as done for example by
CodaMosa [43]. Furthermore, important aspects for a usable
test suite might be hard to encode in fitness functions for
SBST. The readability of the generated test cases is one such
important aspect that is hard to codify programmatically. In
this case, LLMs can be used to improve the readability of the
generated test suite outputs of an SBST process [44].

Another critical aspect of LLMs that needs to be considered
is that, as for any machine learning process, the quality of
the results are strongly correlated with the quality of the data
used for training. In the case of programming tasks and test
case generation, this usually would be open-source projects,
hosted for example on GitHub. Large enterprise systems, using
for example large microservice architectures, might not be
well represented among open-source projects, compared to,
for example, utility libraries and student projects. As such,
the success of LLMs at generating test cases is likely strongly
correlated with how many existing test cases for a specific
testing domain can be found among open-source projects.
Where we can see improvements in unit testing with LLMs
in the near future, for system testing of industrial systems our
expectations are more limited. Still, also for current SBST
techniques large industrial systems are challenging. As such,
we can see an exciting time ahead in the software testing
research field, where novel techniques like LLMs can be
evaluated and combined with fundamental stepping stones
such as whole test suite generation [7].
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[40] W. C. Ouédraogo, K. Kaboré, H. Tian, Y. Song, A. Koyuncu, J. Klein,
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