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ABSTRACT Educational timetabling, a principal branch of operations research, presents challenging
combinatorial optimization problems widely encountered in educational institutions. Meta-heuristics have
commonly been applied to these problems and managed to attain promising performance in terms of
optimality. However, their general applicability has been overlooked, hindering their effectiveness as
versatile solvers. The limited generalizability of current approaches is the primary hurdle between the
literature and real-world applications. This paper addresses this gap by introducing a generality taxonomy
and conducting comprehensive theoretical and empirical analyses. This study highlights the adverse
impact of extreme parameter tuning on generality, emphasizing the need for more generalized approaches.
Furthermore, it introduces a performance assessment framework, penalizing problem-tailored solutions.
It also examines the optimality vs. generality performance of the state-of-the-art approaches of the latest
university course timetabling benchmark to further reinforce our claim and validate the efficacy of our
framework. Our findings indicate that the current literature prioritizes optimality over generality. We believe
adopting the proposed assessment framework is crucial for bridging the gap between research and practical
applications, enabling fairer comparisons, and encouraging more adaptable approaches.

INDEX TERMS Generality, meta-heuristic, operations research, optimality, university course timetabling.

I. INTRODUCTION
The Educational Timetabling Problem (ETP) is a major
area of research in the Operations Research (OR) field [1],
[2] that has drawn much attention in recent years [3],
[4], [5]. This Combinatorial Optimization Problem (COP)
aims to schedule courses subject to a set of predefined
constraints in order to maximize utilization and satisfy
stakeholders’ requirements [6], [7]. ETP can be classified
into university and (high) school timetabling problems [8].
Figure 1 illustrates the general problem scheme of ETP.
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As the main branch of ETP, the University Course
Timetabling Problem (UCTP) involves allocating a physical
room, a time period, and a list of students to classes
while adhering to all hard constraints and minimizing
soft constraint violations [9], [10]. The objective of this
Non-deterministic Polynomial-time hard (NP-hard) problem
is to construct a feasible schedule while maximizing
efficiency [11]. The approaches to this problem in the
literature can be categorized into OR-based techniques,
meta-heuristics, hyper-heuristics, multi-criteria/objective,
and hybrid approaches [1].

Meta-heuristics are iterative processes directing subordi-
nate heuristics [12]. They are capable of exploring large
solution spaces and tackling a variety of different problems as
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FIGURE 1. The general problem scheme for educational timetabling
problems.

they make relatively few assumptions about the problem [13],
[14]. These approaches have often been utilized in the
literature, achieving superior results on benchmark datasets,
and are the most common methods in practice [5], [15].

Despite significant advances in the literature, course
timetabling is still being conducted manually in many
educational institutions. Manual timetabling is imprecise,
time-consuming, and can result in significant wastage of
resources [4], [6], [16]. Bridging the gap between the
literature and real-world applications of the UCTP remains
a major challenge in this domain [8]. This gap can be
attributed to the discrepancy between different definitions
of the UCTP and the lack of generalizability of existing
solvers [17]. In spite of considerable efforts towards unifying
the definition of the UCTP, through the organization of
the International Timetabling Competition (ITC) by Practice
and Theory of Automated Timetabling (PATAT) and the
Meta-heuristic Network (MN), the evaluation of solver
generality has been overlooked, with methods solely assessed
based on optimality [18]. As achieving new Best Known
Solutions (BKS) is essential for successful publications of
novel methods in top-tier journals, many researchers have
resorted to problem-tailored encoding and extreme parameter
tuning to achieve BKS on specific instances. This often
compromises the consistency of their method’s performance
across other instances and datasets. This issue is particularly
critical for meta-heuristics and hyper-heuristics, which aim
to serve as general problem solvers. Hence, a comprehensive
investigation of solver generality is imperative.

The issue of generality is crucial within the context of
UCTP. We believe this issue to be the major contributing
factor preventing literature methods from being adopted
in real-world applications. A method with high optimality,
performing exceptionally well on a specific set of instances
and achieving a new BKS, may be desirable in theoretical
contexts. However, if it performs poorly on other instances,
it becomes unsuitable for real-world applications. Consider
a solver that excels only for a specific university, a single
faculty, or even certain semesters when the problem size is
unusually large or small. Such inconsistencymakes it imprac-
tical for real-world adoption. Currently, this performance

consistency (generality) is overlooked in the performance
evaluation of ETP solvers in the literature. We believe
that incorporating a generality metric into performance
assessment is crucial for future progress, as it can encourage
the adoption of literature methods in real-world UCTP
applications.

This paper aims to address this challenge by introducing a
novel performance evaluation framework for measuring the
efficiency of meta-heuristics on ETPs, both in terms of opti-
mality and generality, in order to discourage problem-tailored
strategies and excessive parameter tuning.

The main contributions of this paper are:
1) Investigating the lack of generality in existing methods

as a key factor resulting in the current gap between the
literature and real-world applications of the ETP.

2) Introducing a comprehensive taxonomy for categoriz-
ing optimality, generality, and their respective levels.

3) Conducting a thorough theoretical analysis to study
the performance trade-off between optimality and
generality in meta-heuristics.

4) Proposing a novel performance measurement frame-
work for assessing meta-heuristics, considering both
optimality and generality.

5) Applying our proposed evaluation framework to UCTP
state-of-the-art approaches on the latest benchmark,
examining their optimality and generality performance
to demonstrate the unfavorable effects of extreme
parameter tuning and showcase the efficacy of our
framework.

The rest of this paper is organized as follows. Section II
defines the problem and introduces the concepts of optimality
and generality. Section III provides a summary of previous
works on ETP, UCTP, and generality. The theoretical analysis
exploring the trade-off between optimality and generality
is presented in Section IV. Our proposed framework is
presented in Section V, and its effectiveness is demonstrated
through empirical experimentations in Section VI. Finally,
Section VII concludes our findings and suggests possible
future work opportunities.

II. RESEARCH BACKGROUND
To provide the necessary background, this section describes
the terms used in this research, defines the concept of opti-
mality, and presents a classification scheme for generality.

A. TERMINOLOGY
Problem instance represents an instance in a benchmark
dataset. In the case of UCTP, the ITC 2019 dataset comprises
30 real-world samples gathered from ten institutions across
five continents [19]. Each sample is characterized by a unique
set of features, including the number of courses and students,
and is referred to as a problem instance.

Benchmark dataset refers to a group of problem
instances. These instances can originate from real-world
scenarios or be generated artificially [17]. A benchmark
dataset consists of a set of problem instances, a collection
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of established hard and soft constraints, and a cost function.
Alongside other dataset-specific attributes, such as the time
limit, these features aim to introduce a general principle over
all problem instances to simplify the application of a solver
to all instances. In the case of UCTP, ITC 2007, ITC 2002,
Socha, Hard, and ITC 2019 are themost common datasets [8].
Since the performance of a method on a single problem
instance may not be representative, benchmark datasets
provide a more comprehensive measure of a method’s
performance.

Problem refers to a topic within a specific field, often
centered around a distinct task. While different problems
within a field can have unique attributes or constraints, they
generally follow similar problem representations governed
by the problem field. As depicted in Figure 1, Course
Timetabling and Examination Timetabling [2] are the two
problems within the UCTP problem field.

Problem field contains a group of problems centered
around a common subject. These problems often share their
general objective but differ in their features due to the distinct
characteristics of the fields they derive from. In the domain
of ETP, university and school timetabling [4] are the main
problem fields (refer to Figure 1). While both of these
problem fields deal with timetabling in academic settings, the
attributes of school timetabling are often different from those
in universities.

Problem domain is defined as a group of problem fields
on a specific matter. Domains in OR are predominantly
inspired by challenges faced in real-world scenarios [18]. For
example, ETP [3], Vehicle Routing Problem (VRP) [20], Job-
Shop Scheduling Problem (JSSP) [21], and Nurse Rostering
Problem (NRP) [22] are some popular COPs in Scheduling.
Figure 2 encapsulates these terminologies, summarising

the distinctions and providing illustrative examples.

B. OPTIMALITY
Optimality (also known as generality level 0) refers to the
best mathematically proven solution for a given problem
instance [12]. The definition of ‘‘best’’ is problem-specific,
determined by the dataset’s constraints and cost function.
Optimality persists in finding the best-quality solution(s)
to a single (or a group of) problem instance(s) in a given
dataset. For a single problem instance, it evaluates a method’s
effectiveness based on the cost or fitness function, without
considering its performance across other instances. This
measurement defines the Best Known Solution (BKS) and
is commonly reported in the literature as an indicator of a
proposed method’s performance.

C. GENERALITY
The notion of generality was first introduced by McCarthy
[23]. Unlike optimality, which strives to discover the best
solution to a specific problem instance, generality deals with
performance consistency and widespread adaptability of a
solver across different problem instances, datasets, domains,

and fields [23]. Similarly, the generalizability of a method
can be quantified as the amount of effort and changes needed
to adapt it to a new problem. Pillay et al. [18] presented
generality and its different levels for hyper-heuristics.

• Generality level 1 acts over all problem instances in
a single benchmark dataset. For example, in the case
of UCTP, a method with high level 1 generality can
be effortlessly applied to all 30 problem instances of
the ITC 2019while maintaining consistent performance.
This is the lowest and most commonly observed level
of generality for meta-heuristics in the literature [3],
[5], as handling level 0 can be accomplished using
direct approaches (deterministic) or problem-specific
heuristics.

• Generality level 2 deals with different benchmark
datasets of a single problem. For instance, a method
with high level 2 generality is capable of addressing ITC
2019, ITC 2007, Socha, etc., and obtaining consistent
performance. Meta-heuristics are able to attain this
level of generality, albeit with minor changes required
to adjust to different problem representations. Table 1
presents examples of meta-heuristics with level 2 gener-
ality in the UCTP.

• Generality level 3a refers to the ability to address
distinct problems within a problem field. In the context
of UCTP, a method exhibiting a level 3a generality
would be able to address both university course
timetabling and university examination timetabling
with consistent performance. While meta-heuristics,
theoretically, retain the potential to achieve this level of
generality, hyper-heuristics are notably more effective in
achieving level 3a generality due to their higher overall
generalizability [18], [24], [25], [26], [27], [28].

• Generality level 3b indicates the ability of a method
to maintain consistent performance across diverse
problem fields within a problem domain. An approach
demonstrating level 3b generality would be able
to simultaneously address the university and school
timetabling problem fields in the ETP domain. This
level of generality is particularly difficult to achieve
as different problem fields may have subtle differences
in their problem definitions and objectives. Hyper-
heuristics have been predominantly employed in the
literature to achieve this level of generality [18], [29],
[30], [31].

• Generality level 4 works across multiple problem
domains without being tailored to a specific one. For
example, a method with level 4 generality would be able
to handle VRP, JSSP, and NRP. In the existing literature,
only a few hyper-heuristics have managed to reach this
level of generality [18], [32], [33], [34], [35].

Table 2 summarizes the generality taxonomy presented in
this section.
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FIGURE 2. Encapsulation of terminologies.

TABLE 1. Examples of meta-heuristic approaches from the literature that exhibit Level 2 generality in solving the university course timetabling problem.

TABLE 2. A summarized taxonomy of different generality levels.

III. RELATED WORK
In operations research, optimization plays a significant role,
often focusing on maximizing resource utilization to mini-
mize costs and improve efficiency [42]. Resource scheduling,
a key subproblem within optimization, frequently involves
timetabling, which has attracted considerable attention from
the OR research community [2].

As one of the most dynamic OR domains, ETP has
been extensively studied in the literature. Ceschia et al. [3]
surveyed this problem and identified six formulations of its
subproblems. They presented standard representations and
common benchmark datasets for each of these subprob-
lems. Through a comprehensive empirical comparison, they
revealed that most State-Of-The-Art (SOTA) approaches in
this domain are based on meta-heuristics. It was shown that
the UCTP has noticeably drawn more attention compared

to school timetabling. This study also shed light on the
prevailing challenges faced in the ETP domain. The lack
of generality, due to different problem definitions and a
lack of basis for fair comparison of solvers’ performance,
was reported as a significant observation in this work. They
argued that there is a need for a shift towards generality,
which can be achieved by establishing standard definitions
for the ETP subproblems, providing explicit competition
grounds for a fair comparison, avoiding excessive fine-
tuning, and facilitating experiment replication by making
solutions/source codes available.

Chen et al. [1] provided a comprehensive overview of the
UCTP. They reviewed the latest approaches in the literature
and classified the methodologies into six categories. In their
analysis, they revealed that most of the common successful
methodologies are based on meta-heuristics and hybrid
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approaches. However, they acknowledged the difficulty of
objectively comparing these approaches in their current
form due to different problem formulations. Identifying the
ITC 2019 as the most recent UCTP benchmark and the
closest replica to real-world applications, they suggested
that current methods be tested on this dataset. Additionally,
they emphasized the importance of generating robust and
flexible techniques with high adaptability, highlighting the
limited generalizability of existing SOTAs as a barrier to their
widespread adoption in real-world applications.

Recognizing the prominent role of (hybrid) meta-heuristics
in the ETP domain, Abdipoor et al. [8] provided an
exhaustive and detailed overview of these approaches for
the UCTP. First, they presented a comprehensive overview
of the problem, its variants, and benchmark datasets. Then,
they conducted an extensive literature review, focusing
on meta-heuristic approaches. In addition, they introduced
a categorization of hybrid meta-heuristics based on their
hybridization type into collaborative and integrative. They
analyzed the strengths and limitations of different approaches
and explored possible future directions. They highlighted the
gap between real-world UCTP and the literature, resulting
in many universities relying on manual timetabling due to
the lack of generality in current methods and excessive
parameter tuning. They advocated for enhancing generality
and its assessment to bridge this gap and discourage problem-
specific solutions. Finally, they pointed out the untapped
potential of hybrid meta-heuristics for the ITC 2019, despite
their proven effectiveness as SOTA on previous UCTP
benchmarks.

As one of the few works solely focusing on the ITC
2019, [17] delivered a systematic literature review of
this latest UCTP benchmark dataset. In this brief survey,
they first described the problem definition, its constraints,
and performance measurement. Then, they reviewed and
classified the existing methods in the literature based on their
encoding, preprocessing, and optimization steps. Having
identified the competition winners and current SOTAs based
on detailed empirical results, they pinpointed the compli-
cations in conducting a fair comparison between different
approaches as the foremost obstacle faced in this field. They
noted that the current methods vary in their implementation
(using diverse programming languages, encodings, and
preprocessing steps), testing conditions (different time limits
and test benches, sometimes using unrealistically powerful
servers), and reporting standards (lacking exact parameters,
source code, and preprocessed problem instances). They
also observed a lack of generality in the methodologies and
attributed the scarcity of work on this benchmark to its
novelty and complexity. They referred to an open-source
C# implementation1 of ITC 2019 and shared their own
Java implementation2 GitHub repository to encourage further
research on this problem.

1https://github.com/edongashi/itc-2019 Last accessed: 22 December 2024
2https://github.com/SinaAbdipoor/itc-2019 Last accessed: 22 December

2024

Despite the growing recognition of method generality as
a crucial aspect of OR in the literature, there is still a lack
of empirical studies that exploit and apply this concept in
practice. Pillay et al. [18] examined the generality perfor-
mance of hyper-heuristics in discrete optimization problems.
They argued that the existing evaluation of hyper-heuristics
mainly focuses on optimality, which overlooks their potential
as general solvers. To address this gap, they proposed a formal
definition of generality and suggested four levels of general-
ity for hyper-heuristics. They also developed two metrics for
assessing the generality performance of these approaches and
demonstrated their usefulness through several case studies.
They revealed how measuring generality can help avoid
overfitting an algorithm to a few instances and ensure its
robustness across different instances. They concluded that
generality performance assessment is essential for providing
a complete understanding of a method’s performance. They
highlighted the importance of considering both generality
and optimality for a fair comparison of hyper-heuristics and
encouraged more research on this topic.

While the number of studies on the concept and
implications of generality remains limited, especially on
meta-heuristics, there have been several studies on introduc-
ing hyper-heuristic-based approaches with high generality.
Misir et al. [43] investigated the generality of selection
hyper-heuristics by examining their performance across
different problems. They reported that while the term
generality is often used in the hyper-heuristic literature, the
actual generality performance analysis is often overlooked.
Moreover, following their experimental study, they revealed
significant performance variations under diverse conditions
in their studied hyper-heuristics, further emphasizing the
need for generality research as a future direction. In another
research work [33], they introduced a new adaptive selection
hyper-heuristic, designed for enhanced generality, which
demonstrated effective performance across six problem
domains in the HyFlex framework. Finally, Park et al. [44]
investigated the generality of genetic programming-based
hyper-heuristics for dynamic job shop scheduling problems.
They developed a specialized dataset and analytical method
to assess the method’s adaptability when dealing with
machine breakdowns.

IV. THEORETICAL ANALYSIS
This section delivers the theoretical foundations onwhich this
research is based. It presents the theoretical analysis behind
the optimality vs. generality trade-off as the primary inspira-
tion of this work. To demonstrate how optimizing a method’s
performance on a single problem instance by parameter
tuning can negatively affect its performance consistency over
other problem instances, we use a well-established theorem
and mathematical equations that explain the relationship
between optimality and generality.

A. NO FREE LUNCH THEOREM
The No Free Lunch (NFL) theorem states that when
averaged over the entire space of discrete functions, all
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FIGURE 3. A conceptual visualization of the No Free Lunch Theorem as
discussed in [45]. This illustration conveys the principle that no
optimization algorithm is universally superior across all problems.

search algorithms exhibit equivalent performance across
all possible performance measures [12]. In other words,
the expected performance of different algorithms averaged
over the entire function space is the same [45]. From
this, it can be interpreted that the superior performance
of a method, method1, on a specific problem, problemx ,
compared to another method, method2, comes at the cost of
method1 attaining a lower performance on another problem,
let’s say problemy, compared to method2. For instance,
a randomly selected method from the space of all methods,
a problem-tailored method with high optimality on specific
problem instances, and a general method designed for
consistent performance without extensive problem tuning
would theoretically all perform similarly on average across
all problems. This concept is roughly depicted in Figure 3 and
can be mathematically represented as follows, whereU (F) is
the uniform distribution over the set of all possible objective
functions, E denotes the expectation operator, and x ∼ a(f )
and x ∼ b(f ) mean that x is sampled from the distributions
induced by algorithms a and b on function f .

Ef∼U (F)[Ex∼a(f )[f (x)]] = Ef∼U (F)[Ex∼b(f )[f (x)]]

NFL was first explored and proved by Wolpert et al. [46]
and was later expanded in [47]. It is still an active field
of research, stimulating the curiosity of field experts and
evoking challenging yet fascinating philosophical debates.
Some recent works in the NFL literature include [48], [49],
and [50].

B. OPTIMALITY VS. GENERALITY TRADE-OFF
An intriguing extension of the NFL and its equation involves
considering two configurations of the same method, denoted
a(f ) and b(f ). According to the NFL theorem, these two
algorithms will have equal average performance over all
possible problems. Hence, it can be deduced that tuning
the parameters of an algorithm to enhance its effectiveness
on a specific problem may adversely affect its effectiveness
on other problem instances. This highlights the inherent
trade-off between optimality and generality, emphasizing

the critical role of parameter tuning. This trade-off in the
context of meta-heuristics has been extensively explored and
theoretically investigated in various studies.
The computational time complexity of Evolutionary Algo-

rithms (EA) was examined by He and Yao [51], in which they
utilized drift analysis to estimate the average time complexity
order of an EA when applied to a problem based on the
upper and lower bounds. To extend this, they [52] performed
a time complexity analysis on both (1+ 1) and (N +N ) EAs
by deriving their First Hitting Time (FHT) on a variety of
problems. They directly estimated the FHT of aMarkov chain
from the transition matrix. Through further empirical studies,
they concluded that increasing the population size, one of the
key characteristics of EAs, can lower time complexity, boost
first-hitting probabilities, and shorten FHT. Nonetheless, they
emphasized their results do not imply that (N + N ) will
always outperform (1+1) on all possible problems. Given the
distribution µ0 of initial population X0 conditional on initial
state iwith the transition probability P, they formulated E[T ]
as the mean first hitting time T as follows:

E[T ] =
∑
i

µ0(i)
∞∑
t=0

tP(T = t |X0 = i)

The significance and importance of parameter tuning
on the performance of meta-heuristics was reiterated by
Yu et al. [53]. Identifying the population size as the main
parameter of Genetic Algorithms (GA), they introduced
a population-sizing model for the entropy-based model
building. Based on entropy-based modeling and selection
pressure, they proposed that n = 2(m logm) is the optimal
population size based on the following three facetwise
models:

1) Building-Block Supply Model: given the alphabet
cardinality (χ ), the Building Block (BB) size (k), and
the number of BBs (m), the required population size (n)
with a tolerance of ϵ = 1

m is calculated from [54]:

n = χk (k logχ + logm)

2) Gambler’s Ruin Population-Sizing Model: given the
distance between competing BBs (d) and the fitness
variance of a building block (σBB), the approximate
population size with a failure probability of a = 1

m is
given by [55]:

n =
√

π

2
σBB

d
2k
√
m logm

3) Model-Building+Decision Making Population Siz-
ing: the ideal population size according to this model is
as follows, where cn is a problem-dependent constant
and the failure rate is proportionate to a = 1

m [56]:

n = cn.2k (
σBB

d
)2m logm

In addition to the aforementioned theoretical investiga-
tions, there have been numerous experimentations attesting to
these observations. Chen et al. [57] revealed that increasing
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population size can be detrimental to the performance of EAs.
Minnaert et al. [58] raised the interesting question of ‘‘to
tune or not to tune?’’ and displayed the inescapable trade-off
in the pursuit of optimality. Similarly, Weise et al. [59]
challenged the common myth that ‘‘An EA will outperform
a local search algorithm, given enough runtime and a large
enough population’’ and showed this might not always
hold true. Finally, Roeva et al. [60] explored the optimal
parameter tuning of Genetic and Ant algorithms in a specific
problem.

The trade-off between optimality and generality in param-
eter tuning poses a fundamental dilemma: is tuning worth it?
We argue that the choice of an approach or the setting of its
parameters depends on the problem and the algorithm used.
Direct solvers and heuristics are effective problem-tailored
solutions and should be tuned to fit the problem instance,
while hyper-heuristics are general solvers and should be
tuned for higher generality levels. Correspondingly, for a
benchmark dataset such as ITC 2019, a proposed meta-
heuristic should be able to perform relatively consistently
across all instances rather than being tuned for a few specific
instances.

V. PROPOSED FRAMEWORK
This section introduces our measurement framework, con-
sidering both optimality and generality for a comprehensive
evaluation of method effectiveness in our experimental study.

A. PERFORMANCE EVALUATION
In order to define a performance assessment framework,
this section presents evaluation metrics for optimality and
level 1 generality measurements of meta-heuristics in ETP.
We utilize the ITC 2019 as the benchmark. However, this
framework can be applied to other ETPs and extended to
adopt other problems and higher generality levels for hyper-
heuristics.

1) GENERALITY LEVEL 0 (OPTIMALITY)
The optimality measurement for a specific problem instance
is inherently dictated by how well it performs on that specific
instance, which, in the case of ETPs, is guided by feasibility
and the fitness function.

1) Feasibility: a Candidate Solution (CS) is feasible if
and only if it satisfies all the Hard Constraints (HC)
of that Problem instance (Pi). An infeasible solution is
generally deemed worthless in the literature [1], [8].

feasiblePi (CS) =

{
true ⇐⇒ CS satisfies all HC
false, Otherwise

(1)

2) Cost: given all classes {c1, c2, c3, . . . , ci}, all distri-
bution constraints {d1, d2, d3, . . . , dj}, and all students
{s1, s2, s3, . . . , sk}, the total Cost (C) of a candidate
solution for a given problem instance is calculated as

follows [17].

CPi (CS)

=Wt

i∑
a=1

Tca+Wr

i∑
a=1

Rca+Wd

j∑
b=1

Db+Ws

k∑
c=1

SCsc

(2)

where Tca is the penalty of the Time assigned to class
a, Rca is the penalty of the Room assigned to class
a, Db is the penalty of the Distribution constraint
b, SCsc is the Student Conflict penalty of student
c, and Wt , Wr , Wd , Ws are the predefined weights
of these penalties, respectively. In simpler terms, the
total cost is a weighted sum of the time, room,
distribution constraint, and student conflict penalties.
These weights are specific to each problem instance
and are defined as part of the instance attributes [61].

The cost function (2) is applicable to a wide range of
ETPs. In specific problems that do not require certain penalty
aspects, the corresponding weights can be set to zero. For
instance, to adapt this cost function to an ETP problem that
does not involve the student sectioning problem, such as ITC
2002, we can setWs to zero.
Two primary challenges hinder the adoption of this cost

function as the fitness function in measuring optimality.
1) In many cases, zero-cost solutions are either nonexis-

tent or are yet to be identified, resulting in inflated cost
calculations. To address this issue, we reformulate the
cost function to assess cost relative to the current best
solution rather than absolute zero.

C1
Pi (CS) = CPi (CS)− CPi (BKS)

2) Furthermore, the cost function values are often diverse,
with values for larger problem instances typically much
higher, which leads to a bias towards larger problem
instances. To address this issue, we further modify the
cost function by scaling and normalizing its values
between 0 and 1. The addition of the constant (1) to
the denominator prevents division by zero.

C2
Pi (CS) =

CPi (CS)− CPi (BKS)
CPi (CS)+ 1

Given Eq. (1) and Eq. (2), we define the Optimality of a
given Candidate Solution for a Problem instance (OPi (CS))
using the feasibility and fitness metrics as follows:

OPi (CS) =



feasiblePi (CS),
Refer to Eq. (1)

fitnessPi (CS) = 1−
CPi (CS)− CPi (BKS)

CPi (CS)+ 1
,

Refer to Eq. (2)

(3)

Feasibility determines whether the candidate solution
adheres to all hard constraints of the problem instance.
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Fitness, represented by a value between 0 and 1 (higher values
indicating better quality), measures how closely the candidate
solution’s quality aligns with the best-known result in terms
of soft constraint violations.

The average of (OPi (CS)) over all instances provides a
comprehensive assessment of the solver’s optimality on the
entire dataset. Table 3 illustrates an example of optimality and
level 1 generality measurements in a hypothetical scenario.

2) GENERALITY LEVEL 1
The level 1 generality function seeks to quantify the
consistency of an algorithm’s optimality performance across
all problem instances in a given benchmark dataset. While
this measure allows some problem adaptation, it penalizes
problem-tailored solutions. Compared to the current opti-
mality metrics, this approach offers significant advantages,
particularly for meta-heuristics. It provides a more compre-
hensive understanding of a proposed method’s capabilities
by assessing performance over the entire dataset rather than
focusing on a few select instances. This broader perspective
simplifies comparisons and promotes closer alignment to
real-world applications. Moreover, it discourages the pursuit
of limited optimality as the sole criterion for publication
in this field. Although research on generality has remained
limited, several measurement techniques have been proposed.

Pillay et al. [18] explored the Ranking algorithm as
a potential tool for evaluating generality performance.
This method sorts a group of n solvers based on their
performance, assigning ranks from 1 to n. These ranks are
then aggregated across all problem instances to determine
the overall generality. While Ranking provides a relative
comparison by indicating which solver produces the best
objective values, it overlooks performance consistency. For
example, in Table 3, solver 1 exhibits marginal fitness
superiority over solver 2 for problem instances 1 and 3,
achieving gains of 0.2 and 0.3, respectively. However, its
performance drops significantly on problem instance 2,
with a 0.5 reduction in fitness. Despite Ranking favoring
solver 1, this performance inconsistency contradicts the
principles of generality. Additionally, this algorithm is only
applicable when evaluating multiple solvers, limiting its
usefulness. Therefore, it is not considered an ideal generality
measurement technique.

Another rudimentary approach to evaluating generality
performance involves directly calculating fluctuations by
simply summing the differences in the optimality perfor-
mance of solvers across all instances. While this method is
extremely straightforward, it fails to distinguish between a
series of minor deviations and a single significant deviation
if they are equal. For instance, in Table 3, both solvers
exhibit the same total added difference across all instances
((0.7−0.5)+ (0.3−0.8)+ (0.9−0.6)) = 0. However, solver
1 is clearly less general due to its substantial performance
drop on instance 2. This highlights the inadequacy of this
approach, as an ideal generality measurement should penalize
larger deviations more severely than smaller ones.

To overcome these challenges, we propose employing
Standard Deviation (SD) as a measuring stick for perfor-
mance generality. SD is a measure of the dispersion in data
and is defined as the square root of the variance, which is
the average of the Sum of Squared Differences (SSD) from
the mean. In other words, SD tells us how far, on average, the
data points are from the mean [62], making it an ideal tool for
assessing generality. SD has been explored as an evaluation
metric for performance assessment in hyper-heuristics by
Pillay et al. [18] and was found to be highly effective in that
context. We aim to extend its application to meta-heuristics
in the context of ETPs. The mathematical formulation of SD
is as follows, where σ is the standard deviation, xi is the i-th
data point, µ is the mean, and n is the number of data points.

σ =

√∑
(xi − µ)2

n

Level 1 generality of a given solver across all instances of
a dataset (G(solver)) is measured by the SD of fitness values
(refer to Eq. (3)) across all problem instances, givenµfitness as
the average of all fitness values, and is formulated as follows:

G(solver) = 1−

√∑n
i=1(fitnessPi (CSi)− µfitness)2

n
(4)

Table 3 illustrates the computation of Level 1 generality.
Higher generality indicates better performance consistency
across different instances. Due to the stochastic nature
of meta-heuristics [45], it is advisable to average the
optimality and generality metrics of a solver over at least
three independent, consecutive runs to mitigate the impact
of randomness. Furthermore, for a more comprehensive
comparison of the performance of different solvers, the t-
test [63] can be employed, utilizing the averaged optimality
and generality metrics.

3) HIGHER GENERALITY LEVELS
One of the key advantages of this assessment framework is
its expandability. While this study focuses on meta-heuristics
and level 1 generality in ETPs, the core concepts of optimality
and generality can easily be extended to other problems and
higher generality levels.

To apply this framework across different benchmark
datasets for a single problem (level 2 generality), such as
evaluating a meta-heuristic on ITC 2019, ITC 2007, and
ITC 2002, the optimality value is first computed for each
individual instance. Then, an average optimality value is
calculated for each benchmark dataset. Level 2 generality
is then determined from the SD of these average optimality
values.

To extend this framework to different problems within a
domain (level 3a generality), such as solving both university
course timetabling and examination timetabling, the opti-
mality value is first computed separately for each problem.
For course timetabling, the optimality value is obtained
by averaging the solver’s performance across all relevant
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TABLE 3. An artificial example demonstrating performance evaluation.

benchmark datasets. The same is done for the examination
timetabling. Level 3a generality is then calculated from the
SD between these two resulting optimality values.

For higher generality levels (3b and 4), which primarily fall
within the scope of hyper-heuristics, the same methodology
applies. Optimality values are extended across broader
problem domains, and generality levels are determined by
computing the SD of optimality values from lower levels.

4) OTHER MEASUREMENTS
Alongside the previously mentioned optimality and gener-
ality metrics, the following additional measurements can
provide a deeper insight into a solver’s performance,
facilitating a more objective comparison of algorithms and
aiding researchers in conducting more rigorous studies.
• Running time is an essential method’s performance
measurement in optimization problems, defining the
execution time limit for algorithms. While often con-
sidered an objective in COPs, running time is highly
dependent on the specifications of the testbench used,
making direct comparisons and experiment replication
potentially misleading. As a positive initiative, the ITC
2007 dataset came with benchmarking software to
measure host computer speed and assign a time limit
to mitigate the biased effects of superior hardware on
performance comparisons. Unfortunately, this practice
was not continued in subsequent datasets.

• Number of Fitness Evaluations or NFE [64] is a
valuable alternative to running time for measuring the
performance of meta-heuristic algorithms. While using
benchmarking scores to determine time limits can help
mitigate hardware bias and make the running time a
more viable performance metric, it remains sensitive
to programming language, implementation efficiency,
and other runtime factors that can obscure the true
performance of the solver. In meta-heuristics, the most
computationally intensive step is the fitness evaluation
of newly generated solutions [65], making NFE an ideal
performancemeasure that eliminates external influences
and reveals the algorithm’s true performance. Maximum
NFE can serve as a termination criterion and time budget
for algorithm execution, enabling fair comparisons of
meta-heuristic performance. However, NFE’s efficacy
is primarily limited to meta-heuristics. While it can
be applied to other approaches, its accuracy may be

compromised, as solution creation can be more com-
putationally demanding in other methods, and fitness
evaluation may not be the sole significant step. While
the utilization of NFE has been a common practice in
other meta-heuristic applications [66], [67], [68], [69],
its potential in ETPs has been overlooked. We have
incorporated NFE into our performance assessment
framework.

• Hardware specifications, including CPU specifica-
tions, RAM specifications, GPU specifications (if
applicable), storage speed, operating systems, and
benchmarking scores, can provide valuable context
for future research, where NFE is not applicable.
This information can help researchers understand and
account for potential performance variations due to
hardware differences.

B. PERFORMANCE ASSESSMENT FRAMEWORK
Considering the performance measurements introduced in
Section V-A, Algorithm 1 presents the pseudocode for the
proposed performance evaluation framework. This frame-
work is intended as a standalone reference for future research
on meta-heuristics in ETPs. Note that the evaluation of a
candidate solution (in line 14) is conducted before calculating
optimality (in line 20). In the case that this current solution
is a new best solution, BKS is updated first before fitness is
calculated. Therefore, in the case of a new BKS, the fitness
value reaches its highest value of 1.

VI. EMPIRICAL STUDY
To observe the effectiveness of our proposed evaluation
framework in practice, this section applies it to the
best-performing approaches on the latest UCTP benchmark
dataset from the literature, demonstrating its ability to
facilitate fair performance comparisons.

A. BENCHMARK SETUP
This section introduces the ITC 2019 dataset, presents leading
literature approaches, and outlines the utilized optimality and
generality evaluation metrics for analysis.

1) BENCHMARK DATASET
The ITC 2019 is currently the latest benchmark dataset on
the UCTP. It comprises 30 real-world problem instances.
In addition to the Course Timetabling Problem present in
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Algorithm 1 Meta-Heuristics Level 1 Performance
Assessment Framework
1: procedure Optimality_VS_Generality(dataset, solver)
2: initialize solver
3: for i← 0tonumber_of _instances do
4: problem_instance← dataset[i]
5: for r ← 0tonumber_of _runs do
6: procedure Algorithm(problem_instance)
7: solution← initialsolution
8: timer ← 0
9: NFE ← 0
10: while termination condition is not met do
11: procedure run(solution)
12: resume timer
13: solution← newsolution
14: evaluate solution ▷ (refer to

Eqs. (1), (2))
15: NFE ← NFE + 1
16: pause timer
17: end procedure
18: end while
19: save solution
20: calculate Optimality ▷ (refer to Eq. (3))
21: end procedure
22: end for
23: report (average, best, worst) of

optimality,NFE, timer in r runs
24: end for
25: calculate Generality from average(optimalities) ▷

(refer to Eq. (4))
26: end procedure

previous UCTP datasets, ITC 2019 includes the Student
Sectioning Problem. While this helps bring this benchmark
closer to real-world scenarios, it significantly increases the
complexity of this problem [17]. This dataset is explained
in detail in [19] and [61]. All information about this dataset
is available on the ITC 2019 official website.3 Due to its
recency and high implementation complications, the number
of conducted works on this dataset has remained relatively
limited. Achieving fair performance comparison on ITC
2019 is specifically problematic due to its challenging nature,
its disproportionate problem size across instances, the wide
range of approaches in the literature, and the dissimilar
running conditions of such methods. This further highlights
the need for and the significance of our performance
framework.

2) APPROACHES
A diverse array of meta-heuristics and matheuristics have
been applied to the ITC 2019 during the competition and
post-competition in the literature.

3https://www.itc2019.org/home Last accessed: 22 December 2024

Holm et al. [70] proposed a multi-stage graph-based
matheuristic employing Mixed-Integer Programming (MIP)
and a local search to address the ITC 2019. Their utilized
preprocessing method was further explained in [71]. This
methodwon the competitionwith 489 points, and its extended
version [72] is the current SOTA. They [73] later introduced
further data reduction improvements. The DSUM team
actively contributes to the ITC 2019 and shares their latest
advancements and reduced datasets on their website.4 to
promote further research.

Another matheuristic MIP model was introduced by
Rappos et al. [74]. Achieving the second rank in ITC
2019 with 322 points, the first stage of this approach
deals with finding feasible solutions, while the second stage
employs a local search to reduce soft constraint violations.
An extended version of this work was later published in [75].
A Simulated Annealing (SA) technique was proposed

by Gashi et al. [76]. In the first stage of this multi-stage
meta-heuristic approach, a feasible solution is found. In the
second stage, the quality of this solution is enhanced while
maintaining feasibility. Incorporating a gradual penalization
procedure to escape local optima, this method attained
273 points and ranked third in the ITC 2019. They also
won the best open-source award. A more comprehensive
explanation of their approach was published in [77].

Er-Rhaimini [78] presented a multi-stage meta-heuristic
based on Forest Growth Optimization to address the ITC
2019. Despite its straightforward procedure, this approach
managed to attain 252 points, securing fourth place in the
competition.

Finally, Lemos et al. [79] employed a Maximum Sat-
isfiability (MaxSat) and a local search in a multi-stage
matheuristic approach to address the ITC 2019. While
MaxSat strived to find a feasible solution in the first stage, the
local search procedure improved the quality of the solution
in the second stage. Achieving 79 points in the fifth place,
an extended version of this work was published in [80].
The source code for this method is available in a GitHub
repository.5

Table 4 summarizes the literature-based ITC 2019methods
employed in our empirical study.

3) MEASUREMENT
Guided by the evaluation framework outlined in Section V-A,
we employ the following performance metrics in our
experimental analysis.

• Optimality (refer to Eq. (3)) of a candidate solution
on each problem instance is jointly determined by its
fitness and feasibility (refer to Eq. (1)). The total cost
governs the fitness value (refer to Eq. (2)), benchmarked
against the latest BKS cost from the ITC 2019 website.6

4https://dsumsoftware.com/itc2019/ Last accessed: 3 September 2024
5https://github.com/ADDALemos/MPPTimetables Last accessed: 22

December 2024
6https://www.itc2019.org/results Last accessed: 24 April 2024
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TABLE 4. Summary of the ITC 2019 competition methods in the literature.

TABLE 5. Optimality analysis of the existing literature for solving the ITC 2019 benchmark.

FIGURE 4. Total cost as reported in [72] vs. best known solution cost. It is
evident that certain problem instances have significantly higher cost
values.

To ensure accuracy, we evaluate both total cost and
feasibility using the ITC 2019 online validator.7

• Level 1 Generality (refer to Eq. (4)) of a proposed
method over the entire dataset is determined by the

7https://www.itc2019.org/validator Last accessed: 21 September 2024

FIGURE 5. Optimality performance evaluation of the solver proposed
in [72].

average of the method’s optimality performance values
on individual problem instances, along with an assess-
ment of the deviation in fitness values.

B. EMPIRICAL RESULTS AND DISCUSSION
This section showcases the usefulness of our performance
evaluation framework in action by applying it to literature
methods. We demonstrate how it can pave the path for fair
performance comparison of different methods and provide
further insights beyond current evaluation metrics.

Table 5 provides a detailed overview of the optimality
performance of the studied literature methods across all

VOLUME 13, 2025 75689



S. Abdipoor et al.: Optimality Versus Generality: Performance Assessment of Meta-Heuristics

FIGURE 6. Optimality performance evaluation of the solver proposed
in [75].

FIGURE 7. Optimality performance evaluation of the solver proposed
in [77].

FIGURE 8. Optimality performance evaluation of the solver proposed
in [78].

problem instances in terms of feasibility, total cost, and
fitness. Note that the fitness values, given by Eq. (3), are
between 0 and 1 and indicate how close a candidate solution’s
cost is to the current BKS.

The comparison of cost values produced by the current
SOTA method [72] against BKS is depicted in Figure 4.
It can be seen that for certain problem instances (particularly
larger ones), both the total cost and BKS are exponentially
higher than those in smaller instances. Consequently, there is

FIGURE 9. Optimality performance evaluation of the solver proposed
in [80].

a greater potential for significantly reducing costs in larger
problems compared to smaller ones. This creates a bias
toward tuning a solver for larger problems to achieve a sub-
stantial overall cost reduction. The considerable variability in
values across the ITC 2019 problem instances underscores the
importance of a normalized metric to mitigate the bias toward
larger instances.

Figures 5 to 9, drawn from Table 5, illustrate the optimality
performance of methods by [72], [75], [77], [78], and [80],
respectively. Significant fitness variation over instances is
visible across the board. In particular, the MIP approach [75]
did not produce a feasible solution in one instance. While
constraint violations (both soft and hard) contribute to the
total cost (2) and subsequently lower the fitness value, this
approach still achieves a high average fitness compared to
other methods that ensure full feasibility. This underscores
a major limitation of using total cost as the sole evaluation
metric, as feasibility is crucial in both practical and theoret-
ical applications. To address this, our proposed optimality
metric (3) reports both average fitness and feasibility rates
for each solver, which are also incorporated into the
framework 1.
Figure 10 provides an overview of the optimality perfor-

mance comparison of literature methods across all problem
instances of the ITC 2019. It can be seen that each method is
capable of outperforming some of the other methods on one
or a few instances at the cost of lower optimality performance
over the rest of the instances. This confirms our theoretical
observations (Section IV) and the limitations of existing
metrics. Considering the existing performance metrics, these
few optimality supremacies serve as sufficient indicators
of the effectiveness of the proposed method, establishing a
compelling case for publication. However, this encourages
the pursuit of optimality via extreme parameter tuning
and designing problem-tailored solutions. This approach
sacrifices the overall generality of the proposed method
and further widens the gap between literature and real-
world applications. This gap is the main motivation behind
this work, as we firmly believe the performance of a
method should be assessed both in terms of optimality and
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FIGURE 10. Comparative optimality analysis of the ITC 2019 literature. The high volatility of performance across the problem instances is evident.

TABLE 6. Comparison of level 1 generality metrics of literature methods.

generality to align the literature more closely with real-world
requirements.

Given the optimality performance of the methods, the level
1 generality evaluation metrics of these methods over the
entire ITC 2019 dataset are summarized in Table 6.

Figure 11 analyzes level 1 generality, gathered from
Table 6, of studied methods, revealing how our normalized
optimality and generality metrics paint a clearer picture
of their true performance. It also assists future research
by fostering fair comparisons, regardless of the problem
size.

Finally, Figure 12 encapsulates the essence of our proposed
performance evaluation framework, depicting the relation-
ship between optimality and generality performance across
our studied methods. It is evident that the Parallelized
Matheuristic method by Mikkelsen et al. [72] is the current
SOTA, outperforming other methods both in terms of
optimality and generality, while theMaxSat method proposed

by Lemos et al. [80] seems to be tracking behind the other
4 methods in both metrics.

Optimality vs. generality performance comparison
between the MIP approach by Rappos et al. [74] and the
SA method by Sylejmani et al. [77] in Figure 12 brings out
an interesting attribute. While the MIP has a higher average
optimality performance (roughly 0.74 vs. 0.60), it has a lower
level 1 generality (roughly 0.74 vs. 0.79) compared to the
SA (refer to Table 6). As the current performance evaluation
metric is solely based on optimality, the MIP is considered
to be better performing and securing a higher rank in the
ITC 2019 competition (refer to Table 4). However, Pareto
optimality [81] paints a different picture, placing them in
the same tier, distinct from the parallelized matheuristic, the
forest growth, and theMaxSat in tiers 1, 3, and 4, respectively.

A compelling question raised when witnessing the MIP’s
dominance over other methods, both in terms of optimality
and generality (Figure 12), is whether this goes against
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FIGURE 11. Comparison of level 1 generality performance of literature methods.

the claim of the NFL theorem (Section IV-A). We argue
that this is not the case, and this performance dominance
suggests a trade-off of performance in broader generality
levels and other problems. However, this is a valid and
intriguing question worth much more attention and research
in the literature.

While our optimality and level 1 generality metrics offer
a significant leap beyond the limitations of the current total
cost metric, they are insufficient to ensure fair comparisons
alone. In our study, the methods faced widely different
experimental settings, from standard laptops [78] to powerful
servers [72], and time limits ranging from a short 6000 sec-
onds [79] to nearly a month [72] (see Table 4). In their
work, Lemos et al. [80] showed that under similar running
conditions, their method is far more competitive. Therefore,
observing optimality vs. generality under uniform conditions
becomes crucial for insightful comparisons. Hence, our
proposed evaluation framework (Algorithm 1) takes the
running conditions into account, paving the way for more
impartial comparisons of meta-heuristics in future research.

VII. CONCLUSION AND FUTURE WORK
The low generalizability of current approaches in ETPs is
a major challenge contributing to the existing gap between
the literature and real-world applications and resulting in
the wastage of resources. This study investigates this gap

by analyzing the performance of current state-of-the-art
approaches on the latest university course timetabling bench-
mark dataset, the International Timetabling Competition
2019. Following theoretical analyses, evaluation metrics are
developed for the assessment of optimality and level 1 gener-
ality performance. Applying these metrics to current methods
from the literature, we demonstrate this lack of generality
and provide a comprehensive picture of their performance
across both dimensions. Our investigation underscores the
inadequacy of current evaluation metrics and their potential
to favor problem-tailored approaches. To mitigate this,
we incorporate penalization mechanisms in our framework to
encouragemore general approaches. Additionally, we present
standard optimality and level 1 generality metrics, alongside
other performancemetrics, in our framework. Our framework
establishes a fair and comprehensive basis for comparing
solver performance in terms of both optimality and generality.
We firmly believe our proposed framework introduces a new
perspective to performance comparisons and opens avenues
for interesting future research.

The optimality vs. generality performance assessment
framework offers a more comprehensive overview of meth-
ods’ performance in contrast to existing evaluation metrics.
It is capable of closing the gap between literature and the
real-world applications of meta-heuristics in ETPs by penal-
izing extreme parameter tuning/problem-tailored solutions
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FIGURE 12. Optimality vs. Generality performance evaluation of literature methods.

and promoting more general approaches. We encourage
future research to utilize the proposed evaluation metrics
in their experimental studies in order to facilitate fair
comparisons. Furthermore, we propose the incorporation of
this framework in future ETP competitions and benchmarks
to enhance the rigor and relevance of assessments within the
field. Most importantly, as this work aims to align academic
research with practical applications of ETPs, applying
existing methods to real-world scenarios and assessing
their performance using the proposed framework would be
highly valuable. Furthermore, it would be interesting to see
this framework adopted in solvers designed for real-world
problems, such as UniTime.

An interesting future research direction would be the
optimality vs. generality performance assessment of a single
method across various parameter settings, consisting of a
version with high exploitation, a version with high explo-
ration, and a version with a balanced exploration/exploitation
ratio. In extreme parameter values, we expect the first and
the second versions to achieve higher optimality scores
for smaller and larger instances, respectively, with the
balanced version behaving more consistently across all
instances. Under rare parameter values, we anticipate all
three versions maintaining similar average optimality scores.
In such a scenario, we predict the balanced version attaining
considerably higher level 1 generality. While replicating this

precise scenario might be challenging and time-consuming,
observing the validity of these predictions would offer
valuable insights.

A promising avenue for future research lies in exploring the
performance of meta-heuristics with adaptive parameter tun-
ing mechanisms in ETPs utilizing our proposed framework.
These methods dynamically adjust their parameters based on
the problem instance’s characteristics and size, potentially
achieving high optimality and level 1 generality scores.

The proposed performance assessment framework is
developed for meta-heuristics within the scope of ETPs.
This scope limitation constrains its adaptability to mini-
mizing optimization problems using the defined total cost
formulation. While the concepts of optimality and generality
are problem-independent, the total cost and fitness must be
redefined for problems outside this scope. Future research
can focus on evaluating the effectiveness of this framework
in other contexts with different cost functions. Moreover, the
proposed level 1 generality performance metric gives equal
attention to all problem instances and penalizes deviations in
optimality equally. In problems where certain instances carry
greater importance, the generality metric can be redefined in
a weighted manner, assigning higher penalties to deviations
in more critical instances.

Beyond meta-heuristics in ETPs, future research can
explore adopting our proposed framework in other

VOLUME 13, 2025 75693



S. Abdipoor et al.: Optimality Versus Generality: Performance Assessment of Meta-Heuristics

approaches within the field of OR. The concepts of
generality and performance consistency, often overlooked
in the literature, are highly essential and insightful in
COPs. We believe this research gap deserves much more
investigation across different problem domains to advance
our understanding and development of robust, generalizable
optimization techniques.

Finally, our level 1 generality performancemetrics can eas-
ily be extended to higher generality orders. Level 2 generality
is derived from the SD of level 1 generality values across
different datasets, while level 3 generality is calculated from
the SD of level 2 generality values across various problems,
and so forth. This provides the opportunity to investigate
the performance of meta-heuristics over different datasets,
or hyper-heuristics over different problems. Furthermore,
it provides a better understanding of the optimality vs.
generality trade-off and the implications of the NFL theorem.
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