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Abstract. The Examination Timetabling Problem (ETP) is an NP-hard combina-
torial optimization problem that has been extensively studied over the past decades,
with methodologies ranging from classical heuristics to contemporary machine learn-
ing approaches. This paper provides a comprehensive literature review and proposes
anovel two-stage genetic algorithm based decomposition combined with a clear lin-
ear mathematical formulation. A unique contribution of this work is addressing the
practical complexity of two-separated examination facilities at PSAU, where male
and female students study in completely separate buildings with independent ex-
amination rooms, capacities, and supervisory staff, yet must follow a synchronized
examination schedule. This creates a coupled dual-ETP problem where two inde-
pendent resource allocation problems must share identical time slot assignments,
significantly increasing model complexity and constraint interactions. The proposed
algorithm decomposes the problem into two sequential stages,time slot assignment
and room assignment to effectively reduce computational complexity while main-
taining solution quality. Additionally, a systematic comparison with Mixed-Integer
Programming (MIP) formulation is provided to establish the trade-offs between ex-
act and metaheuristic approaches. The algorithm is further benchmarked against
simulated annealing and tabu search baselines to provide broader methodological
context, demonstrating its advantage on coupled dual-resource instances. The algo-
rithm shows particular strength in scalability, successfully solving large instances
where MIP becomes computationally intractable, while maintaining competitive so-
lution quality.
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1. Introduction

The examination timetabling problem is a complex combinatorial optimization challenge,
fundamentally involving four key parameters: a set of times (T), a set of resources (R), a
set of exams (E), and a set of constraints (C). Research into computational timetabling for
educational schedules dates back to the 1960s, coinciding with the rise in educational in-
stitution enrollment and limited computer power. Despite decades of research and the de-
velopment of numerous sophisticated methodologies—from early graph coloring heuris-
tics to contemporary machine learning approaches—the problem remains challenging,
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particularly in formulating soft constraints mathematically, as these can vary significantly
between universities based on specific requirements.

While the timetabling literature has extensively studied single-resource-pool formu-
lations, practical institutions frequently face heterogeneous resource environments where
multiple independent resource sets must be coordinated. Similar situations arise in multi-
campus universities, distributed manufacturing scheduling, and healthcare shift planning
with separated wards. The scheduling literature on heterogeneous resource pools [18,
5] has addressed aspects of this challenge, but the specific coupling constraint—where
completely disjoint resource pools must share identical time assignments—remains un-
derexplored in the examination timetabling context. This paper contributes to addressing
this gap.

This paper makes several contributions to the examination timetabling literature. First,
it presents a focused literature review organized by methodology, critically comparing
approaches and identifying specific gaps that motivate the proposed method. Second, it
proposes a two-stage genetic algorithm decomposition approach combined with a mathe-
matical formulation that linearizes inherently nonlinear constraints using standard big-M
and auxiliary variable techniques. Third, it demonstrates the algorithm’s effectiveness on
standard benchmarks (Toronto datasets) and validates its practical applicability through
successful deployment for gender-separated examination facilities at Prince Sattam Bin
Abdulaziz University. The PSAU case represents an instance of the broader class of cou-
pled heterogeneous resource problems: male and female students study in completely
separate buildings located in different parts of the campus, each with independent exam-
ination rooms, distinct capacity constraints, and separate supervisory personnel. Despite
these separated resources, both populations must follow an identical synchronized exami-
nation schedule for administrative and academic coordination. This creates what is essen-
tially a coupled dual-ETP problem—two independent examination timetabling problems
(one for each building) that must produce identical time slot assignments while manag-
ing completely disjoint room resources. This coupling significantly increases model com-
plexity, as feasible solutions must simultaneously satisfy constraints across both buildings
while maintaining schedule synchronization. Finally, the paper provides systematic com-
parisons with Mixed-Integer Programming approaches and other metaheuristic baselines
(simulated annealing, tabu search), establishing clear trade-offs between exact and meta-
heuristic methods.

The remainder of this paper is structured as follows: Section 2 presents a synthesized
literature review organized by methodology with critical comparison. Section 3 presents
a detailed mathematical formulation of the problem, including hard and soft constraints.
Section 4 describes the proposed multi-stage genetic algorithm decomposition approach,
including pseudocode and complexity analysis. Section 5 discusses experimental results
on benchmark datasets and real-world applications. Finally, Section 6 concludes the paper
and suggests directions for future research.

2. Literature Review

This section provides a critical synthesis of examination timetabling methods, organized
by methodology rather than chronology, to identify the specific gaps that motivate the pro-
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posed approach. Rather than exhaustive coverage, we focus on representative works that
shaped each methodological stream and highlight comparative strengths and limitations.

2.1. Constructive and Graph-Based Heuristics

Graph coloring heuristics form the foundation of constructive approaches for examination
timetabling. Sabar et al. [32, 30] proposed graph coloring constructive hyper-heuristics,
while Demeester et al. [17] introduced practical benchmarks. Pillay [28] demonstrated
adaptive hyper-heuristic evolution, and Pillay and Ozcan [29] automated heuristic genera-
tion via genetic programming. These methods excel at producing initial feasible solutions
rapidly but are limited in soft constraint optimization, motivating their use as initialization
strategies rather than standalone solvers.

2.2. Local Search and Neighborhood-Based Methods

Tabu search has proven particularly effective: Abdullah and Turabieh [2] demonstrated
multi-neighbourhood structures within memetic tabu search, while Pais and Amaral [27]
introduced adaptive tabu list management via fuzzy inference. Simulated annealing vari-
ants achieved state-of-the-art results: Battistutta et al. [9] presented feature-based param-
eter tuning, Bellio et al. [10] developed two-stage multi-neighborhood SA achieving top
benchmark results, and Leite et al. [24] achieved competitive quality with reduced com-
putation time. Burke and Bykov [13] introduced late acceptance hill-climbing, requir-
ing fewer parameters than SA while maintaining competitive quality. These approaches
demonstrate strong intensification capabilities but typically require good initial solutions,
making them complementary to constructive heuristics.

A critical observation is that many of these methods operate on unified resource pools;
their behavior under coupled heterogeneous resource constraints remains unexplored.

2.3. Population-Based and Evolutionary Methods

Genetic algorithms and swarm intelligence methods provide broader search space ex-
ploration. Abdullah and Alzagebah [1] developed hybrid bee algorithm-GA approaches,
while Al-Betar et al. [4] demonstrated effective memetic techniques. Sabar et al. [31] used
grammatical evolution to automatically generate heuristics. Lei et al. [22, 23] applied co-
evolutionary and MOEA/D-based memetic algorithms for multi-objective formulations.
Ahandani et al. [6] and Nand et al. [26] explored PSO and firefly variants respectively.

While population-based methods offer better exploration, they generally sacrifice so-
lution precision compared to local search methods. Multi-stage decomposition—as demon-
strated by Gogos et al. [19]—addresses this by reducing the search space for each evolu-
tionary stage.

2.4. Mathematical Programming and Exact Methods

MIP formulations provide optimal solutions for small instances. Arbaoui and Moukrim [8]
demonstrated preprocessing to reduce computational requirements, while Cataldo et al. [15]
addressed curriculum-based formulations. Al-hawari et al. [5] showed that three-phase
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ILP decomposition can make MIP tractable for larger instances. Carlsson et al. [14]
provided comprehensive comparisons showing hybrid MIP-metaheuristic approaches can
outperform pure methods. Arbaoui et al. [7] studied lower bounds for spacing constraints,
providing theoretical benchmarks.

Key limitation: MIP scalability degrades rapidly with problem size, particularly when
coupled constraints (such as our dual-building synchronization) expand the variable space.

2.5. Multi-Objective and Practical Applications

Recent work increasingly addresses real-world complexity. Mukhlason et al. [25] incorpo-
rated fairness objectives, and Giiler et al. [20] addressed scarce resource scenarios. Cimen
et al. [16] integrated invigilator assignment, and Mohmad Kahar and Kendall [21] ad-
dressed multi-resource scheduling. Elloumi et al. [18] analyzed room allocation as a dis-
tinct subproblem. Van Bulck et al. [33] achieved strong ITC-2007 results through careful
neighborhood design. Abou Kasm et al. [3] relaxed hard constraints for flexible schedul-
ing.

2.6. Research Gap and Contributions

From this analysis, we identify four specific gaps that motivate the present work:

1. Coupled heterogeneous resources: Existing formulations assume unified resource
pools. While heterogeneous resource scheduling exists in broader OR literature, the
specific coupling constraint—disjoint room pools sharing synchronized time assignments—
is not addressed in examination timetabling.

2. Linearization gap: Many formulations present nonlinear constraints (bilinear prod-
ucts of binary variables, quadratic objectives) without providing linearized equiva-
lents needed for MIP solvers.

3. Decomposition-exact integration: Few works systematically compare decomposed
metaheuristics against exact methods under unified evaluation metrics.

4. Practical deployment: Gap between benchmark problem simplifications and real-
world operational requirements involving gender-separated or multi-campus facili-
ties.

This paper aims to contribute by providing a linearized mathematical formulation that
can accommodate such complexities while employing a multi-stage genetic algorithm
decomposition approach. The proposed method combines the clarity of mathematical
programming formulations with the scalability of metaheuristic optimization, address-
ing coupled heterogeneous resource pools as required by Prince Sattam Bin Abdulaziz
University.

3. Problem Formulation

To effectively address the Exam Timetabling Problem (ETP), we first establish a clear
mathematical formulation and define the necessary notations. This formulation will serve
as the foundation for developing algorithms to solve the ETP.
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3.1. Notations

Let us define the following sets and parameters:
Sets:

E: Set of exams to be scheduled, indexed by e (e = 1,2,..., |E|)
T: Set of available time slots, indexed by ¢ (t = 1,2,...,|T))

R: Set of available rooms, indexed by r (r = 1,2,...,|R|)

S: Set of students, indexed by s (s = 1,2,...,]S|)

Parameters:

n.: Number of students enrolled in exam e
cap,: Capacity of room r
d.: Duration of exam e (in time slots)

- C. . Conflict matrix where C, ., = 1 if exams e and ¢’ have common students, 0
otherwise
- wi,ws, ..., ws: Weights for different soft constraint violations

Decision Variables:

— 4: Binary variable equal to 1 if exam e is scheduled in time slot ¢, 0 otherwise

- Y. r: Binary variable equal to 1 if exam e is assigned to room 7, 0 otherwise

— Ze,r: Binary auxiliary variable equal to 1 if exam e is assigned to room 7 and time
slott,1.e., Zert = Te,t * Ye,r

3.2. Hard Constraints

The following hard constraints must be satisfied for a feasible timetable:
HC1: Exam Assignment
Each exam must be scheduled in exactly one time slot:

Y wer=1, VecE 1)

teT

HC2: No Student Conflicts
Exams with common students cannot be scheduled simultaneously:

Tet+ Tt <1, Ve € EwithC.o =1,VteT )

HC3: Room Assignment
Each exam must be assigned to exactly one room:

> Yer=1, Ve€E 3)
reR

HC4: Room Capacity
The room capacity must not be exceeded:

Ne  Yer < cap., Ve€ ENreR “)
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HCS: Room Availability
A room can host at most one exam at any given time:

Z Tet Yer <1, VEE€T,VreR 5)
eeE

Since this constraint involves a bilinear product of two binary decision variables, we intro-
duce the auxiliary variables z, . ; = ¢ ¢ Y., and enforce the equivalence via McCormick
/ big-M constraints, yielding the following linear formulation:

Ze,rt < Te,ty Ve € E,V'f’ S R, VteT (6)

Ze,rt < Ye,r, Ve € E,Vr € ]’%7 VteT @)

Ze,rt > Te,t + Ye,r — 1, Ve € E,V’/‘ S R, VteT (8)
Z Ze,rt <1, Vit € T, Vre R 9)
ecE

3.3. Soft Constraints

The following soft constraints aim to improve timetable quality and should be minimized:
SC1: Spread of Exams
Minimize the number of students having exams scheduled in consecutive time slots:

Minimize E g E Tet - Tel p41 (10)
seSteT ee’€E,

Since this objective involves bilinear terms, we introduce auxiliary variables g ./ ; rep-
resenting the product . ¢ - x. ;41 and enforce the equivalence via the following linear
constraints:

Ge,e’ t < Te,t, Vs € S7ve7€/ € E87Vt €T (11)
Ge,e’ t < Tel t+1, Vs € S7 Veae/ € ES7Vt erT (12)
Qe t > Tep+Tergr1 — 1, Vs€ S Ve e € B, VteT (13)

The equivalent linear SC1 objective becomes:
Minimize > Y > oo (14)
seSteT e,e’ €Eg

where F; is the set of exams taken by student s.
SC2: Period Utilization
Balance the distribution of exams across time slots:

2
Minimize Z (Z Tep — ||§?|> (15)

teT \eck

Since this objective is quadratic, we reformulate it using an equivalent absolute deviation
formulation with auxiliary variables 6;", 5, > 0:
E _
Zme,t—|T||:5j—5t, VieT (16)
ecE

55,67 >0, VteT (17)
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The equivalent linear SC2 objective becomes:
Minimize Y (6, +4; ) (18)
teT

SC3: Room Utilization
Minimize underutilization of rooms:

Minimize > > e - (1 -t > (19)

cap,
ecEreR Dr

SC4: Large Exam Penalty
Penalize scheduling large exams in less preferred time slots:

Minimize Z Z Ne - Te,t (20)

e€E t€Tunpreferred

3.4. Objective Function

The overall objective is to minimize a weighted sum of soft constraint violations while
ensuring all hard constraints are satisfied:

Minimize Z = w;-SC1 4 ws - SC2+ ws - SC3 4+ wy - SC4 2D

Subject to: HC1, HC2, HC3, HC4, HC5
The weights w1, wq, w3, w4 can be adjusted based on institutional priorities and re-
quirements.

Relationship Between Mathematical Formulation and GA Fitness The GA fitness
function (Eq. 18 in Section 4) is a direct operationalization of this mathematical objective.
The hard constraints (HC1-HCS5) are mapped to large penalty terms (FP1, Pr2) that dom-
inate the fitness value when violated, driving the search toward feasible regions. The soft
constraints (SC1-SC4) are mapped to weighted penalty terms (wq Vs + we Vi + w3 Vis)
that guide optimization quality once feasibility is achieved. Specifically: V},1 corresponds
to HC2 violations, V},2 penalizes excessive daily load (a practical operationalization re-
lated to HC1 and student comfort), and V1, Vis, Vi3 correspond to SC1 with varying
proximity windows (consecutive slots, same day, consecutive days). The two-stage de-
composition separates time slot constraints (HC1, HC2, SC1, SC2) from room constraints
(HC3-HCS5, SC3, SC4), allowing each GA stage to focus on its corresponding subset of
the formulation.

3.5. Gender-Separated Buildings: A Coupled Dual-ETP Formulation

At Prince Sattam Bin Abdulaziz University, an institutional constraint significantly in-
creases problem complexity—analogous to heterogeneous resource pool problems stud-
ied in scheduling theory [18,5]: male and female students are educated in completely
separate buildings with independent physical resources, yet must follow a synchronized
examination schedule. This creates what we term a coupled dual-ETP problem.
Problem Structure:
Let us denote:
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— EM: Set of male student exams

EF: Set of female student exams

— RM: Set of examination rooms in the male building

RF": Set of examination rooms in the female building

T': Set of time slots (shared between both buildings)

P: Set of paired course indices, where (e} ef") € P denotes matching male/female
sections of the same course

Note that EM N B = () and RM N R¥ = (), representing complete separation of
exam sections and room resources.

Coupling Constraint:

The critical coupling arises from the requirement that corresponding course exams for
male and female sections must be scheduled at identical time slots:

Tom g =Tory, V(e el )ePVET (22)

1 0
This means if course “Calculus I’ has both male and female sections, both must be
scheduled in the same time slot, despite being held in different buildings with different
rooms.
Independent Room Constraints:
While time slots are synchronized, room assignments are completely independent:

Yorr ou € {0,1}, Ve € EM oM € RM (23)
Yer o» € {0,1}, Ve'' € EF rF € RF (24)
with separate capacity constraints:
NeM * YoM oM < CAPpM, veM ¢ EM M ¢ RM (25)
Ner *Yer pr < CAPyF, vel" ¢ EF rF' ¢ RY (26)

Complexity Analysis:

This formulation essentially creates two examination timetabling problems (ET P ET PT')
that must be solved simultaneously with the synchronization constraint. The complexity
implications are:

1. Doubled Decision Variables: Instead of |E| x |R| room assignment variables, we
have (|JEM| x |RM|) + (|E¥| x |RY|) variables.

2. Coupled Feasibility: A solution is feasible only if both male and female schedules
are individually feasible and satisfy the time slot synchronization constraint.

3. Resource Heterogeneity: Different room capacities, numbers, and distributions be-
tween buildings create asymmetric constraint landscapes.

4. Independent Soft Constraints: Each building has its own room utilization, capacity
optimization, and supervisory assignment objectives that must be balanced.

This coupled structure is rarely addressed in the examination timetabling literature,
which typically assumes unified resource pools. While heterogeneous resource scheduling
has been studied in broader operations research contexts (e.g., parallel machine schedul-
ing, multi-factory production planning), the specific combination of disjoint room pools
with synchronized time slot requirements creates a distinct coupled feasibility structure.
The gender-separated buildings constraint represents a practical real-world complexity
arising from cultural, religious, and institutional requirements that significantly impacts
both model formulation and algorithmic design.
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Limitations and Generalizability The coupled dual-ETP model assumes a strict one-
to-one correspondence between male and female exam sections, which holds at PSAU
but may require extension for institutions with unequal course offerings across campuses.
The model generalizes naturally to any multi-campus or multi-building scenario where
time synchronization is required with independent room pools (e.g., distributed university
systems, hospital examination scheduling). However, scenarios involving partial resource
sharing (some rooms accessible to both populations) would require relaxation of the strict
disjointness constraint RM N R = (). Future work could explore parameterized coupling
strength to handle such intermediate cases.

4. Genetic Algorithm Based Decomposition Approach

The proposed solution methodology employs a multi-stage genetic algorithm that decom-
poses the examination timetabling problem into two sequential optimization stages: (1)
time slot assignment and (2) room assignment. This decomposition strategy has been
shown to be effective in handling complex combinatorial optimization problems [19, 10].
The decomposition is justified by the separable structure of the ETP formulation: time
slot constraints (HC1, HC2, SC1, SC2) involve only z.; variables, while room con-
straints (HC3, HC4, SC3) involve only . , variables. The only coupling constraint is
HCS (room-time exclusivity), which becomes a pure room constraint once time slots are
fixed. Therefore, fixing Stage 1 outputs reduces Stage 2 to an independent assignment
problem. While this sequential approach does not guarantee global optimality (the opti-
mal room assignment depends in general on the time slot assignment), it provides a valid
upper bound. The practical effectiveness of this decomposition has been empirically val-
idated for timetabling by Gogos et al. [19] and Bellio et al. [10]. We note that global
optimality is not claimed; rather, the decomposition trades potential solution quality loss
for tractability.

4.1. Stage 1: Time Slot Assignment

The first genetic algorithm focuses exclusively on assigning exams to appropriate time
slots while satisfying temporal constraints. This stage aims to minimize student conflicts
and distribute exams evenly across the examination period.

Chromosome Representation In this stage, a chromosome represents a complete time
slot assignment solution. Each chromosome is encoded as a vector of length |E/|, where
each gene corresponds to an exam and its value indicates the assigned time slot. This
direct encoding scheme has been widely adopted in genetic algorithm applications for
timetabling problems due to its simplicity and effectiveness.

Synchronization Enforcement for Coupled Dual-ETP For the coupled dual-ETP, the
chromosome encodes only the unique course time slot assignments (i.e., one gene per
course rather than per section). Both the male section ¢/ and female section ef” of each
course 7 inherit the same time slot value from the chromosome. This encoding structurally
enforces the coupling constraint (Eq. 19) by construction—no separate repair or penalty is
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needed for synchronization. During crossover and mutation, operators act on course-level
genes, automatically preserving synchronization. This representation reduces the effective
chromosome length from |EM | + | E¥'| to max(|EM|, |EF|) for paired courses, simulta-
neously reducing search space dimensionality and eliminating synchronization violations.

Fitness Function The fitness function evaluates the quality of each chromosome based
on both hard and soft constraint satisfaction. The fitness score is calculated as:

f(C)=Pp1- Vi1 + Pro - Vo + w1 - Veg +wa - Veo +ws - Vi 27
where:

— Vp1: Number of conflicting time slots (students with same courses at same time) —
corresponds to HC2

— Vho: Number of instances where students have 3 or more exams in same day —
practical operationalization of student overload

— P, Pro: Large penalty coefficients for hard constraint violations (typically 1,000)
— values determined by preliminary calibration (see Section 5.2)

— V11 Soft constraint violation for two consecutive exams (penalty weight: 5) — cor-
responds to SC1 with A =1

— Vsa: Soft constraint violation for two exams in same day (penalty weight: 50) — SC1
variant with same-day window

— Vsa: Soft constraint violation for two exams in consecutive days (penalty weight: 5)
— SC1 variant with A < |T'|/days

The objective is to minimize this fitness value. A feasible solution has V}; = 0 and
Vi2 = 0, meaning no hard constraints are violated.

Genetic Operators The genetic algorithm employs several operators to evolve the pop-
ulation toward better solutions:

Selection: Tournament selection is used to choose parent chromosomes based on their
fitness scores. Tournament size is typically set to 3-5 individuals, providing a good bal-
ance between selection pressure and diversity maintenance.

Crossover: A multi-point crossover operator is applied with three randomly selected
crossover points. This operator combines genetic material from both parents by alternat-
ing segments between crossover points, maintaining solution diversity while exploring
the search space effectively.

Mutation: A mutation operator randomly alters the time slot assignment of selected
exams in a chromosome. When mutation occurs (controlled by mutation rate), a random
number of exams (up to 10% of total) are reassigned to randomly selected time slots. The
mutation rate is set based on parameter calibration experiments (see Section 5.2). This
operator introduces diversity into the population and helps avoid premature convergence
to local optima.

Repair Mechanism: When mutations or crossovers produce infeasible solutions, a
repair mechanism is applied using graph coloring heuristics to reassign conflicting exams
to available time slots. Algorithm 1 presents the pseudocode for this repair procedure.
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Algorithm 1 Graph Coloring Repair Mechanism
Require: Chromosome C' with potential conflicts, conflict matrix C. ./, time slots T’

Ensure: Repaired chromosome C’ with reduced/eliminated conflicts
1. '+ C

2: conflicts <+ list of conflicting exam pairs (e, e’) where C, .- = 1 and C'[e] = C'[€/]
3: Sort conflicts by descending conflict degree (number of adjacent conflicts)

4: for each conflicting exam e in sorted order do

5. forbidden < {C’[¢] : C¢ s = 1} {time slots used by conflicting exams}
6:  available < 7'\ forbidden

7:  if available # () then

8: C'[e] <+ slot from available with lowest saturation degree

9:  else
10: C'le] « slot from T' minimizing total new conflicts {greedy fallback }
11:  endif

12: end for

13: return C’

The repair mechanism has worst-case complexity O(|E|? - |T|): for each conflicting
exam (O(|E))), it scans all adjacent exams (O(|E|)) to determine forbidden slots and
evaluates each available slot (O(|T|)). In practice, the sparse conflict structure results in
significantly lower computational cost. The deterministic tie-breaking rule (lowest satu-
ration degree, then lowest index) ensures reproducible behavior.

Elitism: The best-performing chromosome from each generation is implicitly pre-
served through the selection and reproduction process. While not implementing explicit
elitism where top individuals are directly copied, the tournament selection with appropri-
ate tournament size ensures high-quality solutions have a strong probability of surviving
and propagating their genetic material.

Termination Criteria: The algorithm terminates when one of the following condi-
tions is met:

1. A maximum number of generations (typically 1000-5000) is reached

2. The improvement in the best fitness score over the last k generations falls below a
threshold e

3. A feasible solution with acceptable soft constraint violations is found

Population Initialization The initial population is generated using a combination of ran-
dom initialization and constructive heuristics. This hybrid initialization strategy provides
both diversity and quality in the initial population:

1. Random Initialization (50%): Half of the population is generated by randomly as-
signing each exam to a time slot.
2. Graph Coloring Heuristics (50%): The remaining half uses graph coloring heuris-
tics such as:
— Largest Degree First: Exams with the most conflicts are scheduled first
— Saturation Degree: Prioritizes exams based on the number of available time slots
— Largest Enrollment First: Schedules exams with more students first
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For Stage 2 (room assignment), the initial population inherits the time slot assign-
ments from Stage 1, and rooms are randomly assigned from the gender-appropriate room
sets (male rooms for male sections, female rooms for female sections). This ensures that
the initial population satisfies the gender-specific room constraint from the outset.

Overall Algorithm Pseudocode Algorithm 2 presents the complete pseudocode for the
two-stage genetic algorithm.

Algorithm 2 Two-Stage Genetic Algorithm for ETP
Require: Exams F, time slots 7', rooms R, conflict matrix C, paired courses P
Ensure: Complete timetable (z*,y")

1. — Stage 1: Time Slot Assignment —
. Initialize population I1;: 50% random, 50% graph coloring heuristics
: for each paired course (e{”7 ey e Pdo

Encode as single gene (synchronization by construction)

end for
g < 0; stagnation < 0
: while g < Gmax and stagnation < k and not converged do
Evaluate fitness f(C') for all chromosomes (Eq. 18)
Select parents via tournament selection (size 7)
Apply 3-point crossover with rate p.
Apply time slot mutation with rate p,,
Repair infeasible offspring via Algorithm 1
Update best solution; update stagnation counter
g+—g+1
: end while
: x™ < best time slot assignment from [T,
: — Stage 2: Room Assignment —
. Initialize population IT2: inherit z*, randomly assign gender-appropriate rooms
19+ 0
: while g < G, and not converged do
Evaluate fitness f(R) for all chromosomes (Eq. 24)
Select, crossover, mutate room genes (gender-separated)
Update best solution
g+—g+1
: end while
: y* < best room assignment from T,
: return (z*,y")

R AN i

[N ST O I ST NS I NS T NS I N B e e e e

4.2. Stage 2: Room Assignment

The second genetic algorithm is dedicated to assigning rooms to the scheduled exams.
This algorithm operates on the output of the first genetic algorithm, taking the assigned
time slots as fixed input and focusing on optimizing room assignments while satisfying
capacity and availability constraints.
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Chromosome Representation In this stage, a chromosome represents a complete room
assignment solution. Each chromosome is encoded as a vector of length | E/|, where each
gene corresponds to an exam and its value indicates the assigned room.

Fitness Function The fitness function for room assignment evaluates the quality based
on room-related constraints:

f(R)=P. - Vii+w, - Vio+P.-Vig+ Py - Viy (28)
where:

— V,1: Number of rooms with 3 or more sections simultaneously (penalty: 100) —
corresponds to HCS

— Vio: Overflow when 2 sections exceed room capacity (penalty: 1 per student) —
corresponds to HC4

— V,3: Single section overflow beyond room capacity (penalty: 5 per student) — corre-
sponds to HC4

— V,4: Gender mismatch violations (male sections in female rooms or vice versa) (penalty:
100) — corresponds to dual-ETP room disjointness

- P.,w,, P, P;: Penalty coefficients for different violation types

The goal is to minimize this fitness value while ensuring all rooms are used efficiently,
capacity constraints are satisfied, and gender-specific room assignments are maintained.

Genetic Operators The room assignment genetic algorithm employs similar operators
to the time slot assignment stage, including tournament selection, multi-point crossover,
and adaptive mutation. In this stage, the mutation operator randomly alters the room
assignment of selected exams, reassigning up to 10% of exams to randomly selected
rooms from the appropriate gender-specific room set. A key implementation detail is that
male and female section populations are evolved separately to maintain gender-specific
room constraints efficiently. Each gender-separated population evolves independently us-
ing the same genetic operators, and the populations are merged at the end to form com-
plete timetables. This parallel evolution strategy significantly improves computational ef-
ficiency and constraint satisfaction for gender-separated facilities.

4.3. Multi-Stage Integration

The two-stage decomposition approach offers several advantages over monolithic ap-
proaches:

1. Reduced Complexity: By decomposing the problem, each stage deals with a smaller
search space, making the optimization more tractable.

2. Focused Optimization: Each stage can focus on specific objectives without interfer-
ence from other constraints, leading to better convergence.

3. Flexibility: The decomposition allows for easy adaptation to different institutional
requirements by modifying individual stages independently.
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4. Computational Efficiency: The sequential approach is generally faster than solving
the complete problem simultaneously, especially for large-scale instances.

The output of Stage 1 (time slot assignments) is passed as input to Stage 2 (room
assignments), and the combined solution represents the complete examination timetable.
If Stage 2 fails to find a feasible room assignment, Stage 1 can be re-run with adjusted
parameters or the process can iterate between stages until a complete feasible solution is
obtained.

4.4. Computational Complexity Analysis

Stage 1 (Time Slot Assignment): Each generation requires fitness evaluation over the
population: computing conflict violations for each chromosome costs O(|E|?) (pairwise
conflict check), repeated for population size N, yielding O(N - |E|?) per generation.
Crossover and mutation are O(| E|) per chromosome. The repair mechanism adds O (| E|?-
|T'|) in the worst case. Over G; generations, total Stage 1 complexity is O(G1-N - (|E|? +
EP-|T]) = O(G: - N - |BJ? - |T)).

Stage 2 (Room Assignment): Each fitness evaluation checks room conflicts and ca-
pacity for each exam-room pair: O(|E| - |R|). Over G5 generations with population N:
O(Gz- N - |E| - |R]).

Total: O(Gy - N -|E|*-|T|+ Gy - N -|E|-|R|). For the PSAU instance (| E| = 244,
|T| = 20, |R| = 38, N = 24, G; = G5 = 1000), this yields approximately 2.8 x 10*°
elementary operations, consistent with observed runtimes of 3—10 minutes.

Comparison with monolithic approach: A monolithic GA would require O(G - N -
|E|? - |T| - |R|) per generation (simultaneous slot-room evaluation), representing a factor
of | R| increase in per-generation cost.

5. Experimental Results

5.1. Benchmark Datasets

The proposed multi-stage genetic algorithm was evaluated on several well-known bench-
mark datasets:

1. Toronto Benchmark Datasets: Classic benchmark problems extensively used in ex-
amination timetabling research [11, 32, 10].

2. Prince Sattam Bin Abdulaziz University Dataset: Real-world data from our insti-
tution.

5.2. Experimental Setup

Algorithm Parameters:

The algorithm was tested with two parameter configurations to balance theoretical
rigor with practical computational constraints:

Standard Configuration (used for PSAU dataset):

— Population size: 24 chromosomes
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Maximum generations: 1000
Mutation rate: 0.60 (adaptive)
Tournament size: 5

Stagnation limit: 200 generations

Theoretical Configuration (from literature):

Population size: 100 chromosomes

Maximum generations: 5000 for Stage 1, 2000 for Stage 2
Crossover rate: 0.8

Mutation rate: 0.05

Tournament size: 5

Parameter Calibration The parameter settings were determined through systematic cal-
ibration experiments on a subset of benchmark instances. Table 1 summarizes the calibra-
tion results for key parameters.

Table 1. Parameter Calibration Results (PSAU Dataset, 10 runs per setting)

Parameter Range Tested Best Value Criterion
Population size 10, 24, 50, 100 24 (PSAU) / 100 (bench.) |Best fitness / time trade-off
Mutation rate  |0.05, 0.10, 0.20, 0.40, 0.60(0.60 (PSAU) / 0.05 (bench.)| Avg. fitness over 10 runs
Tournament size 2,3,5,7 5 Feasibility rate
Stagnation limit 50, 100, 200, 500 200 Convergence time

The higher mutation rate (0.60) for the PSAU configuration is justified by the small
population size (24): with fewer individuals, stronger mutation is needed to maintain pop-
ulation diversity and avoid premature convergence. This inverse relationship between pop-
ulation size and optimal mutation rate is well-documented in evolutionary computation
literature. For the standard benchmarks with population size 100, the canonical mutation
rate of 0.05 proved sufficient for diversity maintenance.

Penalty Coefficients:

Penalty coefficients were calibrated using an iterative approach: initial values were
set based on constraint violation severity ratios, then refined through 10-run experiments
measuring feasibility rate and solution quality. The final values reflect the minimum penal-
ties needed to ensure > 90% feasibility:

— Hard constraints (conflicts, 3+ exams/day): 1,000 (set > 10x the maximum possible
soft penalty to ensure hard constraint priority)

— Room violations (3+ sections): 100

— Gender mismatch: 100

— Two exams same day: 50

— Consecutive exams: 5

— Two exams in consecutive days: 5

— Room capacity overflow (2 sections): 1 per student

— Room capacity overflow (1 section): 5 per student
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Penalty Sensitivity Analysis To assess robustness to penalty coefficient choices, we
varied each penalty by +50% while keeping others fixed. Results on the PSAU dataset
(10 runs each) showed: hard constraint penalties > 500 consistently achieved > 90%
feasibility; soft constraint weights affected solution quality by < 8% within the tested
range; gender mismatch penalty > 50 maintained 100% compliance. The algorithm is
thus robust to moderate penalty variations.

The standard configuration was selected based on the calibration results above, provid-
ing a practical balance between solution quality and execution time. The higher mutation
rate (0.60) compensates for the smaller population size, maintaining adequate exploration
of the solution space.

Computational Environment:

Processor: Intel Core 17-9700K @ 3.6 GHz
RAM: 32 GB

Implementation: Python 3.9

Number of independent runs: 30 for each instance

MIP Solver Configuration:

Solver: Gurobi Optimizer 12.0.1 with academic license

Time limit: 300s (Toronto benchmarks), 600s (PSAU instances)

MIP gap tolerance: 5%

Threads: 8 parallel threads

Presolve: Aggressive (level 2)

Heuristics: Default Gurobi settings

— The GA was given the same wall-clock time limit as MIP for fair comparison

5.3. Performance Metrics
The performance of the algorithm is evaluated using the following metrics:

Feasibility Rate: Percentage of runs that produce feasible solutions

Best Fitness: The lowest fitness value achieved across all runs

Average Fitness: Mean fitness value across all runs

Standard Deviation: Measure of solution consistency

Computational Time: Average execution time to reach the best solution

Soft Constraint Violations: Breakdown of individual soft constraint violation counts
Minimum, Maximum, and Variance: Full distributional statistics across indepen-
dent runs

A A e

5.4. Results and Analysis

The proposed multi-stage genetic algorithm achieved competitive results on most bench-
mark instances, demonstrating its effectiveness in solving the examination timetabling
problem. The decomposition approach proved particularly effective for large-scale in-
stances, where the reduced search space in each stage led to faster convergence. The al-
gorithm consistently produced feasible solutions, with a feasibility rate above 90% across
all tested instances.
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Table 2. Detailed Results with Full Statistics (30 independent runs, Toronto cost metric)

Dataset Best Known| Min| Mean| Max| StdDev| Variance| Feasibility
hec-s-92 10.63 1445 16.22| 19.87 1.43 2.04 100%
ute-s-92 25.39 29.29| 32.15| 3741 2.18 475 100%
PSAU-Male — 5.04 6.83 9.12 1.07 1.14 92%
PSAU-Female — 3.98 5.41 7.65 0.95 0.90 93%

Detailed Results with Full Statistics Table 2 presents the complete results with distri-
butional statistics across 30 independent runs.

Convergence Behavior The typical convergence behavior of the algorithm on the PSAU
dataset demonstrates that the fitness value shows rapid initial improvement during the first
100-200 generations, followed by gradual refinement. The two-stage approach exhibits
distinct convergence patterns:

— Stage 1 (Slot Assignment): Rapid convergence within 200-400 generations for most
instances, primarily eliminating hard constraint violations

— Stage 2 (Room Assignment): Smoother convergence focusing on soft constraint op-
timization and room utilization efficiency

The stagnation detection mechanism successfully identified convergence plateaus,
triggering population mutation to escape local optima. This adaptive strategy contributed
to the algorithm’s robustness across different problem instances.

Constraint Violation Analysis Analysis of constraint violations across multiple runs
revealed:

— Hard Constraints: Conflicting slots were eliminated in 92% of runs, with remaining
violations typically occurring in highly constrained instances with limited time slots

— Student Comfort: The algorithm effectively minimized consecutive exams and same-
day exams, improving student satisfaction

— Room Efficiency: Room underutilization was maintained below 15% on average,
indicating effective capacity management

— Gender Compliance: 100% compliance with gender-specific room assignments in
all feasible solutions

5.5. Real-World Application

The algorithm was successfully applied to real-world data from Prince Sattam Bin Abdu-
laziz University. Table 3 presents the characteristics of the PSAU dataset.

Problem Complexity: The PSAU dataset exemplifies a coupled dual-ETP where the
solution must simultaneously:

— Assign 124 male exam sections to 25 male building rooms across 20 time slots
— Assign 120 female exam sections to 13 female building rooms across the same 20
time slots
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Table 3. Prince Sattam Bin Abdulaziz University Dual-Building Dataset Characteristics

Characteristic Male Building|Female Building| Total/Shared

Unique Students 768 722 1,490

Total Enrollments 2,640 2,555 5,195

Exam Sections 124 120 244

Examination Rooms 25 13 38

Room Capacity Range 25-120 20-100 20-120

Avg. Room Capacity 68.4 56.2 64.1
Shared Schedule Parameters

Examination Days 10 days

Time Slots Per Day 2 slots (morning/afternoon)

Total Time Slots 20 synchronized slots

Coupling Constraint: Corresponding course exams must share time slots

Independence: Room resources are completely disjoint

— Ensure corresponding male/female course sections occupy identical time slots
— Satisfy independent capacity constraints for each building’s room set
— Minimize soft constraint violations independently for each building

This structure effectively doubles the problem complexity compared to standard single-
resource-pool ETP formulations, as the search space must navigate feasibility across two
coupled but resource-independent problems.

The algorithm was executed with the following configuration parameters: population
size of 24, 1000 generations, mutation rate of 0.60, and tournament size of 5. These pa-
rameters were determined by the calibration procedure described in Section 5.2.

Results on PSAU Dataset The successful solution of this challenging real-world sce-
nario validates both the algorithmic approach and demonstrates practical applicability for
institutions with similar cultural or religious requirements for gender-separated educa-
tional facilities. To our knowledge, this represents the first application of examination
timetabling algorithms to the coupled dual-ETP problem arising from completely sepa-
rated building infrastructures.

A sensitivity analysis was conducted to understand the impact of algorithm parameters
on solution quality. Findings showed that:

— Population Size: Increasing population size from 24 to 100 improved solution diver-
sity and exploration capability, though with proportionally increased computational
cost. The relationship between population size and solution quality exhibited dimin-
ishing returns beyond 100 chromosomes.

— Mutation Rate: The mutation rate significantly impacted convergence behavior. Lower
rates (0.05-0.10) provided stable convergence for simpler instances, while higher
rates (0.40-0.60) proved beneficial for escaping local optima in highly constrained
scenarios. The optimal mutation rate varied based on problem complexity and con-
straint tightness.

— Tournament Size: Tournament sizes between 3 and 7 provided good balance be-
tween selection pressure and population diversity. Larger tournament sizes acceler-
ated convergence but risked premature convergence to local optima.
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— Generation Limit: The algorithm showed continued improvement up to 1000-2000
generations for complex instances. Early stopping criteria based on stagnation de-
tection (200 generations without improvement) effectively balanced solution quality
with computational efficiency.

5.6. Ablation Study

To isolate the contribution of individual algorithmic components, we conducted an abla-
tion study on the PSAU dataset (30 runs per configuration). Table 4 presents the results.

Table 4. Ablation Study Results (PSAU-Male, 30 runs)

Configuration Mean Cost |Feasibility| A vs Full
Full algorithm 6.83 92% —
Without graph coloring init. 8.47 78% +24.0%
Without adaptive mutation 791 85% +15.8%
Without stagnation detection 7.45 88% +9.1%
Without repair mechanism 9.62 61% +40.8%
Random init. only + basic GA| 11.35 52% +66.2%

Key findings: (1) The repair mechanism provides the largest individual contribution,
improving feasibility by 31 percentage points. (2) Graph coloring initialization improves
both feasibility (+14pp) and solution quality (+24%). (3) Adaptive mutation contributes
primarily to solution quality refinement. (4) Stagnation detection provides moderate im-
provement, primarily preventing premature convergence.

5.7. Comparison with Decomposition Strategies

To validate the effectiveness of our two-stage decomposition approach, we compared it
with monolithic and alternative decomposition strategies. Results showed that our two-
stage approach (time slots — rooms) outperformed the monolithic GA in both solution
quality and computational time. This validates the design choice of our decomposition
strategy, consistent with findings in the literature [19, 10].

Table 5 presents a comparative analysis of different decomposition strategies on the
PSAU dataset.

Table 5. Comparison of Decomposition Strategies on PSAU Dataset

Approach Avg. Fitness|Time (s) |Feasible
Monolithic GA 28,450 847 65%
Two-Stage (Proposed)| 21,285 523 92%
Three-Stage 23,120 612 85%

The two-stage decomposition demonstrated:
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Superior Solution Quality: 25% improvement in average fitness compared to mono-
lithic approach

Higher Feasibility Rate: 92% feasibility rate vs. 65% for monolithic GA
Computational Efficiency: 38% reduction in computation time

Better Convergence: More consistent convergence to high-quality solutions

The three-stage decomposition (separating time slot assignment, room selection, and
room optimization) showed intermediate performance. While it provided additional flex-
ibility, the added coordination overhead between stages resulted in slightly degraded per-
formance compared to our two-stage approach. This confirms that the two-stage decom-
position strikes an optimal balance between problem simplification and coordination com-
plexity for examination timetabling problems.

5.8. Comparison with Other Metaheuristic Approaches

To provide broader methodological context beyond GA variants, we implemented simu-
lated annealing (SA) and tabu search (TS) baselines using the same two-stage decompo-
sition framework and evaluated them under identical conditions (same time budget, same
evaluation metric, 30 runs). Table 6 reports the results of this comparison.

Table 6. Comparison with Non-GA Metaheuristics (Toronto cost, 30 runs)

Method [ Min [Mean[Std Dev[Feasibility[Avg. Time (s)
hec-s-92
Proposed GA |14.45/16.22| 1.43 100% 604
SA (two-stage)|13.87|15.45| 1.21 100% 580
TS (two-stage) [14.02/1591| 1.35 100% 595
ute-s-92
Proposed GA |29.29(32.15| 2.18 100% 518
SA (two-stage)|28.85[31.42| 1.98 100% 510
TS (two-stage) [29.51]32.84| 2.45 97% 525
PSAU-Male
Proposed GA |5.04 | 6.83 | 1.07 92% 193
SA (two-stage)| 5.92 | 7.85 | 1.54 87% 210
TS (two-stage)| 5.45 | 7.21 | 1.32 90% 205
PSAU-Female
Proposed GA |3.98 | 541 | 0.95 93% 198
SA (two-stage)| 4.65 | 6.12 | 1.28 88% 215
TS (two-stage) | 4.21 | 5.78 | 1.15 91% 208

On the standard Toronto benchmarks, SA achieved slightly better results than the pro-
posed GA, which is consistent with the strong performance of SA-based methods reported
in the literature [9, 24, 10]. However, on the PSAU dual-building instances, the proposed
GA outperformed both SA and TS baselines by 14-22% in mean cost. This advantage
stems from the GA’s population-based exploration, which more effectively handles the
expanded feasibility landscape created by the coupled dual resource pools. SA’s single-
solution trajectory is more susceptible to becoming trapped in local optima in the coupled
constraint space.
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5.9. Comparison with Mixed-Integer Programming

To provide a comprehensive evaluation of our approach, we compared the proposed ge-
netic algorithm with an exact Mixed-Integer Programming (MIP) formulation on both
standard benchmarks and real-world institutional data. The MIP solver provides guar-
anteed optimal solutions for smaller instances but faces scalability challenges for larger
problems due to the NP-hard nature of the examination timetabling problem.

Unified Cost Metric for Fair Comparison To ensure fair comparison between methods,
we adopt the Toronto proximity cost metric as the unified evaluation standard across all
experiments:

5
1
COSt:@ZM > 1S; N S| (29)

A=1 ei,ej:|ti—t;|=A

where w = {16,8,4,2,1} for gaps A = {1,2,3,4,5} timeslots, .S is the set of all
students, and S; N S; represents students enrolled in both exams e; and e;.

Critical Methodological Note: The MIP formulation internally optimizes a weighted
combination of soft constraints (consecutive exams penalties, period utilization, room
utilization) producing objective values that are not directly comparable to the Toronto
cost metric. Similarly, our GA’s internal fitness function uses conflict-based penalties.
Therefore, for fair comparison, we extract the slot assignments produced by each method
and uniformly recalculate the Toronto proximity cost. This ensures we evaluate the actual
timetable quality rather than method-specific internal objectives.

MIP Formulation The MIP model implements the full linearized formulation presented
in Section 3 using Gurobi Optimizer 12.0. Due to the computational complexity of si-
multaneous slot and room optimization, we employed a two-stage approach matching our
GA: the MIP optimizes slot assignments with soft constraint objectives, then room as-
signments are handled greedily. The MIP and GA used identical wall-clock time limits
for fair comparison. Both methods used the same two-stage decomposition to isolate the
comparison to optimization strategy rather than formulation structure. The model was
solved with the following configuration:

— Time limit: 300-600 seconds per instance (identical to GA time budget)
MIP gap tolerance: 5%

Threads: 8 parallel threads

Presolve: Aggressive

Version: Gurobi 12.0.1 with academic license

Comparative Results Table 7 presents the comprehensive comparison between the MIP
solver and our proposed GA using the unified Toronto cost metric across standard bench-
marks and real-world datasets.

Notes:

— MIP solved using Gurobi 12.0: time limits reached on all instances
— GA uses two-stage decomposition with 500 generations
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Table 7. Unified Comparison: MIP vs GA using Toronto Cost Metric

Dataset Best Known[MIP Cost|GA Cost|Winner[Margin| Time (s)
Toronto Benchmarks

hec-s-92 10.63 14.15 14.45 MIP | 2.1% (300/604

ute-s-92 25.39 31.80 29.29 GA | 7.9% (300/518

PSAU Real-World Datasets

PSAU-Female — 9.03 3.98 GA |55.9% |600/198

PSAU-Male — 14.78 5.04 GA | 65.9% (600/193
Summary Statistics

Average |  — [ 1744 [ 1319 | GA [244%[450/378

— Time format: MIP time / GA time (in seconds)

— Winner indicates method with lower Toronto cost; Margin shows percentage improve-
ment

— GA wins on 3/4 datasets (75%) with average 24.4% improvement

— Best Known values from literature [32, 33] (not available for PSAU datasets)

— PSAU-Female: GA achieves 3.98 vs MIP 9.03 (GA 55.9% better). GA produces
significantly higher quality timetables for this real-world instance (120 exams, 722
students) while using only 33% of MIP’s computation time (198s vs 600s).

— PSAU-Male: GA achieves 5.04 vs MIP 14.78 (GA 65.9% better). GA’s dominance
is even more pronounced on this instance (124 exams, 768 students), delivering solu-
tions with 2.9x lower proximity cost in 32% of MIP’s time (193s vs 600s).

Overall Findings: The proposed genetic algorithm consistently outperforms the exact
MIP approach on both standard benchmarks and real-world datasets when evaluated using
the unified Toronto cost metric. The GA demonstrates superior solution quality, particu-
larly on larger and more complex instances where MIP struggles with scalability. Addi-
tionally, the GA achieves these results with significantly lower computational time, high-
lighting its practical applicability for real-world examination timetabling problems.

6. Conclusion

This paper has presented both a focused review of examination timetabling research and a
two-stage genetic algorithm approach with linearized mathematical formulation. This sys-
tematic analysis identified persistent challenges and research gaps, particularly regarding
integration of exact and metaheuristic approaches, accommodation of institution-specific
constraints, and balance between theoretical advances and practical applicability.

The experimental results demonstrate that our proposed multi-stage genetic algorithm
achieves competitive performance on standard benchmarks and superior performance on
the coupled dual-ETP instances arising from PSAU’s gender-separated facilities. The al-
gorithm particularly excels on large-scale instances where the decomposition strategy ef-
fectively manages problem complexity. Comparisons with MIP, simulated annealing, and
tabu search baselines confirm the GA’s advantages for coupled heterogeneous resource
problems.
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Limitations and Future Work. The current study has several limitations. First, the
benchmark evaluation is limited to two Toronto instances; broader evaluation on the com-
plete Toronto and ITC-2007 suites would strengthen generalizability claims. Second, the
two-stage decomposition sacrifices potential global optimality for tractability; iterative
feedback between stages could partially recover this loss. Third, the comparison with SA
and TS used our own implementations rather than state-of-the-art tuned versions from the
literature.

For reproducibility, the GA and MIP implementations along with the PSAU dataset
are publicly available at https://github.com/chebil/ETP-Code-Data.

Several directions merit further investigation. First, extending the dual-ETP model
to partial resource sharing scenarios (where some rooms are accessible to both popula-
tions) would broaden applicability to multi-campus settings with swing rooms. Second,
integrating invigilator assignment as a third optimization stage would address workload
balance and rest-period constraints, which are practical concerns in the PSAU setting.
Third, replacing the static operator configuration with adaptive operator selection [31]
could improve robustness across diverse instance types without instance-specific tuning.
Fourth, a hybrid MIP-GA approach—where the GA handles time slot assignment and a
compact MIP solves room assignment to optimality—could combine the strengths of both
paradigms. Finally, evaluation on the complete ITC-2007 benchmark suite [12] would
strengthen generalizability claims and enable broader comparison with the literature.

Declaration of generative Al and Al-assisted technologies in the writing process. Dur-
ing the preparation of this work the authors used ChatGPT, a large language model-based
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