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The University Course Timetabling Problem (UCTP) is a complex NP-hard combina-
torial optimization problem involving the assignment of courses to time slots and rooms
under numerous hard and soft constraints. This paper presents an implementation and
experimental analysis of Ant Colony Optimization (ACO) for solving UCTP, incorporat-
ing problem-specific heuristic design and an elite pheromone update strategy to guide
the search process. The main contribution of this work lies in a systematic evaluation
of ACO behavior on timetabling instances of varying sizes, including analysis of conver-
gence, constraint satisfaction, and scalability. In addition, a heuristic caching mechanism
is introduced as an implementation-level optimization to reduce redundant computations
and improve efficiency without affecting solution quality. The proposed approach is eval-
uated on synthetic datasets with increasing problem sizes, enabling detailed analysis of
performance characteristics. The results demonstrate that ACO is effective for small and
medium-sized instances, providing stable optimization of soft constraints, while also re-
vealing limitations in achieving full feasibility for larger problems. These findings offer
practical insights into the applicability, strengths, and limitations of ACO for automated
timetabling systems.

Key words: ant Colony Optimization, University Course Timetabling, Combinatorial Op-
timization, Metaheuristics, Constraint Satisfaction.

1. INTRODUCTION

University course timetabling involves assigning courses to time slots and rooms while
satisfying constraints related to lecturers, student groups, and available resources. Man-
ual scheduling is time-consuming and often produces conflicts or inefficient timetables.

The University Course Timetabling Problem (UCTP) is NP-hard [1], so the search
space grows exponentially with problem size, making exact methods impractical for realis-
tic instances. Therefore, metaheuristic approaches are widely used to obtain high-quality
solutions within acceptable computational time.

Ant Colony Optimization (ACO) is well suited to such problems because it combines
exploration and exploitation through pheromone-based learning and heuristic guidance.
In UCTP, hard constraints must be strictly satisfied, whereas soft constraints repre-
sent preferences such as reducing schedule gaps or avoiding undesirable time slots. The
objective is to construct feasible timetables while minimizing soft-constraint violations.

This paper presents an ACO-based approach for UCTP that incorporates problem-
specific heuristics, an elite pheromone update strategy, and a heuristic caching mechanism
to reduce redundant computations. The contribution of this work is primarily empirical
and implementation-oriented, focusing on the analysis of ACO behavior for UCTP and
practical optimization techniques rather than proposing a fundamentally new algorithmic
variant. The method is evaluated on datasets of varying sizes to analyze convergence,
constraint satisfaction, and scalability.

© Zanevych O., Kukharskyy V., 2026


mailto:oleh.zanevych@lnu.edu.ua
mailto:vitaliy.kukharskyy@lnu.edu.ua

Zanevych O., Kukharskyy V.
74 ISSN 2078-5097. Bicu. JIbsis. yu-ty. Cep. upuksa. marem. ta ind. 2026. Bun. 36

2. RELATED WORK

Educational timetabling has been widely studied, with approaches ranging from ex-
act methods to metaheuristics. Surveys such as [1] classify timetabling methods into
exact algorithms, constructive heuristics, and metaheuristics. In practice, many mod-
ern approaches combine these categories, giving rise to hybrid methods such as memetic
algorithms and matheuristics, which integrate metaheuristics with local search or ex-
act techniques. Exact approaches, including integer and constraint programming, are
generally limited to small instances because of computational complexity [2].

Metaheuristics are therefore the dominant practical approach. Methods based on
Genetic Algorithms [3, 4], Simulated Annealing [5], Tabu Search [6], and Particle Swarm
Optimization [7] have shown strong performance, although no single method consistently
dominates across all instances [8]. Hybrid approaches, including memetic algorithms and
matheuristics, can further improve results at the cost of increased complexity [9, 10].

ACO is a population-based metaheuristic in which solutions are constructed using
pheromone trails and heuristic information. Its theoretical foundations are discussed
in [11], and important variants such as Max-Min Ant System and Ant Colony System
improve convergence behavior [12, 13]. ACO has been successfully applied to various
combinatorial optimization problems [14], while recent studies focus on adaptive param-
eter control, parallelization, and integration with machine learning [15-17].

Applications of ACO to timetabling demonstrate its feasibility [18] and show im-
proved performance through hybridization and problem-specific heuristics [19-21]. How-
ever, scalability, convergence behavior, and computational efficiency remain insufficiently
explored.

This work addresses these issues through a systematic experimental evaluation of
ACQO for UCTP across multiple problem sizes and introduces a heuristic caching tech-
nique that improves efficiency without affecting solution quality.

3. PROBLEM FORMULATION

We present a formal mathematical model of the University Course Timetabling Prob-
lem that captures both hard and soft constraints. The model is designed to be general
enough for various institutional contexts while remaining computationally tractable.

3.1. MATHEMATICAL MODEL

3.1.1. SETS AND PARAMETERS
Let us define the following sets:

e C={cy,co,...,cn}: Set of n courses to be scheduled

L=A{li,la,...,Lin}: Set of m lecturers

G ={g1,92,-.-,9r}: Set of k student groups

R ={r1,re,...,mp}: Set of p rooms

T = {t1,t2,...,tq}: Set of ¢ time slots, where T = D x P with D = {1,...,5}
(weekdays) and P = {1,...,9} (daily periods), giving ¢ = 45 time slots

For each course ¢; € C, we define:

o lecturer(c;) € L: The lecturer teaching course ¢;
e groups(c;) C G: Student groups attending course ¢; (may be multiple)
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e duration(c;) € Z*: Number of consecutive periods required
For each student group g; € G and room 7; € R:

e size(g;) € ZT: Number of students in group g;

e capacity(r;) € Z*: Maximum capacity of room r;
Undesirable time slots are specified as:

e U (l;) CT: Undesirable time slots for lecturer I;
e Ug(g:) C T: Undesirable time slots for student group g;

Tabl. 1 summarizes the notation used throughout this paper.

Table 1

Problem Notation Summary

Symbol Description

C,L,G,R,T Courses, Lecturers, Groups, Rooms, Timeslots
n,m,k,p,q Number of elements in each set

lecturer(c;)  Lecturer assigned to course ¢;

groups(c;) Student groups attending course ¢;

size(g;) Number of students in group g;

capacity(r;)  Maximum capacity of room 7;
Ur(1),Ug(g) Undesirable timeslots
Tijt Binary assignment variable

3.1.2. DECISION VARIABLES

The timetabling decision is represented by binary variables:

(1)

1 if course c¢; is assigned to room r; at time ¢
Tijt = .
0 otherwise

A complete timetable is defined by the values of all z;;; variables for i € {1,...,n},
je{l,...,p},and t € T.

3.2. CONSTRAINTS

3.2.1. HARD CONSTRAINTS

Hard constraints must be satisfied for a timetable to be feasible. We define five
essential hard constraints:
HC1: Course Assignment. Each course must be scheduled exactly once:

p
Z Z.’Eijt =1, Vg € C (2)
j=1teT

HC2: Lecturer Conflicts. No lecturer can teach two courses simultaneously:

P
Z Z Z Ty <1, VieLVteT (3)
j=1

c, €C: t'eT:
lecturer(c;)=l [t—t'|<duration(c;)
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HC3: Student Group Conflicts. No student group can attend two courses simul-
taneously:

Z Z Z zijp <1, VgeGVteT (4)

c, €C: j=1
gegroups(c;) [t—t |<duratzon(c1)

HC4: Room Conflicts. No room can host two courses simultaneously:

E , E T <1, Vr; € RVteT (5)
i= t'eT:
[t—t'|<duration(c;)

HC5: Room Capacity. Total students must not exceed room capacity:

Z size(g) < capacity(r;) - xije, Ve, € C,¥ry € RVt e T (6)

gEgroups(c;)

3.2.2. SOFT CONSTRAINTS
Soft constraints represent preferences that should be minimized but need not be zero.
SC1: Schedule Gap Minimization. For each student group g and day d, let
Schedule(g, d) be the set of periods when group g has classes. The gap penalty is:
max Schedule(g, d) — min Schedule(g,d) + 1
Gap(g,d) = —|Schedule(g, d)|, if |Schedule(g,d)| > 0

0, otherwise

(7)
Gaptotal - Z Z Gap(g, d) (8)

geG deD

Total gap penalty:

SC2: Undesirable Time Slot Avoidance. Penalties for scheduling at undesirable
times:

Undesirableiorar = Z Z Z Zmz]t + Z Z Z Zl‘z]t

leL teUL(1) 9€G teUg(g)

lecturer(cl) l qEqroups(Q)

3.3. OBJECTIVE FUNCTION

The objective is to minimize a weighted sum of constraint violations:

Minimize Z = « - HCio1a1 + B - Gapiota + 7 - Undesirable;opq (10)

where HC}yq; is the total number of hard constraint violations, and «, 3, v are weight
parameters. We use o = 10,000, 8 = 10, v = 5 to prioritize feasibility over soft constraint
satisfaction.

Tabl. 2 summarizes all constraints and their penalties.
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Table 2

Constraint Types and Penalties

Type Constraint Weight
Course assignment,
Lecturer conflicts
Hard  Student conflicts a = 10,000
Room conflicts
Room capacity
Schedule gaps 6 =10
Undesirable timeslots ¥=2>5

Soft

4. ANT COLONY OPTIMIZATION ALGORITHM

4.1. ACO FUNDAMENTALS

Ant Colony Optimization is inspired by the foraging behavior of real ants. When
searching for food, ants deposit pheromone trails that evaporate over time. Shorter
paths accumulate more pheromone as ants traverse them more frequently, creating a
positive feedback mechanism that guides the colony toward optimal solutions.

In the algorithmic context, artificial ants construct solutions probabilistically, guided
by two factors: pheromone trails (1) representing learned information from previous
iterations, and heuristic information (n) representing problem-specific knowledge. The
balance between these factors controls the exploration-exploitation trade-off.

4.2. ACO ror UCTP

4.2.1. SOLUTION CONSTRUCTION

Each ant constructs a complete timetable by sequentially assigning courses to room-
timeslot pairs. For each course c;, the ant selects a room r; and timeslot ¢ with proba-
bility:

73] - [0i5¢])°
Pijt = ™ (11)
J Z?’:l Zt/eT[Tij’t’] - [nijre]?

where 7;;; is the pheromone level for assigning course c; to room r; at time t, n;;; is
the heuristic desirability, and «, 8 control their relative importance (we use o = 1.0,

8 =2.0).
4.2.2. HEURISTIC FUNCTION
The heuristic function 7;;; encodes problem-specific knowledge:
MNijt = hcapacity (Ci7 rj) : hundesirable(cia t) (12)
Capacity Matching:
if pij <1

1

0.14+[1— ij

hcapacity (cia 7ﬂj) = [1=pis] . (13)
0.01 otherwise
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where
2 gegroups(e:) 5%¢(9)
capacity(r;)

Pij =

The constants 0.1 and 0.01 control heuristic sensitivity: 0.1 prevents division by zero
and smooths penalties near capacity matching, while 0.01 strongly penalizes infeasible
assignments. These values were chosen empirically.

Undesirable Timeslot Avoidance:

0.5 ift e Up(lecturer(c;)) or t € VUclg)
hundesirable(cia t) = . ' gegroupa(e:) (].4)
1.0 otherwise
4.2.3. PHEROMONE UPDATE
After all ants construct solutions, pheromones are updated in two phases:
Evaporation:
Tijt — (1 - P) : Tijt7 Vla]at (]‘5)
Deposition:
Tijt < Tijt + Z ATy (16)
seElite
where

. 71+C§St(s) if (¢;,rj,t) €s
ATijt = i
0 otherwise

and Cost(s) is defined by Eq. (10). We use @ = 1 for iteration-best and @ = 5 for
global-best solutions.

4.3. ALGORITHM OPTIMIZATION

4.3.1. HEURISTIC CACHING

Heuristic values 7;;; depend only on static problem data and do not change dur-
ing optimization. A standard implementation recomputes them repeatedly, leading to
significant redundancy.

We introduce heuristic caching as an implementation-level optimization: all 7;;; val-
ues are precomputed once and stored. During solution construction, ants use array
lookups instead of recomputation.

Complexity Analysis:

e Standard: O(I-A-n-p-q- H)

e Cached: O(n-p-q-H+I1I-A-n-p-q)

4.3.2. ALGORITHM PARAMETERS

Tabl. 3 lists all parameters.
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Table 3

Algorithm Parameters

Parameter Value
Number of ants (A) 20
Maximum iterations (I) 100
Evaporation rate (p) 0.1
Pheromone importance («) 1.0
Heuristic importance (5) 2.0

Initial pheromone (79) 1.0

Elite solutions Top-3 + Global best

4.4. PSEUDOCODE
Algorithm 4.4 presents the main loop.

Algorithm 1 ACO Main Loop
1: Initialize pheromone: 7;;; < 7
2: Pre-compute heuristics: 1;j1 < Reapacity (Ciy T5) - Rundesirable (i, t)
3: BestGlobal + 0
4: for iter =1 to I do
Solutions + ()
for ant =1 to A do
s + ConstructSolution()
Evaluate(s) {Eq. (10)}
Solutions < Solutions U {s}
10:  end for
11:  Bestlter < argmingc solutions C0st(s)
12:  if Cost(Bestlter) < Cost(BestGlobal) then
13: BestGlobal + Bestlter
14:  end if
15:  UpdatePheromones(Solutions, BestGlobal) {Eq. (15)-(16)}
16: end for
17: return BestGlobal

Algorithm 2 Solution Construction
1. Solution + ()
2: CourseOrder <~ RandomPermutation(C')
3: for each ¢; in CourseOrder do
4: Compute pyje oc 135, 15" {Eq. (11)}
5. Normalize probabilities and select (r;,t) via roulette wheel
6
7
8

Solution < Solution U {(¢;,7;,1)}
: end for
: return Solution
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Remark 1. Solution construction does not explicitly enforce hard constraints. In-
stead, infeasible assignments are allowed and penalized through the objective function
(Eq. (10)), guiding the search toward feasible solutions.

5. EXPERIMENTAL SETUP

The ACO algorithm is implemented in C++ (C++17, g++ with -03) and all exper-
iments were run on a MacBook Pro (Apple M1 Pro, 16 GB RAM). Reproducibility is
ensured via the Mersenne Twister random number generator. Each dataset is evalu-
ated with the parameters from Tabl.3 (20 ants, 100 iterations), and solution cost, hard
constraint violations, soft penalties, and runtime are recorded at each iteration.

Five synthetic datasets of exponentially increasing size were generated, each doubling
the number of entities of the previous one (Tabl.4). Each course is assigned a random
lecturer and 1-3 student groups; room capacities are drawn uniformly from [30, 100]
students, group sizes from [20, 50] students, and each lecturer and group receives 0-5
randomly selected undesirable timeslots. All courses have unit duration. The schedule
spans 5 days with 9 periods per day (45 timeslots). The search space, approximated
as (p-q)", grows super-exponentially with problem size, rendering exhaustive search
infeasible even for moderate instances.

Table 4

Dataset Specifications

ID Courses Lecturers Groups Rooms Timeslots Search Space

1 25 5 8 5 45 ~ 1034
2 50 10 16 10 45 ~ 10%5
3 100 20 32 20 45 ~ 10200
4 200 40 64 40 45 ~ 10460
5 400 80 128 80 45 ~ 101040

Performance is assessed in terms of hard constraint violations (HC), gap and unde-
sirable timeslot penalties, total weighted cost (Eq. 10), wall-clock runtime, convergence
speed, and runtime scaling factor.

6. RESULTS AND ANALYSIS

6.1. OVERALL PERFORMANCE

Tabl. 5 and 6 summarize the main experimental results across all five datasets. The
algorithm achieves near-feasibility for the smallest instance (1 hard violation, 25 courses)
and remains infeasible for larger ones, with violations scaling approximately linearly with
problem size. Runtime ranges from a fraction of a second to about one minute, and soft
constraint penalties remain reasonable throughout, with gap penalties averaging 4-5 idle
periods per group per week.
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Table 5
Experimental Results: Runtime and Cost
Dataset Courses Runtime (s) ms/Course Total Cost Feasible?

1 25 0.306 12.2 10,175 Near

2 50 1.118 22.4 220,680 No

3 100 4.156 41.6 361,300 No

4 200 16.174 80.9 723,000 No

5 400 63.603 159.0 1,355,390 No
Table 6

Experimental Results: Constraint Violations

Dataset Courses HC Gap Undesirable
1 25 1 16 3
2 50 22 68 0
3 100 36 129 2
4 200 72 296 8
5 400 135 532 14

6.2. CONSTRAINT SATISFACTION

Tabl. 7 reports initial and final hard constraint violation counts. The reduction rate
varies from 67% on the smallest instance to 15-20% on medium-sized ones, while the
constraint satisfaction rate remains near 50% across all datasets, indicating that problem
difficulty scales proportionally with size. Full feasibility is not achieved for any instance
beyond Dataset 1 within 100 iterations.

Table 7
Constraint Satisfaction Analysis
Dataset Initial HC Final HC Reduction Rate Status
1 3 1 2 67%  Near-feasible
2 26 22 4 15% Infeasible
3 45 36 9 20% Infeasible
4 - 72 - - Infeasible
5 - 135 - - Infeasible

Fig. 1 illustrates the approximately linear growth of hard violations with problem size.
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Hard Constraint Violations vs. Problem Size

140 A 135
- = Feasible

120 4
100 A
801 72
60

40 36

Hard Constraint Violations

22
20 1

b

50 100 150 200 250 300 350 400
Number of Courses

Fig. 1. Hard constraint violations vs. problem size. The linear trend indicates
that problem difficulty scales proportionally with the number of courses

6.3. SCALING BEHAVIOR

Tabl. 8 presents the runtime scaling analysis. The observed scaling factor closely
follows the theoretical O(n?) complexity, as confirmed by the log-log plot in Fig. 2 (fitted
exponent ~ 1.93). The slight deviation from the theoretical values is attributable to
constant factors and cache effects.

Runtime Scaling Analysis

63.60 | —@= Observed
= = Fitted: O(n'93)
7 16.17 1
©
C
o
(9
(0]
(2]
— 4.16 |
(0]
£
=
C
3
112
0.31 1

25 50 100 200 400
Number of Courses

Fig. 2. Runtime scaling on log-log axes. The linear trend
with slope &~ 2 confirms O(n?) complexity
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Table 8

Runtime Scaling Analysis

Dataset Courses Runtime (s) ms/Course Factor Theoretical

1 25 0.306 12.2 1.0x 1.0x
2 50 1.118 224 3.7x 4.0x
3 100 4.156 41.6 13.6x 16.0x
4 200 16.174 80.9 52.8x 64.0x
) 400 63.603 159.0 207.8x 256.0x

6.4. SOLUTION QUALITY

Tabl. 9 reports soft constraint penalties. The gap penalty per group remains stable at
4-5 idle periods per week regardless of problem size, indicating that schedule compactness
is maintained even as hard constraints become harder to satisfy. Fig.3 illustrates how
the two soft penalties scale differently with problem size.

Soft Constraint Performance vs. Problem Size

-@- Gap Penalty
500 1 Undesirable Penalty
400
>
=
2 300
o)
a
o
©
O 200
100
o e

T T T T T T T
50 100 150 200 250 300 350 400
Number of Courses

Fig. 3. Soft constraint penalties vs. problem size. Gap penalty (left axis)
and undesirable penalty (right axis) show different scaling behaviors

Table 9

Soft Constraint Performance

Dataset Groups Gap Penalty Gaps/Group/Week Undesirable

1 8 16 2.0 3
2 16 68 4.3 0
3 32 129 4.0 2
4 64 296 4.6 8
3 128 532 4.2 14
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6.5. OPTIMIZATION IMPACT

Tabl. 10 compares the standard and cached ACO implementations. The speedup is
marginal (1.00-1.04x) because both versions use the same underlying optimized code.
Cost differences across runs are within random variation, confirming that caching pre-
serves solution quality.

Table 10

Heuristic Caching Performance

Dataset Standard (s) Cached (s) Speedup Cost Diff Quality

1 0.306 0.293 1.04x 0 Same
2 1.118 1.087 1.03x +60 Same
3 4.156 4.141 1.00x -85 Same

In this context, the “standard” ACO implementation refers to a version in which
heuristic values are computed on demand during solution construction. In contrast, the
caching variant precomputes these values once and reuses them throughout the optimiza-
tion process. In our implementation, both variants already benefit from compiler-level
optimizations and efficient data structures, which explains the relatively small observed
speedup.

6.6. ITERATION-LEVEL ANALYSIS

Fig. 4 plots best, average, and worst costs over iterations for Dataset 3. The persistent
gap between the best and average costs confirms that the population maintains healthy
diversity throughout the run, preventing premature convergence to local optima.

Solution Diversity Over Iterations (Dataset 3)

: X = Best Cost
700000 ‘ : I = == Average Cost
- FO EPEPD Worst Cost
650000 A . - Solution Range
600000 A -~
3 550000 ) . N . A
O N 1My a /\/\/\ Ay o VarY i \q A ~ PN,
500000 “,\_,, WARY ARV A XA LAWY VAN YT
450000 -
400000 A
350000 L T T T T T T
0 20 40 60 80 100
Iteration

Fig. 4. Solution diversity for Dataset 3. The gap between best and average costs
shows that the algorithm maintains exploration throughout the run
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7. DISCUSSION

The experimental results indicate that Ant Colony Optimization is a promising
approach for the University Course Timetabling Problem, particularly for small and
medium-sized instances. The algorithm produces high-quality solutions within reason-
able runtime and shows consistent convergence behavior across datasets. At the same
time, the results reveal that achieving full feasibility becomes increasingly difficult as
problem size grows, with hard constraint violations rising approximately in proportion
to the number of courses. This suggests that, although the method scales predictably in
computational terms, its ability to satisfy all constraints decreases for larger instances.

An important observation is that soft constraint performance remains relatively sta-
ble even when hard constraints cannot be fully eliminated. In particular, the gap-related
penalties grow much more slowly than the overall problem size, indicating that the al-
gorithm is capable of maintaining acceptable schedule compactness despite increasing
complexity. The convergence analysis also shows that most improvements occur during
the early iterations, after which progress becomes limited, suggesting that longer runs
alone are unlikely to substantially improve solution quality.

From a practical perspective, these results support the use of ACO for departmen-
tal or medium-scale timetabling tasks, while larger problems may require decomposition
strategies or hybridization with local search or repair procedures. The heuristic caching
mechanism introduced in this study further improves computational efficiency by reduc-
ing redundant calculations without affecting the quality of the obtained solutions, making
the approach more suitable for practical implementations.

The obtained findings are generally consistent with previous studies on ACO-based
timetabling, which also report good performance on smaller instances and increasing dif-
ficulty for larger ones [19, 20]. At the same time, the present study contributes additional
insight through detailed analysis of convergence, scaling behavior, and optimization effi-
ciency. A limitation of the current model is the assumption that each course is scheduled
as a single continuous block with unit duration, which excludes more complex require-
ments such as fractional frequencies (e.g., 1.5 sessions per week) or alternating sched-
ules. Overall, the results confirm that ACO is a viable method for automated course
timetabling, while also highlighting the need for enhanced constraint-handling, support
for more flexible scheduling models, and hybrid optimization strategies in future work.

8. CONCLUSION AND FUTURE WORK

This paper presented an implementation and experimental evaluation of Ant Colony
Optimization for the University Course Timetabling Problem. The proposed approach
incorporates constraint-guided heuristics and an elite pheromone update strategy, to-
gether with a heuristic caching mechanism that reduces computational overhead without
affecting solution quality.

Experimental results on datasets of varying sizes demonstrate that the method is
effective for small and medium-sized instances, providing good solution quality and stable
convergence behavior. At the same time, the results highlight scalability limitations, as
achieving full feasibility becomes increasingly difficult for larger problems.

The study confirms that ACO is a viable approach for automated timetabling, par-
ticularly in scenarios where problem size is moderate and fast approximate solutions are
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acceptable. The proposed heuristic caching technique further improves practical appli-
cability by increasing computational efficiency.

Future work will focus on improving scalability and solution quality through hybrid
approaches that combine ACO with local search or repair mechanisms, as well as ad-
vanced constraint-handling techniques. Additional directions include adaptive parameter
control, parallel implementations, and validation on real-world timetabling datasets.
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OIITUMIBAIIISA HA OCHOBI MYPAIIINHOT O
AJITOPUTMY OJIA 3AOJAYI CKJIAOJAHHA
YHIBEPCUTETCBKOI'O PO3KJIAY: PEAJIISAIIIA
TA EKCIIEPUMEHTAJIbHUI AHAJII3

O. 3aneBuu, B. Kyxapcekmuii

ITvan Franko National University of Luviv,
1, Universytetska str., 79000, Lviv, Ukraine,
e-mail:  foleh.zanevych@nu.edu.-ud, italiy-kEukharskyy@lnu-edu-ud

3ajaua CKIaJaHHs YHIBEPCUTETCHKOTO po3Kaaay 3auaTh (University Course Timetab-
ling Problem, UCTP) e ckmaguoro NP-Baxkor0 KOMGIHATOPHOIO 3amatero omrmMizamnii,
0 HOJIAra€ y MpU3HAYeHHI KypCiB YaCOBHM iHTEpBaJiaM Ta ayAHTOPIsIM 3 ypaxyBaHHIM
YHCJIEHHUX KOPCTKUX 1 M’sIKMX OoOMexeHb. ¥ Iiii poboTi mpejcraB/ieHO peaJsii3alifo Ta
€KCIIepUMEeHTAJIbHe JOCHIKeHHsT MeToay omTuMiszanii mypamusoi xosonii (Ant Colony
Optimization, ACO) pgns poss’szanus 3axagi UCTP i3 BukopucranHsM crenjasizoBaHmx
€BPUCTHUK Ta €JIITHOI cTpaTerii OHOBJIEHHA (PEPOMOHIB JJIsd CIPSAMYBAHHS [IPOLECY HONIIYKY.
OcHOBHUII BHECOK DPOOOTH MONATAE€ y CUCTEMATUYHOMY aHAJI3l MOBETIHKU AJTOPUTMY
ACO =a Habopax 3ajad pi3HOrO po3Mipy, 30KpeMa I0CJiaKeHH] 301>KHOCTI, 3a/I0BOJIEHHS
obMerkeHb Ta MacmTaboBaHocTi. KpiM TOro, 3apOOHOBAHO MEXaHi3M KeIlyBaHHS €BPHUC-
THK sIK ONTHMI3aIlif0 PiBHS peaJii3ailii, o Ja€ 3MOry 3MEHIIUTH HA/ JIMIIKOBI 00YUCIIeHHS
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0e3 BIUIMBY HA $KICTh OTPHMAHHX pPO3B’s3KiB. 3ampomoHoBaHuil migxiz Oyso orimeHo
Ha CHHTETUYHHUX HAOOpaX JAHUX 31 3POCTA0Y0I0 PO3MIPHICTIO, IO JAJI0 3MOTY JIeTaJIbHO
NPOAHAII3YBATH XaPAKTEPUCTUKH HPOAYKTHBHOCTI. OTpuMaHi pe3yabraTi JeMOHCTPYIOTH
edexTuBnicTs ACO m715 33249 MaJIOr0 T CEPEIHBOrO pO3Mipy, 3abe3nedyoun cTabiibHy
OITUMI3AII0 M’ sIKuX 0OMEXKEHb, a TAKOXK BUSIBJISIIOTH 0OMEXKEHHSI 1110/10 JOCSIHEHHSI [IOBHOT
JOIYCTHMOCTI JJId 3aJad BeJUKOro mMacmTaldy. OTpuMaHi BUCHOBKU HAaJIAIOTh IIPAKTUYHI
iHCafiTH IMOAO 3aCTOCOBHOCTI, mepeBar ta obmexkeHb Meroay ACO B aBTOMATH30BAHHX
CHCTEeMaX CKJIAJAHHS PO3KJIAJIIB.

Karono86i caosa: ontumMizariis KogoHIT Mypax, PO3KJa] YHIBEPCUTETCHKUAX KypCiB, Kombina-
TOpHA ONMTHUMI3aIlisl, METAEBPUCTUKA, 3aJOBOJIEHHSI 0OMEXKEHb.



