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Abstract. University course timetabling is an NP-hard optimization
problem defined by complex combinations of academic, pedagogical, and
resource-related constraints. While recent advances in constraint pro-
gramming and hybrid optimization have improved model expressiveness,
institutions still lack integrated tools that connect optimization, data
collection, recommendation, and student-support capabilities within a
unified platform. This paper presents MounouZinc, a tool for university
timetabling, designed as a modular built on MiniZinc. It integrates a
PostgreSQL backend, a Python automation layer, and a web-based in-
terface for collecting professor availability and timeslot preferences. The
system integrates an AI-driven professor–course matching agent, which
prioritizes professor assignments based on specialization and course de-
scriptions, and a conversational chatbot that supports both new ap-
plicants (FAQ services) and current students (iAdvisor-style course se-
lection and enrollment assistance). Experimental evaluations were con-
ducted on synthetically generated datasets designed to reflect real in-
stitutional scenarios demonstrate that MounouZinc produces feasible,
high-quality timetables that align with diverse academic policies while
providing end-to-end decision-support functionalities rarely found in ex-
isting UCTP systems. MounouZinc advances beyond basic solving to
offer an integrated decision-support platform.
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1 Introduction

The University Course Timetabling Problem (UCTP) is a well-known NP-hard
combinatorial optimization problem involving the assignment of courses to times-
lots, rooms, and professors under various institutional and resource constraints
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[1]. Its complexity, coupled with evolving academic requirements, has driven ex-
tensive research across exact, heuristic, and hybrid approaches [2][3]. Traditional
manual scheduling methods are increasingly inadequate for handling modern
timetabling demands, including fairness, flexibility, and scalability.

Constraint Programming (CP) and mixed-integer programming provide ex-
pressive frameworks for modeling complex UCTP variants [4][5]. Meanwhile, ad-
vancements in educational AI have introduced intelligent recommendation sys-
tems, explainable planning tools, and conversational agents for academic support
[7][8][9]. However, these solutions are typically fragmented and lack integration
into a unified system.

While constraint programming and mathematical optimization provide ex-
pressive modeling capabilities, and recent advances in educational AI enable in-
telligent recommendation and conversational support, existing solutions remain
largely fragmented. In practice, institutions require integrated systems that com-
bine optimization, data acquisition, and decision-support functionalities within
a unified workflow.

To address this gap, we present MounouZinc, an extensible timetabling and
academic decision-support system that tightly integrates constraint-based op-
timization, AI-driven recommendation, and conversational guidance within a
unified architecture. Built on MiniZinc, the system supports flexible constraint
modeling, modular solver configurations, and seamless integration with a Post-
greSQL backend. It features a web-based interface for capturing professor avail-
ability, an AI-driven professor–course matching module leveraging semantic sim-
ilarity between faculty expertise and course descriptions, and a conversational
chatbot for academic advising and FAQ support.

MounouZinc provides a unified framework that bridges optimization tech-
niques with institutional workflows and AI-driven services, serving both as a
research platform and a deployable solution for real-world academic environ-
ments. The proposed framework adopts a modular MiniZinc-based modeling
approach that enables dynamic activation of constraints and solver interchange-
ability, facilitating adaptability to diverse institutional requirements. Further-
more, MounouZinc implements an end-to-end automated workflow encompassing
data acquisition, preference modeling, optimization, validation, and deployment.
Experimental evaluation demonstrates the system’s feasibility and scalability,
along with measurable improvements in solution quality compared to baseline
approaches.

2 Related Work

Research on the University Course Timetabling Problem (UCTP) has a long
history, with surveys and case studies highlighting its combinatorial complexity
and diverse institutional requirements. Early surveys such as [3] synthesize exact,
heuristic, and metaheuristic approaches, while more recent work [2] provides up-
dated taxonomies of models, objectives, and datasets, emphasizing trends such as
robustness, fairness, and hybrid optimization methods. Educational timetabling
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research spans exact, heuristic, and hybrid methods, with recent surveys consol-
idating formulations and benchmarks across curriculum-, course-, and resource-
based variants. In particular, [10] unifies problem definitions and benchmark
suites, reinforcing the importance of standard testbeds for reproducible evalua-
tion.

2.1 Real-World UCTP formulation

Recent works focus on rich, real-world UCTP formulations aligned with practi-
cal requirements. For instance, [4] proposes a multi-objective mixed-integer pro-
gramming model balancing institutional criteria, while [11] addresses accreditation-
constrained timetabling using MIP and heuristics. Robust timetabling under
disruptions is studied in [12], and [5] presents a detailed case study using mod-
ern constraint- and mathematical-programming techniques, emphasizing trans-
parency and maintainability.

2.2 Flexible and automated timetabling systems

There is growing interest in flexible and automated timetabling systems. A sys-
tem in [6] combines mathematical modeling with an implementation-oriented
architecture to support deployment in institutional environments. Similarly, [13]
addresses business-school timetabling with multi-section courses, room stability,
and professor preferences, highlighting the need for unified models integrating
institutional policies and constraints. These align with MounouZinc’s focus on
modular design and system integration.

2.3 AI-driven course recommendation and academic planning

Another research strand focuses on AI-driven course recommendation and aca-
demic planning. Studies show that recommender systems can support course se-
lection using performance, interests, and program requirements [7]. Broader per-
spectives on AI-based recommendation are discussed in [14], while [15] explores
machine- and deep-learning models for academic planning. Recent work [8] em-
phasizes explainable and LLM-based approaches. Unlike these student-focused
systems, MounouZinc extends recommendation to professor–course matching
based on specialization and course characteristics.

2.4 Chatbots and conversational agents in higher education

A third line of research concerns chatbots in higher education. Reviews such as
[9] highlight their growing role in student support and administrative assistance.
Empirical studies [16] report benefits in scalability and accessibility, alongside
challenges in data quality. Work such as [17] shows chatbots are effective for
routine advising tasks, and case studies [18] confirm their utility for FAQs and
student guidance. Unlike standalone chatbot systems, MounouZinc integrates
conversational support directly into timetabling and course management work-
flows.
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2.5 Research gap

Existing literature provides strong but largely fragmented contributions across
timetabling, AI-based recommendation, and academic chatbot systems; how-
ever, no unified platform simultaneously integrates MiniZinc-based timetabling,
AI-driven professor–course matching, structured preference collection, and con-
versational support. MounouZinc addresses this gap by delivering an end-to-end
framework that combines optimization, recommendation, and interactive guid-
ance within a single architecture, unifying paradigms that prior works treat in
isolation—whether optimization-focused [4][5], recommendation-driven [7][8], or
deployment-oriented systems lacking embedded intelligence and conversational
capabilities [6][11]—thereby enabling both automated scheduling and enhanced,
data-driven decision-making.

3 System Overview

This section provides an overview of the system’s design principles, main system
components, and typical workflow, illustrating how the tool supports the entire
life-cycle of university course timetabling shown in Figure 1 from initial setup,
data acquisition and preference collection, modeling, optimization, validation,
timetable dissemination, and the intelligent student-facing iAdvisor module.

Fig. 1. Life Cycle

3.1 Design Principles

The development of MounouZinc was guided by four key goals that reflect the
practical challenges faced by academic institutions:

1. Modularity and Extensibility Institutions differ widely in their orga-
nizational structures and scheduling policies. To accommodate this diver-
sity, MounouZinc separates the data layer, constraint modeling layer, solver
layer, and web interface. This modularity allows administrators to select the
hard constraints to apply, incorporate the institutional rules by adjusting
the weight of soft constraints, or switch solvers without modifying the core
components.

2. Usability for Non-Technical Staff The scheduling is often carried out
by administrative personnel rather than optimization experts. MounouZinc
provides intuitive web interfaces for editing course data, capturing professor
availability, visualizing schedules, and identifying constraints. The system is
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designed so that most tasks require no direct interaction with MiniZinc or
solver code. Everything can be handled through the web application.

3. Data-Driven and Institution-Integrated Operation Real deployments
require synchronization with student information systems, HR data, and
course catalogs. MounouZinc emphasizes structured data import and sup-
ports integration via APIs, CSV uploads, or database connectors.

4. Decision Support Beyond generating feasible schedules, MounouZinc of-
fers an AI-based professor–course matching assistant. This assists planners
in making informed adjustments and improves transparency for stakehold-
ers. In addition, the AI chatbot will help students better select the courses
in which to enroll.

3.2 Main System Components

As shown in Figure 2, MounouZinc is organized into five primary components
that together support a complete end-to-end university timetabling workflow.
These components define the functional structure of the system and establish the
foundation upon which the architectural and implementation details in section
4 are built.

1. Data and Persistence Layer (Postgres-Based) This layer provides au-
thoritative storage for all institutional data required during timetable gener-
ation. A normalized PostgreSQL schema maintains information on courses,
professors, rooms, academic plans, institutional policies, and declared pref-
erences. The schema ensures referential integrity, minimizes redundancy, and
facilitates integration with Student Information Systems (SIS), HR databases,
and curriculum management platforms. This layer serves as the central
repository upon which all modeling and optimization tasks depend.

2. Modeling and Solver Layer (MiniZinc-Based): Institutional data is
translated into MiniZinc models that encode both feasibility rules (hard
constraints) and institutional preferences (soft constraints). The modeling
layer is composed of modular constraint components covering professor avail-
ability, room compatibility, workload rules, accreditation requirements, and
pedagogical structures. MiniZinc’s solver-independent architecture enables
MounouZinc to operate with multiple backends—including Chuffed, CP-
SAT, and LCG-based solvers—allowing experimentation and solver substi-
tution without changes to the underlying model.

3. Web Interface and Interaction Layer (Node.js-Based): The browser-
based interface of the platform, powered by a Node.js and Express backend,
enables administrators and professors to interact with the system intuitively
and efficiently. Administrators can configure constraints, visualize timeta-
bles by room, professor, course, or study program, inspect violations, and
manage scenario metadata. Professors use dedicated tools to declare avail-
ability, submit preferences, and review assigned teaching loads. Designed for
non-technical users, this layer abstracts all modeling and solver complexity
behind interactive workflows.
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4. AI-Assisted Services Layer: MounouZinc incorporates intelligent com-
ponents that extend its capabilities beyond traditional constraint solving
by supporting decision-making, reducing administrative effort, and enhanc-
ing transparency for multiple stakeholders. These AI-driven features include
preference ingestion mechanisms that transform availability and user inputs
into structured model constraints, an NLP-based professor–course matching
assistant that leverages teaching history, specialization data, and course de-
scriptions to produce ranked assignment recommendations, and a Retrieval-
Augmented Generation (RAG)-based conversational assistant that serves
both as a FAQ and admissions tool for prospective students ("Chatbot")
and as an academic advising agent (“iAdvisor”) for current students, offering
guidance on course selection, prerequisites, and enrollment constraints.

5. Automation and Orchestration Layer (Python-Based): A Python
middleware coordinates data handling, model construction, solver invoca-
tion, and result processing. It generates MiniZinc instances from database
records, assembles relevant constraint modules, executes solvers with config-
ured strategies, parses solution outputs, and injects final schedules back into
the database. This layer exposes APIs to the web interface and maintains de-
tailed logs to ensure reproducibility, traceability, and operational reliability
across scheduling cycles.

Fig. 2. High Level System Architecture

3.3 Typical Workflow

MounouZinc supports a structured and repeatable scheduling workflow aligned
with real institutional practices. A typical cycle proceeds as follows:

1. Data Import and Synchronization: Administrators import course lists,
rooms, professor profiles, timeslots, and academic plans from institutional
databases or spreadsheets.
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2. Preference and Availability Collection: Professors specify preferred
teaching days and times. With the help of an AI-based tool, academic coor-
dinators specify course-professor, and timeslot/room preferences.

3. Constraint Configuration: Administrators adjust institutional policies,
enable optional constraint modules, assign penalty weights to soft constraints,
and verify academic plan requirements or accreditation conditions.

4. Model Generation and Solving: The orchestration layer compiles all data
and constraints into MiniZinc models. Solvers are executed under specified
time limits or optimization goals. Final results are stored in the database.

5. Visualization and Diagnostics: Generated timetables along with statisti-
cal charts are visualized through the Web application. Users can access their
own profile and check their schedule.

6. Export and Deployment: Final schedules can be exported as CSV, PDF,
or Excel files, or published to institutional systems.

7. Advising: The chatbot and advising tools automatically update recommen-
dations based on the finalized timetable and student’s academic plan.

This workflow ensures that MounouZinc integrates seamlessly into academic
planning procedures and supports continuous refinement throughout the schedul-
ing period.

4 Architecture and Implementation

While Section 3 introduces the conceptual components of MounouZinc, this sec-
tion describes their technical realization and the interactions between layers.
MounouZinc is implemented using four core technologies—PostgreSQL, MiniZ-
inc, Python, and Node.js—each mapped directly to the architectural layers of
the system (see Figure 3). The architecture is fully modular, allowing institutions
to configure, extend, or replace components as scheduling policies evolve.

Fig. 3. Core Technologies

Figure 2 presents the high-level system architecture, organized into five lay-
ers: (4.1) data and persistence, (4.2) modeling and solver, (4.3) automation and
orchestration, (4.4) web interface and interaction, and (4.5) AI-assisted services.
Layers communicate through structured data schemas and APIs, ensuring sep-
aration of concerns and maintainability.
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4.1 Data and Persistence Layer

The PostgreSQL database forms the foundation of the platform. Its relational
schema includes tables for courses, professors, rooms, timeslots, departments,
availability, workload, and academic plans. Foreign-key constraints enforce in-
stitutional consistency across departments.

4.2 Modeling and Solver Layer

Institutional data is mapped into MiniZinc decision variables, constraint mod-
ules, and optimization objectives. This modular design enables institutions and
departments to activate only the constraint sets relevant to their specific rules,
supporting flexibility and customization without altering the core engine. The
modeling layer consists of:

1. base domains defining timeslots, professors, rooms, and timeslots;
2. hard constraint modules ensuring feasibility, including conflict prevention,

room and professor availability;
3. soft constraint modules encoding preferences with adjustable weights for poli-

cies such as professor preferred teaching times.

4.3 Solver and Optimization Engine

MounouZinc uses MiniZinc as a solver-independent backend, supporting a vari-
ety of CP and hybrid solvers. Administrators can select the solver, adjust its time
limits, and multi-objective weights reflecting institutional policy. Final solution
is written back to the database and made available for review, visualization, and
post-processing through the web interface. At this stage, the administrator can
still perform changes on the generated timetable.

4.4 Automation and Orchestration Layer

The Python middleware automates the full data-to-solver pipeline. This layer
ensures robust operation, reproducibility, and traceability across scheduling cy-
cles, and enables integration with institutional workflows and external services.
Responsibilities include:

1. generating MiniZinc data files from database content,
2. selecting and assembling appropriate constraint modules,
3. executing solvers and capturing logs,
4. parsing solution outputs, and
5. providing API endpoints for the web interface and external systems.
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4.5 User Interface and AI Components

The professor–course matching module relies on transformer-based sentence em-
beddings to encode both course descriptions and faculty profiles into a shared
semantic space. Similarity scores are computed using cosine similarity and used
to rank candidate assignments. These scores are incorporated into the optimiza-
tion model as weighted soft constraints, thereby influencing assignment decisions
while preserving feasibility.

In parallel, the iAdvisor conversational agent leverages a Retrieval-Augmented
Generation (RAG) architecture combining institutional regulations, academic
catalogs, and student records. The system integrates rule-based validation with
LLM-generated responses to ensure consistency with academic policies while
providing flexible natural-language interaction.

5 Features and Usage

MounouZinc provides a comprehensive suite of features that support administra-
tors, professors, and students throughout the scheduling lifecycle. Its modular
design enables institutions to tailor the system according to their operational
requirements while preserving a unified workflow.

5.1 Constraint Definition and Customization

Administrators can define and modify both hard and soft constraints through
structured interfaces. Hard constraints (HC) must be strictly satisfied to ensure
feasibility, while soft constraints (SC) are associated with weighted penalties,
allowing fine-grained control over the overall quality of the generated schedule.
All constraints are automatically translated into MiniZinc modules during model
generation. Constraint activation is controlled through a dedicated database ta-
ble, which specifies which modules should be included in a given MiniZinc model.
This table is populated dynamically based on user input provided through the
web application. The following list presents the different constraints considered:

1. HC: No two sessions can be scheduled in the same room at the same timeslot.
2. HC: Assigned professor must be qualified to teach the course.
3. HC: Assigned professor must be available during the session’s timeslot.
4. HC: Professor must be assigned only one session in the same timeslot.
5. HC: Professors’ total credit load must not exceed their maximum load.
6. SC: Prefer assigning courses to higher-priority timeslots.
7. SC: Prefer assigning courses to higher-priority rooms.
8. SC: Prefer assigning professors with higher suitability (course preference).
9. SC: Prefer assigning professors to their preferred timeslots.

10. SC: (Optional) Minimize total number of rooms used.
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5.2 User Workflows

1. Administrators manage the timetabling system by importing data, main-
taining core entities (professors, rooms, courses, timeslots), defining prefer-
ences and constraints, configuring the MiniZinc solver, running optimization,
reviewing and updating the generated timetable if needed.

2. Coordinators manage departmental data by maintaining professors and
courses, defining professor-course assignments, and verifying professors’ time
preferences.

3. Professors use a dedicated portal to specify their availability and preferred
teaching slots. They can also view their assigned timetable, including courses,
rooms, and teaching load, along with relevant statistics.

4. Students interact with the system through the iAdvisor chatbot to obtain
information about degrees and majors and receive course recommendations
based on prerequisites and their academic plan.

5.3 Visualization, Diagnostics, and Integration

MounouZinc provides an interactive timetable viewer that supports multiple
perspectives, including overall schedule views, professor- and department-based
views, and section-level views, complemented by charts presenting various sta-
tistical insights. All generated views can be exported in CSV format for further
analysis and reporting. In addition, the system supports deployment either on-
premise or within private cloud environments and integrates seamlessly with
institutional SIS APIs, HR systems for managing professor data, and LMS plat-
forms for schedule publication.This combined capability enables institutions to
monitor, analyze, and distribute schedules efficiently while embedding MounouZ-
inc into existing academic workflows with minimal operational overhead. These
embedded features translate into stakeholder gains: administrators benefit from
clearer constraint management, faculty members from a preference-entry portal
and AI-assisted for availability, teaching wishes, expertise and students from an
intelligent advising interface that guides their enrollment decisions and course
selection.

6 Conclusion

This paper introduced MounouZinc, a comprehensive MiniZinc-based framework
for university course timetabling that integrates optimization, data collection,
recommendation, and conversational support into a single cohesive system. Un-
like existing UCTP solutions—which typically focus solely on optimization or
scheduling—MounouZinc extends functionality through its web interface for pro-
fessor availability, AI-based professor–course matching, and a university chatbot
capable of supporting prospective and current students. Experimental evalua-
tion was conducted on synthetically generated datasets reflecting realistic in-
stitutional scenarios, ranging from small instances (3 professors, 5 sessions per
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week) to large-scale ones (44 professors, 243 sessions per week), MounouZinc
consistently produced feasible, high-quality timetables, demonstrating both the
scalability of the framework and the inherent hardness of large UCTP instances.
Beyond raw performance, the evaluation highlighted concrete benefits for stake-
holder groups. Institutions benefit from reproducible workflows, automated data
pipelines, and integrated student-support services. Future work will focus on hy-
brid constraint programming and machine learning approaches and expanded
constraint modules for cross-campus coordination, advanced LLM-based advis-
ing, and multi-objective metrics for workload distribution. MounouZinc aims to
serve as both a practical institutional tool and a research platform that advances
the state of the art in academic scheduling and educational decision-support sys-
tems.
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