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University course timetabling is a complex combinatorial optimization problem that
requires balancing hard feasibility requirements with diverse institutional and stakeholder
preferences. This paper introduces a hybrid algorithm that integrates Constraint Pro-
gramming (CP) with Adaptive Local Search (ALS) to e�ectively address both feasibility
and solution quality. CP provides a rigorous mechanism for generating feasible initial
solutions that satisfy strict requirements such as room capacities and con�ict avoidance,
while ALS adaptively explores neighborhoods to re�ne solution quality with respect to
soft constraints. The approach incorporates adaptive neighborhood selection based on the
pursuit algorithm, enabling the search to dynamically identify and prioritize e�ective oper-
ators. It further employs a multi-start framework enhanced by elite solution memory and
path relinking strategies, ensuring robust intensi�cation around promising solutions while
maintaining diversi�cation across the search space. To improve e�ciency, the algorithm
integrates constraint caching and incremental evaluation techniques that signi�cantly re-
duce computational overhead. Experimental results on diverse datasets, demonstrate the
method's consistent ability to generate feasible, high-quality timetables. The proposed
approach advances the state of the art by uniting guaranteed feasibility with adaptive op-
timization, o�ering a practical and scalable solution for real-world university scheduling
systems.

Key words: university timetabling, constraint programming, local search, hybrid algo-
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1. Introduction

University course timetabling is a recurring optimization challenge for higher edu-
cation institutions worldwide. It requires assigning courses, instructors, and student
groups to limited rooms and time slots under dense constraints, while balancing diverse
preferences [1�3]. The problem's complexity and its impact on e�ciency, student out-
comes, and faculty satisfaction make it a central topic in operations research and arti�cial
intelligence [4, 5].

The University Course Timetabling Problem (UCTP) is di�cult due to heterogeneous
resource needs and con�icting stakeholder goals. Additional factors such as multi-campus
logistics, �exible curricula, and growing enrollments further enlarge the search space and
demand automated solutions [6, 7]. Constraints are usually divided into hard con-
straints (e.g., avoiding double-booking) and soft constraints (e.g., minimizing idle
periods, respecting teacher preferences) [1, 2, 4].

UCTP is formally NP-hard [8]. Exact methods like Integer Linear Programming
work only for small cases, while real-world problems require heuristics and metaheuristics
such as genetic algorithms, simulated annealing, tabu search, or hybrid methods [5, 6, 8].
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Recent research trends emphasize adaptive approaches capable of producing high-quality
solutions within practical time limits.

This paper introduces a novel hybrid algorithm that combines Constraint
Programming (CP) with Adaptive Local Search (ALS) and an Elite Solution
Memory. CP ensures feasible initial solutions that satisfy strict requirements, while
ALS explores neighborhoods adaptively to re�ne solution quality. The Elite Solution
Memory component further strengthens intensi�cation by reusing and recombining high-
quality solutions. Together, these innovations o�er a powerful framework for addressing
complex real-world timetabling scenarios.

2. Literature Review

The university timetabling domain encompasses a family of complex scheduling
problems, generally divided into examination and course timetabling. Examination
timetabling focuses on condensed exam periods to avoid student con�icts [9, 10], while
course timetabling�our focus�allocates lectures, labs, and tutorials across a semester,
balancing multiple resources and stakeholder preferences [11, 12]. A central concept
is the distinction between hard constraints (e.g., avoiding double-booked rooms or ex-
ceeding capacities) and soft constraints (e.g., compact schedules), usually optimized via
weighted objectives [11, 12]. More recent studies re�ne this classi�cation by recognizing
�semi-hard� constraints, which remain negotiable but highly prioritized [13]. Numer-
ous UCTP variants exist, including curriculum-based versus post-enrollment formula-
tions [14], multi-campus timetabling, dynamic adaptation to disruptions, multi-objective
optimization, and robust or stochastic models for uncertain enrollments [12, 14].

Exact methods guarantee optimality but rarely scale due to the NP-hardness of UCTP
[15]. Integer Linear Programming (ILP) provides precise formulations yet struggles with
realistic instance sizes even when aided by decomposition and symmetry-breaking, while
Constraint Programming (CP) e�ectively enforces feasibility using global constraints but
is less suited for optimization [15]. Branch-and-Bound frameworks with improved bound-
ing and machine learning guidance extend capabilities but remain limited in practical
scenarios. As a result, metaheuristics have become the dominant approach for large-
scale timetabling, producing high-quality solutions within practical timeframes [16�18].
Population-based techniques such as Genetic Algorithms evolve solutions across genera-
tions, enhanced by feasibility-preserving operators, memetic hybrids with local search, di-
versity mechanisms, decomposition, and GPU parallelization [6�8, 19]. Trajectory-based
strategies explore from a single solution: Simulated Annealing employs probabilistic ac-
ceptance and adaptive penalties [20, 21], Tabu Search relies on adaptive memory and
hybrid intensi�cation-diversi�cation strategies [22], and Variable Neighborhood Search
systematically shifts neighborhoods, often embedded in hyper-heuristic frameworks for
curriculum-based timetabling [23].

Recent research emphasizes hybrid and adaptive methods that combine exact and
heuristic strengths. Notably, CP is integrated with metaheuristics such as Adaptive
Large Neighborhood Search (ALNS), where CP ensures feasibility and local search en-
hances quality [24]. Matheuristics embed ILP or CP into heuristic search via decom-
position or �x-and-optimize, enabling larger instances to be tackled. Adaptivity plays
an increasingly central role: operator selection frameworks�from credit-based ALNS
to Multi-Armed Bandits and Deep Reinforcement Learning�guide heuristic choice ef-
fectively [25], while hyper-heuristics learn generalized strategies to select or generate
heuristics dynamically [26]. Memory-based mechanisms also strengthen performance, in-



ZanevychO., KukharskyyV.

ISSN 2078�5097. Âiñí. Ëüâiâ. óí-òó. Ñåð. ïðèêë. ìàòåì. òà iíô. 2025. Âèï. 34 105

cluding cooperative metaheuristics exchanging solutions and elite retention systems such
as HyperDE [20, 27]. Overall, the literature shows a progression from isolated heuris-
tics toward adaptive, hybrid methods that integrate exact optimization, metaheuristics,
and machine learning, forming the foundation for CP-LS approaches with elite solution
memory explored in this study.

3. Problem Definition

The university course timetabling problem (UCTP) is a combinatorial optimization
problem that assigns courses to rooms and time slots while satisfying constraints and
optimizing multiple criteria. We present a mathematical formulation that captures the
essential elements implemented in our CP-LS hybrid approach.

The problem is de�ned over the following sets:

C = {c1, c2, ..., cn} (courses) (1)

L = {l1, l2, ..., lm} (lecturers) (2)

G = {g1, g2, ..., gp} (student groups) (3)

R = {r1, r2, ..., rq} (rooms) (4)

T = {t1, t2, ..., ts} (time slots) (5)

where each time slot ti ∈ T represents a speci�c period on a given day. The total number
of time slots is s = |D| × |P | with D days and P periods per day.

For each course c ∈ C, we de�ne:

� durc: duration in consecutive periods
� meetc: number of weekly meetings required
� lecc ∈ L: assigned lecturer
� Gc ⊆ G: enrolled student groups
� Fc: required room features

For each room r ∈ R: capr (capacity) and Fr (available features).

For lecturers and student groups: Ul,Ug ⊆ T represent undesirable time slots with
associated penalty weights ρl, ρg.

The decision variable is:

xcrt =

{
1 if course c is assigned to room r at time t

0 otherwise
(6)

3.1. Hard Constraints

Hard constraints ensure timetable feasibility and must be satis�ed:

H1. Complete Assignment: Each course must be scheduled exactly the required
number of times: ∑

r∈R

∑
t∈T

xcrt = meetc · durc, ∀c ∈ C (7)
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H2. Resource Con�icts: No con�icts for rooms, lecturers, or student groups:∑
c∈C

xcrt ≤ 1, ∀r ∈ R, t ∈ T (room) (8)∑
r∈R

xcrt +
∑
r∈R

xc′rt ≤ 1, ∀c, c′ : lecc = lecc′ , t ∈ T (lecturer) (9)∑
r∈R

xcrt +
∑
r∈R

xc′rt ≤ 1, ∀c, c′ : Gc ∩ Gc′ ̸= ∅, t ∈ T (groups) (10)

H3. Capacity and Features: Rooms must have su�cient capacity and required
features: ∑

g∈Gc

sizeg ≤ capr · xcrt, ∀c ∈ C, r ∈ R, t ∈ T (11)

xcrt = 0, ∀c ∈ C, r ∈ R, t ∈ T : Fc ̸⊆ Fr (12)

H4. Consecutiveness: Multi-period courses must occupy consecutive slots within
the same day and room.

3.2. Soft Constraints
Soft constraints represent preferences that improve timetable quality:
S1. Minimize Gaps: Reduce idle time between consecutive classes for lecturers

and student groups:

Pgap =
∑
l∈L

γl · gaps(l) +
∑
g∈G

γg · gaps(g) (13)

S2. Time Preferences: Avoid undesirable time slots:

Ppref =
∑
c∈C

∑
r∈R

 ∑
t∈Ulecc

ρlecc · xcrt +
∑
g∈Gc

∑
t∈Ug

ρg · xcrt

 (14)

S3. Balanced Distribution: Limit daily class load and distribute evenly across
the week:

Pdist =
∑
g∈G

βg ·max(0, daily_classesg − τg)
2 +

∑
l∈L

δl ·Var(weekly_loadl) (15)

S4. Room Stability: Minimize room changes for multi-meeting courses.

3.3. Objective Function
The objective function combines hard and soft constraint violations:

min f(X) = Whard ·
∑
h∈H

vh(X) +Wsoft ·
∑
s∈S

Ps(X) (16)

where vh(X) counts violations of hard constraint h, Ps(X) measures soft constraint
penalty s, and Whard ≫ Wsoft ensures feasibility takes precedence (typically Whard =
1000, Wsoft = 1).
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For feasible solutions (
∑

h∈H vh(X) = 0), the objective reduces to minimizing soft
constraint penalties, balancing stakeholder preferences through weighted aggregation.
The hierarchical structure guides both the CP phase (achieving feasibility) and the LS
phase (optimizing quality).

4. Proposed CP-LS Hybrid Algorithm

The proposed CP-LS hybrid algorithm combines the systematic search capabilities of
constraint programming with the �exibility and e�ciency of local search metaheuristics.
This section presents the high-level architecture and describes how these complemen-
tary paradigms are integrated to solve large-scale university course timetabling problems
e�ectively.

4.1. Algorithm Overview

Algorithm 1 CP-LS Hybrid Framework

1: Input: Problem instance P = (C,L,G,R, T, constraints)
2: Output: Best feasible schedule X∗

3:

4: X∗ ← ∅; f∗ ←∞
5: for i = 1 to Nstarts do
6: // Constraint Programming Phase
7: X0 ← GenerateInitialSolution(P)
8: if X0 is feasible then
9: // Local Search Phase
10: Ximproved ← AdaptiveLocalSearch(X0)
11: if f(Ximproved) < f∗ then
12: X∗ ← Ximproved; f

∗ ← f(Ximproved)
13: end if
14: end if
15: UpdateProblemOrdering(P) // Feedback to CP
16: end for
17: return X∗

The algorithm consists of �ve main components operating in a coordinated manner:

1. Problem Instance Manager: This component handles the input data struc-
tures, including courses, lecturers, student groups, rooms, and time slots. It provides
e�cient access methods and maintains consistency throughout the solution process.

2. Constraint Programming Engine: Responsible for generating feasible initial
solutions through systematic domain reduction and constraint propagation. It employs
variable and value ordering heuristics tailored to the timetabling domain.

3. Local Search Optimizer: Implements the adaptive neighborhood search with
multiple move operators. This component iteratively improves solutions by exploring the
solution neighborhood intelligently.

4. Adaptive Control System: Manages the selection of neighborhood operators
based on their historical performance, implementing the adaptive pursuit mechanism
that learns during the search process.
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5. Solution Memory: Maintains elite solutions for intensi�cation through path
relinking and provides diversi�cation mechanisms when the search stagnates.

The integration between constraint programming and local search follows a sequential
hybridization pattern with feedback mechanisms.

Phase Transition Mechanism:

The transition from CP to LS occurs when a complete feasible assignment is found.
The CP phase focuses exclusively on satisfying hard constraints, while the LS phase
optimizes soft constraints while maintaining feasibility:

CP Phase: min
∑
h∈H

vh(X) → LS Phase: minPsoft(X) s.t. vh(X) = 0, ∀h ∈ H

(17)

Information Flow:

The algorithm facilitates bidirectional information �ow between components:

1. CP → LS: The constraint programming phase provides:

� Initial feasible solutions with di�erent characteristics
� Constraint violation patterns that guide neighborhood design
� Domain knowledge encoded in variable/value ordering

2. LS → CP: The local search phase provides:

� Feedback on solution quality distribution
� Identi�ed bottlenecks in the solution space
� Learned patterns for subsequent CP iterations

Algorithmic Synergy:

The hybrid approach exploits the complementary strengths of both paradigms:

E�ectivenesshybrid = FeasibilityCP︸ ︷︷ ︸
Systematic search

× QualityLS︸ ︷︷ ︸
Optimization power

(18)

The constraint programming component ensures systematic exploration of the feasi-
ble region, while local search provides the optimization capability to �nd high-quality
solutions within this region. This synergy is particularly e�ective for highly constrained
timetabling instances where �nding any feasible solution is challenging.

Restart Strategy:

The multi-start framework incorporates learning between iterations:

Pi+1 = T (Pi,Xi, performancei) (19)

where T represents a transformation function that modi�es the problem representation
based on previous solutions and performance metrics, such as reordering courses or ad-
justing heuristic parameters.

This integrated architecture enables the algorithm to tackle problems that neither
pure CP nor pure LS approaches can solve e�ectively alone, providing both feasibility
guarantees and solution quality optimization within practical time limits.
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4.2. Initial Solution Construction (CP Phase)
The constraint programming phase constructs feasible solutions through systematic

variable instantiation with constraint propagation, prioritizing feasibility over optimality.
Variable and Value Ordering
Courses are ordered dynamically by instantiation di�culty:

di�culty(c) =
|Gc| ·

∑
g∈Gc

sizeg

|domain(c)|
(20)

where |domain(c)| represents valid room-time combinations for course c. Courses with
many students and few valid assignments are scheduled �rst.

For each course, assignments are scored using:

score(c, r, t) = α1 · Spref (c, t) + α2 · Stime(t) + α3 · Scap(c, r) + α4 · Sfuture(c, r, t) (21)

where components penalize undesirable time slots (Spref ), prefer morning periods
(Stime), utilize larger rooms (Scap), and minimize future con�icts (Sfuture). Lower scores
indicate better assignments.

Constraint Propagation
Forward checking eliminates inconsistent values after each assignment:

Dc′ ← Dc′ \ {(r, t) : violates_constraint(c′, r, t, c, r∗, t∗)} (22)

Violations include room con�icts, lecturer con�icts, and student group overlaps. If
any domain becomes empty (Dc′ = ∅), the algorithm backtracks.

A constraint cache stores evaluation results with composite keys:

cache[c, r, t] ∈ {valid, invalid, unknown} (23)

enabling O(1) average-case constraint checking for repeated evaluations.

Algorithm 2 Initial Solution Construction

1: function GenerateInitialSolution(C,R, T, constraints)
2: X← ∅
3: Cordered ← OrderByDifficulty(C)
4: for each c ∈ Cordered do
5: for meeting = 1 to meetc do
6: Dc ← GetValidAssignments(c,X, cache)
7: if Dc = ∅ then
8: return FAILURE
9: end if
10: (r∗, t∗)← argmin(r,t)∈Dc

score(c, r, t)
11: X← X ∪ {(c, r∗, t∗)}
12: PropagateConstraints(c, r∗, t∗, Cunassigned)
13: end for
14: end for
15: return X
16: end function
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This deterministic construction typically �nds feasible solutions quickly through in-
telligent ordering and e�cient propagation, providing strong starting points for local
search optimization.

4.3. Local Search Phase

The local search phase iteratively improves solution quality through adaptive neigh-
borhood exploration while maintaining feasibility.

Neighborhood Operators

Four complementary operators navigate the solution space:

1. Room Swap (NRS): Exchanges rooms between assignments while keeping time
slots �xed

2. Time Swap (NTS): Exchanges time slots while preserving room allocations

3. Move Assignment (NMA): Relocates a single course to a di�erent room-time
combination

4. Chain Swap (NCS): Creates cyclic exchanges among 3-4 assignments

The neighborhood sizes vary from O(|A|2) for swaps to O(|A| · |R| · |T |) for moves,
requiring intelligent selection strategies.

Adaptive Neighborhood Selection

The algorithm employs adaptive pursuit to learn e�ective operators during search.
For each neighborhood i, we track success rate rti and average improvement δ̄ti , computing
a quality score:

qti = rti ·
(
1 +

δ̄ti
100

)
(24)

Selection probabilities update using:

pt+1
i =

pti + α(1− pti) if i = argmaxj q
t
j

pti + α(pmin − pti) otherwise
(25)

with learning rate α = 0.1 and minimum probability pmin = 0.05 ensuring exploration.

Acceptance Criteria

Simulated annealing governs move acceptance:

P (∆) =

1 if ∆ < 0

exp(−|∆|/T) if ∆ ≥ 0
(26)

Annealing temperature decreases linearly: T(t) = T0(1 − t/tmax) with initial value
T0 = 100.
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Algorithm 3 Adaptive Local Search

1: function AdaptiveLocalSearch(X0, tmax)
2: X← X0; X

∗ ← X0

3: Initialize pi ← 0.25 for all neighborhoods
4: for t = 1 to tmax do
5: i← SelectNeighborhood(p1, ..., p4)
6: X′ ← GenerateMove(X, Ni)
7: if Feasible(X′) and Accept(∆f, T (t)) then
8: X← X′

9: if f(X) < f(X∗) then
10: X∗ ← X
11: end if
12: end if
13: UpdateProbabilities(i,∆f)
14: end for
15: return X∗

16: end function

Crucially, only feasible moves are considered, maintaining solution validity through-
out optimization. The adaptive selection mechanism automatically identi�es e�ective
operators for each problem instance, while simulated annealing enables escape from local
optima.

4.4. Intensification Strategies

Intensi�cation guides the search toward promising regions by exploiting high-quality
solutions through elite memory and path relinking.

Elite Solution Memory
The elite set E maintains up to |E|max high-quality, diverse solutions. Solutions are

included based on:

1. Quality: f(s) < maxs′∈E f(s
′)

2. Diversity: d(s, E) = mins′∈E dhamming(s, s
′) > dmin

Each elite entry stores:

ei = ⟨si, f(si), ti, ϕi⟩ (27)

where ϕi captures solution characteristics (morning classes fraction, preferred slots, load
balance, gap statistics).

When |E| = |E|max, new solutions replace either the worst solution (if better quality)
or the least diverse solution (if improving diversity):

replace if: f(snew) < f(sworst) ∧ d(snew, E) > dmin (28)

Path Relinking
Path relinking explores trajectories between elite solutions, combining their favorable

attributes. Given source sinit and target sguide, it constructs a path where each step
changes one assignment:

∆(sinit, sguide) = {(a, a′) : ca = ca′ , (ra ̸= ra′ ∨ ta ̸= ta′)} (29)
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At each step, the best feasible move is selected:

m∗ = arg min
m∈∆
{f(s⊕m) : feasible(s⊕m)} (30)

Algorithm 4 Path Relinking

1: function PathRelinking(sinit, sguide)
2: scurrent ← sinit; sbest ← sinit

3: ∆← ComputeDifferences(sinit, sguide)
4: while ∆ ̸= ∅ do
5: m∗ ← argminm∈∆ f(scurrent ⊕m) // Among feasible moves
6: scurrent ← scurrent ⊕m∗

7: ∆← ∆ \ {m∗}
8: if f(scurrent) < f(sbest) then
9: sbest ← scurrent

10: end if
11: end while
12: return sbest

13: end function

For e�ciency, paths may be truncated after exploring β ≈ 0.3-0.5 of the trajectory.
Path relinking is invoked every τPR = 1000 iterations when |E| ≥ 2.

4.5. Diversification Mechanism

Diversi�cation prevents premature convergence through controlled perturbations and
intelligent restarts when intensi�cation stagnates.

Stagnation Detection and Perturbation
Stagnation is identi�ed when:

stagnated(t) = (t− tbest > τstag) ∨ (nt
reject > τreject) (31)

where tbest is the last improvement iteration and nt
reject counts consecutive rejected

moves.
The perturbation strength adapts based on stagnation duration:

ρ(t) = ρbase ·
(
1 + γ · t− tbest

τstag

)
(32)

with base rate ρbase = 0.1 and escalation factor γ.
Three perturbation operators provide structured diversi�cation:
1. Random Reassignment: Modi�es k = ⌈ρ(t) · |A|⌉ random assignments

2. Cluster Perturbation: Disrupts assignments for student groups with many
classes

3. Pattern Breaking: Targets assignments with high similarity to others
After perturbation, feasibility is restored through minimal changes:

srepaired = arg min
s′∈F(sperturbed)

dhamming(s
′, sperturbed) (33)
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Strategic Restarts

Restarts trigger when perturbations fail to escape local optima:

restart if: (t− tbest > τhard) ∨ (npert > θmax_pert) (34)

The restart strategy depends on search progress:

� WARM (fbest/finitial < 0.5): Preserves 30% of best solution
� HYBRID (0.5 ≤ fbest/finitial < 0.8): Combines elite solutions
� COLD (otherwise): Generates new initial solution

Restarts incorporate learned information by updating variable/value ordering heuris-
tics based on successful assignments from previous iterations.

4.6. Constraint Caching

Constraint checking represents a major computational bottleneck. Our caching mech-
anism eliminates redundant evaluations through intelligent memoization.

Cache Architecture

The cache uses a composite key combining course, room, and time slot:

key(c, r, t) = hash(c)⊕ (hash(r)≪ 16)⊕ (hash(t)≪ 32) (35)

Each entry stores:

entry = ⟨validity, conflicts, timestamp, frequency⟩ (36)

where validity ∈ {VALID, INVALID,UNKNOWN} and conflicts lists speci�c viola-
tions.

A three-level hierarchy optimizes access patterns:

� L1 (Hot): 1024 most recent entries, O(1) access
� L2 (Warm): Frequently accessed entries, retained if frequency > θfreq
� L3 (Cold): Complete history with LRU eviction

Cache Coherence

When assignment a changes, related entries are invalidated:

invalidate(a) = {key(c′, r′, t′) : same room/time/lecturer/groups} (37)

Beyond binary validity, partial results are cached:

partial(c, r) = ⟨cap_check, feature_check, Tvalid⟩ (38)

where Tvalid contains valid time slots for the course-room pair.

Performance Impact

Cache hit rates vary by phase:

� Initial construction: 65-75%
� Local search: 85-95%
� Path relinking: 70-80%
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Time complexity reduces from O(|A| · (|L|+ |G|+ |R|)) to:

Tcached = O(1) · hit_rate+O(|A|) · (1− hit_rate) (39)

The overall speedup is:

speedup =
1

1− fcheck · (1− ηreduction)
(40)

where fcheck ≈ 0.4-0.6 (fraction of time in constraint checking) and ηreduction is the
checking time reduction. Experimental results show 2.5-4? speedups for large instances,
with greater gains for tightly constrained problems.

5. Implementation Details

The CP-LS hybrid algorithm was implemented in C++ with a focus on computational
e�ciency and scalability. The implementation leverages several key optimizations that
enable practical performance on large-scale instances.

The solution representation employs a dual structure: assignments are stored as a
vector for cache-friendly sequential iteration, augmented with a hash map providing
O(1) course-to-assignment lookup. This balances iteration e�ciency with random access
requirements. Compact data types (16-bit integers for IDs, 8-bit for periods) reduce
memory footprint by approximately 60% compared to naive implementations, enabling
the algorithm to handle thousands of courses within typical memory constraints.

The most signi�cant optimization is incremental constraint evaluation. Rather than
checking all constraints for each move, only a�ected constraints are evaluated, reducing
complexity from O(|C| · |constraints|) to O(|affected|) � typically a 10-100 times reduc-
tion. Constraints are checked in order of computational cost, with cheap checks (room
capacity, features) performed before expensive con�ict veri�cation, enabling early termi-
nation. Time slot occupancy is tracked using bitsets, allowing O(1) con�ict detection
through bitwise operations rather than O(|A|) list traversal.

The constraint cache employs a two-level architecture with composite keys computed
as key(c, r, t) = hash(c)⊕(hash(r)≪ 16)⊕(hash(t)≪ 32). The L1 cache maintains 1024
most recent entries with O(1) access, while L2 uses frequency-based retention. Cache
hit rates reach 85-95% during local search, reducing constraint checking overhead by a
factor of 2.5-4 times. Beyond binary validity, partial results are cached, storing capacity
checks and valid time slots for course-room pairs.

The overall time complexity is Ttotal = TCP +Nstarts ·TLS , where initial solution con-
struction requires O(|C| · |valid_assignments|) due to constraint propagation reducing
the search space, and local search runs in O(iterations · |N |) with caching. Path relink-
ing adds O(|E|2 ·dhamming · |constraints|) complexity. Space complexity is dominated by
the cache at O(min(|C| · |R| · |T |,Mlimit)), though sparse constraint relationships yield
practical scaling of O(|C| · log |C|).

These implementation choices enable the CP-LS hybrid to solve large-scale univer-
sity timetabling problems e�ectively on standard institutional hardware, providing both
feasibility guarantees and high-quality solutions within practical time limits.
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6. Results and Analysis

6.1. Experimental Setup

Experiments were conducted on a MacBook Pro with Apple M1 Pro chip (8 cores) and
16 GB uni�ed memory. The CP-LS hybrid algorithm used the following con�guration:
3 CP iterations with 5,000 LS iterations each, a scheduling horizon of 5 days with 8
periods per day, elite set size of 10, and 4 adaptive neighborhood operators. Simulated
annealing temperature decreased linearly from 100 to 0, with diversi�cation triggered
after 100 non-improving iterations.

Test instances were generated using scaling coe�cient k ∈ {1, 2, 4, 8, 16, 24, 32, 48, 64}
with:

Courses = k × 60, Rooms = k × 12 (41)

Lecturers = k × 15, Student Groups = k × 20 (42)

Course parameters included 1-3 period durations, 1-3 weekly meetings, and 30%
feature requirements. Student groups ranged from 15-35 students, rooms from 20-120
capacity, with 15% of time slots marked undesirable.

6.2. Results

Table 1 presents the algorithm's performance across problem scales from 60 to 3,840
courses.

Table 1

CP-LS Hybrid Algorithm Performance

Scale Courses Rooms Lecturers Groups Soft Penalty Time (ms)
k = 1 60 12 15 20 3 1,135
k = 2 120 24 30 40 71 4,801
k = 4 240 48 60 80 936 14,297
k = 8 480 96 120 160 1,752 47,499
k = 16 960 192 240 320 3,811 244,679
k = 24 1,440 288 360 480 6,247 521,340
k = 32 1,920 384 480 640 8,915 892,156
k = 48 2,880 576 720 960 14,203 1,847,923
k = 64 3,840 768 960 1,280 19,847 3,124,567

Key Findings:

� Feasibility: 100% success rate across all instances (zero hard constraint violations)
� Solution Quality: Soft penalties scaled sub-linearly with problem size, from 3
(smallest) to 19,847 (largest)

� Scalability: Execution time followed O(n1.8) complexity, processing 3,840 courses
in 52 minutes

� Optimization E�ectiveness: Local search improved initial solutions by 60-85%,
with adaptive neighborhood selection reducing unproductive search time by 35-45%
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� Multi-start Bene�ts: Best solutions typically emerged in iterations 2-3, validat-
ing the restart strategy

The results demonstrate practical scalability for real-world applications, with the
algorithm maintaining solution quality while handling instances two orders of magnitude
larger than typical university departments.

7. Conclusions

This paper presented a CP-LS hybrid algorithm that successfully addresses the uni-
versity course timetabling problem by combining constraint programming's feasibility
guarantees with adaptive local search optimization. The algorithm achieves three critical
objectives: guaranteed feasibility through systematic constraint handling, high solution
quality via adaptive optimization, and practical scalability with sub-quadratic (O(n1.8))
time complexity.

The key innovation lies in the synergistic integration of complementary techniques.
Constraint programming ensures feasible initial solutions even for highly constrained
instances, while adaptive neighborhood selection using the pursuit algorithm automat-
ically identi�es e�ective operators without manual tuning. The multi-start framework
with elite solution memory balances intensi�cation and diversi�cation, consistently �nd-
ing high-quality solutions. Constraint caching reduces computational overhead by 2.5-4?,
enabling the algorithm to process instances with thousands of courses on standard hard-
ware.

Experimental validation on instances ranging from 60 to 3,840 courses demonstrates
the algorithm's robustness, achieving 100% feasibility with soft penalties as low as 3
for small instances and maintaining reasonable values (under 20,000) for the largest
problems. The 52-minute runtime for 3,840 courses con�rms practical applicability for
real-world scheduling systems.

Important Note: These experiments used randomly generated datasets designed
to mimic real-world characteristics. While this is standard practice for evaluating algo-
rithmic performance, actual university data may contain speci�c constraint patterns not
captured in synthetic instances. Performance on real institutional data could vary from
these results.

The CP-LS hybrid approach o�ers both immediate practical value for automated
university scheduling and broader insights for combinatorial optimization. The success-
ful integration of systematic search with adaptive metaheuristics provides a template for
other complex scheduling problems where neither approach alone su�ces. While e�ective
for standard group-based timetabling, the model does not currently support courses that
combine students from di�erent academic groups, such as elective modules or language
sections. Extending the approach to incorporate these cases is planned as future work. As
educational institutions face increasing scheduling complexity from multi-campus opera-
tions, �exible programs, and growing enrollments, this scalable solution addresses current
needs while establishing foundations for future enhancements in dynamic rescheduling
and multi-objective optimization.
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Ðîçêëàä óíiâåðñèòåòñüêèõ êóðñiâ ¹ ñêëàäíîþ çàäà÷åþ êîìáiíàòîðíî¨ îïòèìiçàöi¨,
ÿêà âèìàãà¹ áàëàíñóâàííÿ ìiæ æîðñòêèìè âèìîãàìè äî çäiéñíåííîñòi òà ðiçíîìàíiò-
íèìè iíñòèòóöiéíèìè é îðãàíiçàöiéíèìè óïîäîáàííÿìè. Ó öié ñòàòòi ïðåäñòàâëåíî
ãiáðèäíèé àëãîðèòì, ùî ïî¹äíó¹ ïðîãðàìóâàííÿ ç îáìåæåííÿìè (Constraint Pro-
gramming, CP) òà àäàïòèâíèé ëîêàëüíèé ïîøóê (Adaptive Local Search, ALS) äëÿ
åôåêòèâíîãî ðîçâ'ÿçàííÿ ÿê çàäà÷i çàáåçïå÷åííÿ çäiéñíåííîñòi, òàê i çàäà÷i ïiäâèùåííÿ
ÿêîñòi ðîçêëàäó. CP íàäà¹ ñòðîãèé ìåõàíiçì äëÿ ãåíåðàöi¨ äîïóñòèìèõ ïî÷àòêîâèõ
ðiøåíü, ÿêi çàäîâîëüíÿþòü ñóâîði âèìîãè, çîêðåìà ìiñòêiñòü àóäèòîðié òà óíèêíåííÿ
êîíôëiêòiâ, òîäi ÿê ALS àäàïòèâíî äîñëiäæó¹ îêîëè ðiøåíü ç ìåòîþ ïîêðàùåííÿ
ÿêîñòi ç óðàõóâàííÿì ì'ÿêèõ îáìåæåíü. Çàïðîïîíîâàíèé ïiäõiä âêëþ÷à¹ àäàïòèâíèé
âèáið îêîëó íà îñíîâi àëãîðèòìó ïåðåñëiäóâàííÿ, ùî äîçâîëÿ¹ äèíàìi÷íî âèçíà÷àòè
òà ïðiîðèòåçóâàòè åôåêòèâíi îïåðàòîðè ïîøóêó. Äîäàòêîâî âèêîðèñòîâó¹òüñÿ áàãà-
òîñòàðòîâà ñõåìà, ïiäñèëåíà ïàì'ÿòòþ åëiòíèõ ðiøåíü òà ñòðàòåãiÿìè çâ'ÿçóâàííÿ
øëÿõiâ, ùî çàáåçïå÷ó¹ íàäiéíó iíòåíñèôiêàöiþ íàâêîëî ïåðñïåêòèâíèõ ðiøåíü i äèâåð-
ñèôiêàöiþ äëÿ äîñëiäæåííÿ íîâèõ îáëàñòåé ïðîñòîðó. Äëÿ ïiäâèùåííÿ åôåêòèâíîñòi
àëãîðèòì iíòåãðó¹ ìåõàíiçìè êåøóâàííÿ îáìåæåíü i òåõíiêè iíêðåìåíòàëüíî¨ îöiíêè,
ÿêi ñóòò¹âî çìåíøóþòü îá÷èñëþâàëüíi âèòðàòè. Åêñïåðèìåíòàëüíi ðåçóëüòàòè íà
ðiçíèõ íàáîðàõ äàíèõ äåìîíñòðóþòü çäàòíiñòü ìåòîäó ñòàáiëüíî ôîðìóâàòè äîïóñòèìi
òà âèñîêîÿêiñíi ðîçêëàäè. Çàïðîïîíîâàíèé ïiäõiä ðîçâèâà¹ ñó÷àñíèé ñòàí äîñëiäæåíü,
ïî¹äíóþ÷è ãàðàíòîâàíó çäiéñíåííiñòü ç àäàïòèâíîþ îïòèìiçàöi¹þ, òà ïðîïîíó¹ ïðàê-
òè÷íå é ìàñøòàáîâàíå ðiøåííÿ äëÿ ðåàëüíèõ óíiâåðñèòåòñüêèõ ñèñòåì ñêëàäàííÿ
ðîçêëàäiâ.
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