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1. Vision
To be a leading Artificial Intelligence department in developing Al technologles that
,contribute to improving the quality of society and achieving technological advancement
while strengthening leadership in scientific research to support innovation and keep pace
with modern developments

2. Program mission
We aim to prepare graduates in the field of Artificial lntettigence who possess the necessary skills

to develop advanced intelligent systems that help address societal challenges and promote

innovation across various industries, with a focus on leadership in scientific research to support
sustainable solutions.

3. Program objectives
The program seeks to achieve the following objectives

o Provide students with a stront scientific foundation in Al concepts and technologies.
e Develop programming skills, data analysis, and intelligent model building.
o Prepare students to design and develop intelligent systems and modern applications.
o Enhance analytical thinking and problem-solving skills.
o Graduate students who are capable of working in both local and global iob markets.

4. Programmatic accreditation

The program does not currently have accreditation as it is a newly established
d epartment ( 20 23- 20 24)

5. External influences
The Artificial lntelligence program is influenced by rapid advancements in AI technologies
and data science, as well as labor market demands in technical fields. lt is also shaped by
.higher education policies, regulations, and academic quality assurance standards
Additionally, collaboration with academic and industrial institutions, along with feedback
from graduates and employers, contributes to the continuous development and updating of
the program to ensure high-quality educational outcomes.

6. Program Structure
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Academic Program Objectives:
The Artificial lntelligence Science program aims to prepare graduates who possess the

to develop intelligent systems and keep pace aa-i\[Jl scientific knowledge and practical skills

with rapid advancements in computing and Al technologies. The program also seeks to
qualify professionals capable of designing, developing, and operating Al applications

efficiently to meet labor market needs and contribute to community service and sustainable

development.
The program focuses on achieving the following objectives:

. Provide students with foundational knowledge in computer science, artificial
intelligence, and machine learning.

. Develop skills in analyzing and designing modern software and computer systems.

. Prepare graduates capable of developing Al applications and improving their
performance.

. Train students in using modern technologies such as cloud computing and data

analysis.
. Qualify students to diagnose programming problems and propose appropriate

solutions.
. Develop the ability to design efficient and cost-effective software systems.
. Enhance students' ability to work within multidisciplinary teams.
. Support scientific collaboration between the department and academic and industrial

institutions locally and internationally.
. Keep up with scientific and technological developments through continuous

curriculum updates.
. Contribute to community service by providing scientific and technical consultations in

At.

A- Cognitive objectives
The program aims to enable students to:

. Ai: Understand fundamental concepts in computer science, Al, and machine leaming.

. A2: Comprehend the mathematical and statistical principles used in developing Al models.
A3: Analyze algorithms and data structures used in building intelligent systems.
A4: Understand data analysis and data mining techniques and their role in decision-making.
A5: Be familiar with deep leaming concepts, neural networks, and their applications.
A6: Understand the design and development of intelligent systems and their applications in

various fields
A7: Recognize ethical and legal principles related to the use of

The program seeks to:
. 81 : Prepare qua capable of developing and

systems.
. 82: De cy, cost-effective software solutions.

fl
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Itations in computing and Al fields.

B- Program qualifi cation obiectives:
I
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Teaching and learning methods

The program adopts a range of modern teaching methods, including:
. Theoretical lectures
. Practicallaboratories. Scientific seminars
. Applied projects
. Specialized training courses
. Exhibitions and scientific conferences in computing and Al

Evaluation methods

Daily exams, Midterm and final exams, daily attendance, laboratory reports, and annual

evaluation.

C- Emotional and value obiectives

The program aims to enhance students'professionalvalues through:
. C1: Developing creativity and innovation in designing computer systems
. C2; Promoting professional and ethical responsibility in the use of Al technologies
. C3: Developing communication and teamwork skills

D- Personal development Planning

lncludes scientific visits to research centers and technical institutions, participation in

technology exhibitions, and specialized training courses in collaboration with companies

and technical organizations.

E- Admission criteria

rGraduates of the sixth preparatory course for biological and applied branches.

. Graduates of technica! institutes.
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MODULE DESCRIPTION FORM
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Module lnformation

L,^,b"tllt6.rtJlcrt gl^
ModuleTitle Advance Machine Learning Module Delivery

Module Type C E Theory
ELecture
B Lab

El Tutorial
EPractical
E Seminar

Module Code HUC. AIDC316

ECTS Credits 6

SWL{hrlsem} 150

Module Level 3 Semester of Delivery 5

Administering Department AIS College College of science

Module Leader Name e-mail E-mail

Professor I l Module Leadeds Qualifi cation Ph.D.

Module Tutor Asaad Sabah H \ e-mail Asaad sabah@hilla-unc.edu.io

Peer Reviewer Name Name e-mail E-mail

Scientifi c Committee Approval
Date

2Ola9/2A25 Version Number 1.0

Relation with other Modules

c;ri-),|+-bJlsls tl 6n 46)Ltl

Prerequisite module HUC- AIDC224 Semester 2

Co-requisites module None Semester
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Module Aims, Learning Outcomes and lndicative Contents
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Module Objectives

4*-bJl SrUl .--il.roi

Throughout this advanced machine learning course, students will delve into a

comprehensive range of topics to elevate their understanding and proficiency in the

field. The objectives include mastering advanced machine learning techniques in

which students will gain expertise in dimensionality reduction, feature extraction,

and in-depth exploration of neural networks, allowing students to comprehend

multilayer perceptrons. With this knowledge, they will be well-equipped to tackle

complex machine learning projects. The syllabus also includes reinforcement learning

principles, policy optimization, and an exploration of diverse machine learning

applications, ensuring that students emerge with a profound understanding of

advanced machine learning and neural networks.

Module learning

Outcomes

6.rtJJ ,cLll c.rb.r*,"

4.-bJt

By the end of the module, students should be able to:

1. Students will demonstrate a deep understanding of Support Vector Machines

and will be capable of utilizing kernel methods to extend SVMs to more

complex data.

2. Students will become skilled in various clustering techniques including K-

Means.

3. Students will understand the importance of feature extraction and reduction

in high-dimensional data and apply these methods effectively.

4. Students will master the foundations of artificial neural networks, including

multilayer perceptrons (M LPs).

5. Students will understand the principles of reinforcement learning and

Markov decision processes to solve complex problems. They will also explore

policy optimization methods and actor-critic approaches.

lndicative Contents

{.rt-:,.,;)l c-'trE*^Jl

Kernel functions and non-linear classification.

Spectral clustering and other advanced clustering algorithms.

Principal Component Analysis (PCA) in-depth.

Activation functions and backpropagation.

Learning and Teaching Strategies

eJ,rltj,J*:Jl o$j$-,|

Strategies

Hands-on Practical Exercises

Case Studies and Real-World Examples

Collaborative Learning

Continuous Assessment and Feedback

t .,"-ll i-:
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Student Workload (SWt)

[s-o+-,| \ 0 J r-.,q-r^ Jth.tl .5*bJl J.Ar.Jl

Structured SWL (hlsem)

J.airt Jyt .-JtLlJ ftrr.Jl 6"glt ;f.*ll
93

Structured SWL(h/w)

t-cJr*i ,-JtlrIJ Flait^Jt .5t,b!l J.a*.ll
6

Unstructured SWL (h/seml

Jra.Altr.11b .-Jl^hlj eb:tuJl jti r.s*bJl J,ar.Jl
32

Unstructured SWt (h/w)

torsn-i +thlJ Ftrri^Jl JAi rf"!:.rjl ct"*Jt
2

TotalSWI (h/sem]

&e.al dY,,-JtLlJ d6jltcwbJlJ, *Jl
r25

Module Evaluation

4.,^,bdl 6.:ta.ll f.+Ai

Time/Number Weight (Marks) Week Due
Relevant Learning

Outcome

Formative

assessment

Quizzes 2 10yo (10) 5 and 10 LO #1, #2 and #10, #11

Assignments 2 70% (7Ol 2 and t2 LO #3, #4 and #6,#7

Projects I Lab. 1. s% (s) Continuous Alt

Report 1 SYo (51 13 LO #5, #8 and #10

Summative

assessment

Midterm Exam 2hr zoyo l2O) 7 LO#L-#7

Final Exam 3hr s0% (so) 15 All

Total assessment 100% (100 Marks)

Delivery PIan (Weekly Syllabus)

d;-,ilJ| .J:_ S+-,)ll ete,^Jt

Material Covered

Week 1 lntroduction to Artificial Neural Networks

Week 2 Multi-layer Perceptrons (MLPs)

Week 3 Support Vector Machine and Kernel Methods

Week 4 Ensemble Learning Approach

Week 5 lntroduction to Unsupervised learning

Week 6 K-Means Clustering
^ \"a"!

Week 7 7 \
Spectral Clustering

F

Week 8 Principle Component Analysis (PCA)

3



Week 9 Advanced feature extraction techniques

Week 10 Advanced time series modeling techniques

Week 11 State space models and hidden Markov models

Week 12 Reinforcement Learning and Policy Optimization

Week 13 Markov decision processes (MDPs)

Week 14 Capstone Project

Week 15 Case Study + (Skilltest)

Delivery Plan (Weekly Lab. Syllabus)

;rlt*^lJ di_ j{-,)l et<,.,^Jt

MaterialCovered

Week 1 Set up the Python environment for neural networks and machine learning.

Week 2 Build and train MLPs for classification and regression tasks

Week 3 Build and train MLPs for classification and regression tasks

Week 4
lmplement SVMs for classification problems.

Experiment with different kernel functions.

Week 5
lmplement SVMs for classification problems.

Experiment with different kernel functions.

Week 6
Explore ensemble methods like bagging and boosting.

Build and evaluate ensemble models.

Week 7
Explore ensemble methods like bagging and boosting.

Build and evaluate ensemble models.

Week 8 Apply clustering algorithms to unlabeled data

Week 9 Apply clustering algorithms to unlabeled data

Week 10
lmplement K-Means clustering on real-world datasets.

Explore spectral clustering for non-linearly separable data

Week 11
lmplement K-Means clustering on real-world datasets.

Explore spectral clustering for non-linearly separable data.

Week 12 lmplement PCA for dimensionality reduction and data visualization.

Week 13 lmplement PCA for dimensionality reduction and data visualization.
_-----_

Week 14
Understand state space models and Hidden Markov

lmplement HMMs for sequential data analysis.

Models (H

" 
c_:i l ,'r'"
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Experiment with policy optimization algorithms.

Solve simple MDP problems and apply RL techniques.

Week 15

Understand state space models and Hidden Markov Models (HMMs).

lmplement HMMs for sequential data analysis.

Experiment with policy optimization algorithms.

Solve simple MDP problems and apply RL techniques.

tearning and Teaching Resources

.,r.gl.ttJlS pJ.-il| 1sLa..
Text Available in the library?

Required Texts Machine Learning Algorithms No

Recommended

Texts
Machine Learning Concepts No

Websites

Grading Scheme
€rt?r-lJl bh*A

Group Grade JJ t6'Jl Marks % Definition

Success Group
(so - 1(x))

A - Excellent jt r"l 90 - L00 Outstanding Performance

B - Very Good l.t+ ++ 80-89 Above average with some errors

C - Good +? 70 -79 Sound work with notable errors

D - Satisfactory Ja-."$. 50-59 Fair but with major shortcomings

E - Sufficient 4."" 50-59 Work meets minimum criteria

FailGroup
(o- 4s)

FX - Fail 4+JtJl+*s).#b (4s-4e) More work required but credit awarded

F - Fail r**! (o+a1 Considerable amount of work

Note: Marks Decimal places above or below 0.5 will be rounded to the higher or lower full mark (for example a mark
of 54.5 will be rounded to 55, whereas a mark ot54.4 will be rounded to 54. The University has a policy NOTto
condone "near-pass fails" so the only adjustment to marks awarded by the original marker(s) will be the automatic
rounding outlined above.
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MODULE DESCRIPTION FORM
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Module Information

+-,b"tll 6.:Ul c-'t"3Jra

ModuleTitle Computer Architecture Module Delivery

Module Type c E theory
E Lecture

EI tab
ETutorial
EPractical

E Seminar

Module Code HUC-AlDC312

ECTS Credits 4

SWt (hrlsem! 100

Module Level 3 Semester of Delivery 5

Administering Department AIS College College of science

Module Leader Dina lhsan Adnan e-mail dina.ehsan@hilla-unc.edu. iq

Module leade/s Acad. Title Asst.Teacher Module Leader's Qualification Msc.

Module Tutor Dina Ihsan Adnan e-mail dina.ehsan@hilla-unc.edu.iq

Peer Reviewer Name Name e-mail E-mail

Scientifi c Committee Approval
Date

21.lOsl2O2s Version Number 1.0

Relation with other Modules

..9Jii,l 4.-,bJt rlS Jl y 4iY,Jt

Prerequisite module HUC-ArDC113 Semester ,1,

Co-requisites module None Semester
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Module Aims, Learning Outcomes and lndicative Contents
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Module Objectives

4.-bJl 6.:tJl r--ilaai

1.To understand the structure, function and characteristics of computer systems.

2. To understand the design of the various functional units and components of
computers.
3. To identifu the elements of modern instructions sets and their impact on processor

design.
4. To explain the function of each element of a memory hierarchy,
5. To identify and compare different methods for computer l/O.

Module Learning

Outcomes

5.:tJJ glrllc,b.r;.,o
4r-bJr

lmportant: Write at least 6 Learning Outcomes, better to be equal to the number of
study weeks.

This course introduces Machine Architecture with coverage of digital logic,

machine level data and instruction representation, ALU design, and

organization of the processor data path and control. Examines performance

analysis, memory system hierarchy, pipelining, and communication.

lndicative Contents

qst l,l)l otr3;-*^Jl

1. lntroduction to Computer Architecture:
o Definition and importance of computer architecture
o Historical overview of computer architecture evolution
o Basic components and functionalities of a computer system

2. lnstruction Set Architecture (lSA):

o Overview of instruction formats and addressing modes

o lnstruction execution cycle and pipeline concepts

o RISC (Reduced lnstruction Set Computer) and CISC (Complex

I nstruction Set Computer) architectures

3. ComputerArithmetic:
. Representation of numbers (integer and floating-point)
o Arithmetic operations and algorithms (addition, subtraction,

multiplication, division)

e Handling of overftow and underflow

4. Processor Design and Organization:

o CPU components (registers, ALU, control unit)
o Datapath and control unit design

o lnstruction fetch and decode, execution, and memory access stages

5. Memory Hierarchy:

o Caches and cache organization (associativity, replacement policies)

o Virtual memory and paging techniques

o Secondary storage (hard disk drives, solid-state drives)

6. lnput/Output (l/O)Systems:

o l/O devices and interfaces

o l/O architectures (programmed l/O, interrupt-driven 1/O, DMA)

o Bus architectures and protocols (PCl, USB, SATA)

7. Parallel Processing and Multiprocessors:

o Flynn's taxonomy of parallel architectures
o Shared memory and distributed memory mu

r Parallelprogramming models and

z



8. Performance Evaluation and Benchmarking:

o Performance metrics (execution time, throughput, latency)
o Performance measurement techniques and tools
o Benchmarking and performance analysis methodologies

9. Computer System lnterconnects:

o Network topologies and protocols (Ethernet, TCP/IP)

. lnterconnection networks (bus, ring, mesh, hypercube)
o High-speed interconnecttechnologies (lnfiniBand, PCle)

10. Emerging Trends and Technologies in Computer Architecture:
o Multi-core and many-core architectures
o Accelerators (e.g., GPUs, FPGAs) and heterogeneous computing
o Energy-efficient and green computing

11. Computer Architecture Case Studies:

o Analysis of real-world computer systems and architectures
o Exploration of the design choices and trade-offs in different

architectures

o Evaluation of performance, power, and scalability in specific case

studies

Learning and Teaching Strategies

_ e{lrlg elrrJl crt*+#!i-,t

Strategies

L. Lectures: lnstructor-led lectures are used to deliver the theoretical concepts

and principles of computer architecture. The lectures provide an overview of
the topics, explain complex concepts, and present real-world examples.

2. Hands-on Lab Exercises: Lab sessions provide students with practical

experience in computer architecture. They invotve working with hardware

components, simulators, and software tools to implement and evaluate

architectural concepts. Students may work individually or in groups to solve

specific problems and gain hands-on experience.

3. Case Studies and Examples: Real-world case studies and examples are used to
illustrate the application of computer architecture concepts. Students analyze

and discuss the design choices, performance characteristics, and trade-offs in

different a rchitectures.

4. lnteractive Discussions: lnteractive discussions encourage student
engagement and participation. Students can ask questions, clarifli doubts, and

engage in discussions on various topics related to computer architecture. This

can be done through in-class discussions, online forums, or group activities.

5. Simulations and Virtual Labs: Computer architecture simulations and virtual
labs provide a virtual environment for students to explore and experiment
with different architectural concepts. They allow students to simulate

hardware components and systems, run experiments, a

of various design decisions.

6. Assignments and Projects: Assignments and

apply their knowledge and skills in practical

3



designing a simple processor, optimizing code for performance, analyzing and

comparing different architectures, or implementing specific architectural

features.

7. Guest Lectures and lndustry Talks: lnviting guest lecturers from industry or
academia who have expertise in computer architecture can provide students

with real-world insights, current trends, and industry practices. lndustry talks

and visits to relevant companies or research centers can also provide exposure

to the practical applications of computer architecture.

8. Assessment Methods: Various assessment methods are used to evaluate

students' understanding and application of computer architecture concepts.

This may include exams, quizzes, lab reports, project presentations, and class

participation.

9. Online Resources and Materials: Supplementary online resources such as

lecture notes, slides, video tutorials, and interactive simulations are made

available to support students' learning. Online discussion platforms or learning

management systems can be used to facilitate communication, share

resources, and provide additional learning materials.

L0. Continuous Feedback and Support: Regular feedback and support mechanisms

are established to assist students in their learning journey. This may include

individual consultations with the instructor, peer feedback, or formative

assessments to identify areas of improvement and provide guidance.

Student Workload (SWt)

tc3+-,| ,t o J,-,'.j..".*,o q lt!r.I, 6"bJl Jh,Jl
Structured SWL (h/seml

J.ailt l1yt ,*ltldJ eh::^Jl €.b.tll ;!.*Jt
63

Structured SWL (h/w)

t cr+-i,-JtLu ela:i^Jl .5*ba!l Ja^Jl
4

Unstructured SWL (h/seml

Lt .ijl Jyt qjthlj eEr^Jl ji gl"b.rJt 
"t^--lt

37
Unstructured SWt (h/w)

torso-l LJthl, ebl"JlJai .5'.,bJl J,a*ll
2.5

TotalSWL (h/sem)

r"taiJtt1Y, ujthlj J(!l ts*lrJl J.r.Jl
100

4

Module Evaluation

;i*,lr.tjl Ssul ^*ni- J l--

Time/Number Weight (Marks) Week Due
Relevant Learning

Outcome

Quizzes 2 10% (10) 5 and 10 LO #1, #2 and #10,#tt
Assignments 2 10%(1ol 2 and 12r.. fr #3, ra aniFr6^qz

Proiects / l"ab. / -- 
o,r, ' /.. -\!N

Formative

assessment

Report 1 10% (10) { ro #5,lsdiid #10 . \
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?:



Summatiye

assessment

Midterm Exam 10%(1Ol 7 LO#L-#7

Final Exam 3hr 60% (60) 16 All

Total assessment 100% (100 Marks)

Delivery Plan (Weekly Syllabus)

d;J.ErJl qf .+*,>,t et€l^Jl

Material Covered

Week 1 lntroduction

Week 2 Data Representation in computer systemsl

Week 3 Data Representation in Computer Systems2

Week 4 An lntroduction to a Simple Computer 1

Week 5 An lntroduction to a Simple Computer 2

Week 5 Assembler

Week 7 Mid-term Exam

Week 8 lnstruction Set Architecture (lSA) 1

Week 9 lnstruction Set Architecture (lSA) 2

Week 10 Memory1

Week 11 Memory2

Week 12 CPU Arithmetic 1

Week 13 CPU Arithmetic 2

Week 14 Review

Week 15 Final Exam

Learning and Teaching Resources

crpJ;Jli PlJl-1.tt a'"
Text Available in the library?

Required Texts Computer Organization and Architecture. Linda Null, Julia
Lobur.

Yes

Recommended

Texts
Computer Organization and Architecture. Linda Null, Julia
Lobur.

No

Websites

,-;.L

--_...:l
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5
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https:l/www.coursera.org/browse/ Computer Architecture,/



Grading Scheme
ol21.tJl Jab:-"

Group Grade ;;'-iJl Marks % Definition

Success Group
(s0 - 1(x))

A - Excellent jt r.l 90 - 100 Outstanding Performa nce

B - VeryGood l-t+ ++ 80-89 Above average with some errors
C - Good &> 70 -79 Sound work with notable errors
D - Satisfactory L uyL" 60-69 Fair but with major shortcomings

E - Sufficient Je& 50-59 Work meets minimum criteria
FailGroup
(0 - 4e)

FX - Fail Jlg rx! (4s-4e) More work required but credit awarded
F - Fail (o-44) Considerable amount of work required

Note: Marks Decimal places above or below 0.5 will be rounded to the higher or lower full mark (for example a mark
of 54.5 will be rounded to 55, whereas a mark of 54.4 will be rounded to 54. The University has a policy NOT to
condone "near-pass fails" so the only adjustment to marks awarded by the original marker(s) will be the automatic
rounding outlined above.
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Module Aims, learning Outcomes and lndicative Contents
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Module Objectives

{.-bJl 5.rl,oJ I,-il.rai

The student must also know as learning objectives or course objectives,
are statements that specify what students are expected to learn or
achieve during a particular module or course. These objectives serve as

a guide for both instructors and students, outlining the intended
outcomes and skitls that will be gained by the end of the module. Here
are some key points about module objectives:
Clarity: Module objectives should be clear and specific. They should
describe what students will know or be able to do after completing the
module in concrete and measurable terms.
Alignment: Objectives should align with the overall goals of the course
or program. They should reflect the broader educational outcomes that
the module contributes to.
Measurability: Objectives should be measurable, meaning that it should
be possible to assess whether students have achieved them. This often
involves using specific criteria, such as assessments, exams, or projects,
to gauge student progress.

Relevance: Objectives should be relevant to the content and activities
of the module. They should reflect the key concepts and skills that are
centralto the subject matter.
Hierarchy: ln a course, objectives may be organized hierarchically. There
may be overarching course objectives and more specific module or unit
objectives that contribute to the larger goals.

Action-Oriented: Objectives often begin with action verbs that describe

what students will do. Common action verbs used in objectives include
"understand," "analyze," "apply," "synthesize," and "evaluate."
Timeframe: Objectives should be achievable within the timeframe of
the module or course. They should be realistic and attainable given the
resources available.
Here's an example of a module objective for a course in artificial
intelligence:
Module Objective: By the end of this module, students will be able to
analyze and implement various metaheuristic algorithms to solve
complex optimization problems in artificial intelligence, demonstrating
an understanding of their underlying principles and the ability to apply
them to practical scenarios.

This module objective outlines the specific skills and knowledge that students
are expected to acquire during the module, including the ability to analyze
algorithms, implement them, and apply them in real-world Al problems.

a

a

a

a

o

a

a

a

o

Module Learning

Outcomes

6.:tJl pl-Jl r:r b..r.:.,"

+-bJl

Here are some key points about module learning outcomes:
1. Alignment: Learning outcomes should align

expected to achieve.

2. Measurability: Learningoutcomes

bjectives,le

or
re

which, in turn, should align with the
program. They provide a more deta

2



they can be assessed or evaluated to determine whether students have

met them. This often involves using specific assessment methods, such

as exams, projects, or assignments.

3. Specificity: Learning outcomes should be specific and focused on
particular skills, knowledge, or abilities they provide clear guidance to
both instructors and students regarding what precisely needs to be

achieved or demonstrated. This alignment between outcomes and

assessments ensures that assessment results accurately reflect student
performance.

4. Demonstrate Proficiency in Programming: Write, debug, and test
computer programs in a selected programming language, applying
sound programming principles and best practices.

5. Analyze and Solve Problems: Analyze complex problems, break them
down into manageable components, and design algorithmic solutions

using appropriate data structures and control structures.

6. Collaborate Effectively: Work collaboratively in pairs or teams to
develop software solutions, communicate ideas, and resolve

programming challenges.

7. Apply Debugging and Testing Techniques: Use debugging and testing
techniques to identify and rectify errors in code, ensuring the reliability
and robustness of software.

8. Understand Software Development Lifecycle: Describe the stages of the
software development lifecycle, from requirements gathering and

design to implementation and maintenance, and appreciate the
importance of software documentation.

lndicative Contents

a1.r t-1,_1) I crtrg-*^J t

lntroduction to Optimization Software Using Solver Tools (e.g., Excel Solver),

What is Optimization? Types of Optimization Problems, Applications of

Optimization, Mathematical Optimization Libraries (e.9., PuLP, Gurobi),

Simulation-Based Optimization, Machine Learning and Data Science

Applications, Real-world Case Studies, Hybrid Metaheuristics.

Learning and Teaching Strategies

rq+t*tts pl,..Ji r:!ai!i-,|

Strategies

Conceptual Understanding:
Problem-Solving Exercises, here there are some general strategies and
approaches that can be applied when tackling optimization problems such as:

1. Problem Formulation: The first step in solving an o
correctly formulate it. This involves defining the
function to be minimized or maximized, and
satisfied. Accurate problem formulation is cruci
for subsequent steps.

roblem is to

3
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I 2. Selecting the Right Algorithm: Choose an appropriate optimization

I algorithm or method based on the problem type. Linear programming (LP),

I integer programming (lP), nonlinear programming (NLP), metaheuristic

I algorithms (e.8., genetic algorithms, simulated annealing), and heuristic

I methods are some options. The choice depends on the problem's

I characteristics, such as linearity, convexity, and the presence of integer or
I discrete variables.

3. lnitialization: Many optimization algorithms require an initial solution.

i Providing a good initial solution can significantly affect the convergence and

I OualitV of the final solution. For some algorithmq random initial solutions are
used, while for others, heuristic methods can provide better starting points.

4. Exploration vs. Exploitation: Striking a balance between exploration
(searching for new and potentially better solutions) and exploitation (improving
upon known solutions) is essential. This balance is crucial in metaheuristic
algorithms and can be controlled through parameters like mutation rates,
crossover rates, and temperature schedules (in simulated annealing).

5. Convergence Criteria: Define stopping criteria or convergence criteria that
determine when to stop the optimization process. These criteria may be based
on a maximum number of iterations, reaching a specific objective value, or a

convergence tolera nce.

6. Constraints Handling: Handle constraints appropriately. ln some cases,

constraint violations can be penalized in the objective function, turning a 
,

constrained problem into an unconstrained one. For others, constraint- 
]

handling techniques like penalty functions or repair operators may be used. 
I

7. Local vs, Global Search: Depending on the problem's complexity, it may be
necessary to consider both local and global search strategies. Local search
methods focus on finding improved solutions in the vicinity of the current
solution, while global search methods explore a broader search space.

8. Parameter Tuning: Many optimization algorithms have parameters that can

be tuned to influence their behavior. Parameter tuning involves adjusting these
parameters to achieve better performance. This can be done manually or
through automated techniques like grid search or evolutionary strategies.

9. Parallel and Distributed Computing: ln some cas€t optimization problems
can benefit from parallel or distributed computing to speed up the search
process. Parallelization allows multiple solutions to be evaluated concurrently.

10. Visualization and Analysis: Visualize and gain insights
into the optimization process. Tools like analysis,

differentand Pareto fronts can help in unde
solutions.

rritvERlLL.
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11. Post-Processing: After obtaining an optimal solution, it's important to
evaluate its practical implications and, if necessary, perform post-processing to
round or refine the solution to make it more feasible or interpretable in real-
world terms.

12. lterative lmprovement: ln many optimization problems, it's beneficial to
iterate between optimization and problem-specific improvement steps. This
approach is often used in real-world applications to fine-tune solutions.

Student Workload (SWL)

bS,*.,l \ o J r-.r. 9."e.,.,-Jt.!r.iJ .5*bJl Jt^;l
Structured SWL (h/seml

J.,a;lt Jyr,*ltl2tl fb:r.Jl .5*b.lJl J^*Jl
78

Structured SWt (h/w)

t r3-i uJUalJ Fhi:&}t O"b.rlt Jl^".tt
5

Unstructured SWt (hlseml

J..ilt 
"116- 

.-JthlJ {oE:t4Jl ji rO"b.tJl rl^".J t
72

Unstructured SWt (hlw)

l,r9; {y JthlJ eE:r^Jl Jai .5*bJl Ji.-Jl
5

Totalswl (h/sem)

, l,aijl JY, Jl^hl, Jfll s*bJt J,.r.Jl
150

Module Evaluation

+-,bJl6sUl,qsa:

TIme/Number Weight (Marks) Week Due
Relevant Learning

outeome

Formative

assessment

Quizzes 2 10% (10) 5 and 10 LO #1, #2 and #10, #1L

Assignments 2 10% (1O) 2 and 72 LO #3, #4 and #6, #7

Projects / Lab. '1. llvo (7Ol Continuous All

Report L 70% (701 r.3 LO #5, #8 and #10

Summative

assessment

Midterm Exam 2hr 10% (10) 7 LO #1. - #7

Final Exam 3hr so% (so) 16 All

Total assessment 100% (100 Marks)

..r'D 4J'ri'' {r.
Delivery Plan (Weekly Sytlabus)

d;. J.Er,l 63",^,)l t et$^J t

Material Covered

I
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Week 1
Traveling Salesman Problem (TSP): Metaheuristics like Genetic Algorithms, Ant Colony
Optimization, and Simulated Annealing are often used to find optimal or near-optimal routes
for a salesman visiting a set of cities once and returning to the starting city.

Week 2
Knapsack Problem: Metaheuristics can be applied to various knapsack problems, where
items have different values and weights, and the goal is to maximize the totalvalue of items
while respecting weight constraints.

Week3
Scheduling Problems: Metaheuristics are used in job shop scheduling, project scheduling, and
other scheduling problems to optimize the allocation of resources and the order of tasks to
minimize makespan, costs, or other objectives.

Week 4

Function Optimization: Metaheuristics can optimize mathematical functions with complex,
multi-modal, or discontinuous landscapes. Examples include optimizing neural network
parameters or tuning hyperparameters of machine learning models.

Week 5

Vehicle Routing Problem (VRP): Metaheuristics are used to optimize the routes and
schedules of a fleet of vehicles for tasks like delivery, pickup, or service calls while minimizing
costs or time.

Week 5
Facility Location Problems: Metaheuristics can help determine the optimal locations for
facilities (e.g., warehouses, factories)to minimize transportation costs or maximize coverage.

Week 7 Mid-term Exam

Week 8
Feature Selection in Machine Learning: Metaheuristics can be used to select a subset of
relevant features from a larger feature set to improve the performance of machine learning
models and reduce dimensionality.

Week 9 Parameter Tuning: Metaheuristics can optimize the hyperparameters of machine learning
algorithms to improve their performance on specific datasets.

Week 10
Network Design: Metaheuristics can optimize the design of communication networks,
transportation networks, and other network structures to minimize costs, maximize
efficiency, or meet specific constraints.

Week 11 Combinatorial Optimization: Many combinatorial problems, such as graph coloring, set
covering and bin packing, can be tackled using metaheuristic algorithms.

Week 12 Game Strategies: ln game theory, metaheuristics can be used to find optimal strategies for
various games and scenarios.

Week 13

Vehicle Routing with Time Windows {VRPTW): An extension of the VRP, VRPTW adds time
windows to customer visits, making it more challenging. Metaheuristics are commonly used
to solve VRPTW instances.

Week 14
lmage Segmentation: Metaheuristics can be used to segment images into meaningful regions
or objects, optimizing criteria like edge continuity and color similarity.

Week 15
Multi-Objective Optimization: ln cases where there are multiple conflicting objectives to
optimize, metaheuristics like Multi-Objective Genetic Algorithms (MOGA) and Multi-
Objective Particle Swarm Optimization TMOPSO)can be applied.

Week 16
Terrain Coverage in Robotics: For robotic exploration or monitori
optimize the paths of robots to maximize terrain sensor

metaheuristics can

limitations.

I
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Learning and Teaching Resources

,-r'g.l"uJts CJt-,;'tLa"
Text Available in the Library?

Required Texts No

Recommended

Texts

Websites

l.httDS://books.google. iqlbooks?hl=ar&lr=&id=Slsa6zi5XV8C&oi=fnd&pg=PR7&dq=talbi+fo

r+meta heu ristic&ots=-bYKvU m ri p&sis=a9 nXzlh D7f-

mz2FSlqTLqo0ziAO&redir esc=v#v=onepase&q=talbi%20for%20metaheuristic&f=false.

2.htt ps://dl.acm.oreldoi/abs/10,5555/329055.

3.https://books.gooele.io/books?hl=en&lr=&id=pTZrlcnvmiUC&oi=fnd&pe=PR2&dq=optim

ization+problems+books&ots=RFYltGsv3S&sis=UvQl4cCO0vBXXAT4SmHaYluXGmg&redir e

sc=v#v=onepa ge&q=optim ization%20pro blems%20boo ks&f=fa lse.

7itur c*f

Grading Scheme
c.rt-.3uJl Ja!,*^

L
oi

t-l

Group Grade ,Jni,l Marks % .s'i];rp*Definhiq!
A - Excellent jLr"f 90 - L00 Outstanding Performance

7

Success Group

Talbi, E. G. (2009). Metaheuristics: from design to

implementation. John Wiley & Sons.

Corne, D., Dorigo, M., Glover, F., Dasgupta, D.,

Moscato, P., Poli, R., & Price, K. V. (Eds.). (1999). New

ideas in optimizotion. McGraw-Hill Ltd., UK.



{so - 1(p} B - Very Good lq+? 80-89 Above average with some errors
C - Good Jp 70 -79 Sound work with notable errors
D - Satisfactory L ,iL! 60-69 Fair but with major shortcomings

E - Sufficient Ji."" 50-59 Work meets minimum criteria

Fail Group
(0 - 4s)

FX - Fail (a+JUt.r+s)l#b {4s-4el More work but credit awarded

F - Fail ?l) (0-44) Considerable amount of work required

Note: Marks Decimal places above or below 0.5 will be rounded to the higher or lower full mark (for example a mark
of 54.5 will be rounded to 55, whereas a mark of 54.4 will be rounded to 54. The University has a policy NOT to
condone "near-pass fails" so the only adjustment to marks awarded by the original marker(s) will be the automatic
rounding outlined above.
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MODULE DESCRIPTION FORM

4f,^,bJl o.ltcJl eiry7 eSgr-l

Module lnformation

4*-,!"tll SsUl crt"3Jr""

Module Title Deep Learning Module Delivery

Module Type C 8Theory

I Lecture

ELab

ETutorial

EI Practical

ESeminar

Module Code HUC.AIDC324

ECTS Credits 7

SWt (hrlsem) 175

Module level 3 Semester of Delivery 6

Administering Department Ars College College of Science

Module Leader Name e-mait E-mail

Module Leade/s Acad. Title Asst. lecturer Module Leade/s Qualifi cation Msc.

Module Tutor Shukur Hamid Shakir e-mail
Shukur hamid@hilla-unc.edu.iq

Peer Reviewer Name Name e-mail E-mail

Scientifi c Committee Approval
Date

2UO9/202s Version Number 1.0

Relation with other Modules

LrJ+),t +-,brtt slf Jl y 4!Y*Jl

Prerequisite module HUC-ArDC316 Semester 5

Co-requisites module None Semester

Uri

q
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Module Aims, Learning Outcomes and lndicative Contents

+rtfu)t otrg=sJls elrtJl CSt j a+-,bJl 6sUl ,-il.roi

Module Objectives

4+-bJl 6.rul .--il.r-ol

The aim of this module is to provide students with a comprehensive understanding of
Deep Learning, a subfield of Artificial lntelligence that focuses on training neural

networks with multiple layers. Students will learn the theoretical foundations of Deep

Learning, explore various architectures, and gain practical experience in implementing

Deep Learning models. The module aims to equip students with the necessary skills to
apply Deep Learning techniques to solve real-world problems.

Module Learning

Outcomes

SstJl pL:Jtc.rb*^
aj-brll

By the end of the module, students should be able to:

1- Understand the fundamental concepts and principles of Deep Learning.

2- Gain knowledge of different Deep Learning architectures and their
applications.

3- Develop skills in implementing and training Deep Learning models.

4- Evaluate and interpret the performance of Deep Learning models.

5- Apply Deep Learning techniques to solve real-world problems.

6- Stay updated with the latest advancements and trends in Deep Learning.

lndicative Contents

qrUU)l r:trg-*all

Overview of neural networks and their limitations.

Historicaldevelopment and milestones in Deep Learning.

Deep Learning applications in various domains.

Neural Network Fundamentals

Perceptrons and activation functions.

Transfer learning techniques and their advantages.

Metrics for evaluating classification and regression models.

Attention mechanisms and Transformer models.

Hands-on exercises using Deep Learning frameworks (e.g., TensorFlow, PyTorch)

Building and training Deep Learning models on real-world datasets.

Fine-tuning and optimizing Deep Learning models.

Learning and Teaching Strategies

e.l*tJli p'Lrll c-rtg+.'iLi,1

Strategies

Hands-on Practical Exercises

Case Studies and Real-World Examples

Colla borative Lea rning

Continuous Assessment and Feedback

rrJ5 +ldJ/ {i!
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Student Workload (SWL)

teJ+-,l \ o J ,, 'j..,sto srl,LlJ 6"bJl J^Jl
Structured SWt (hlsem|

ilr.ilt .1yg ,*Jth.lJ elar^Jt if-b.tJl ,|.*tt
108

Structured SWL(h/w)

t,c$-i ,*.lllalJ ela::.Jl .5*!rJt Jiar.Jl
7

Unstructured SWL (h/seml

&4.ijl Jy- ujthlj etrn^Jl ii rr"b.rjl uh*.lt
67

Unstructured SWt (h/w)

t*on+-i .Jtlr! eS:tJlJAi .5*!rJl J,.or.Jl
4

TotalSWL (h/sem)

J{eiJl dyr.-JtLjJ JfJl .5*bJl JL.*JI
L75

Module Evaluation

i,..,t ruJl 6.ll.cjl,"*i:- r l--

Time/Number Weight (Marks) Week Due
Relevant Learning

Outcome

Formative

assessment

Quizzes 2 107o (10) 5 and 10 LO #1, #2 and #10, #11

Assignments 2 10% (1ol 2 and L2 LO#3,#4and #6,#7

Proiects / Lab. 1. s% (s) Continuous All

Report 1 s%(sl 13 LO #5, #8 and #10

Summative

assessment

Midterm Exam 2hr 20% (20) 7 LO #L-#7

Final Exam 3hr soTo (so) 16 Ail

Total assessment 100% (100 Marks)

Delivery Plan (Weekly Syllabus)

a;rJUJl g:- 3a-,)l et*,.^tt

Material Covered

Week I

1. lntroduction to Deep Learning

a. Definition and Overview

b. Applications of Deep Learning

c. Difference between Machine Learning and Deep Learning
*r5 +-f.tl {r9

Week 2
r 2. Foundations of Neural Networks

r a. Perceptrons ( ))
I
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b. Activation Functions

c. Multi-Layer Perceptrons (MLP)

d. Backpropagation Algorithm

Week 3

3. Optimization Techniques

a. Gradient Descent

b. Stochastic Gradient Descent

c. Mini-Batch Gradient Descent

d. Adaptive Learning Rate Methods (Adam, RMSprop, etc.)

Week4

4. Regularization and Normalization

a. L1& L2 Regularization

b. Dropout

c. Batch Normalization

d. Data Augmentation

Week 5

5. Convolutional Neural Networks (CNNs)

a. Architecture of CNNs

b. Convolution and Pooling

c. lmplementation of CNNs

d. Applications: lmage Classification, Object Detection, etc.

Week 6

6. Recurrent Neural Networks (RNNs)

a. Architecture of RNNs

Week 7

7. Long Short-Term Memory {LSTM}

Gated Recurrent Units (GRU)

Applications: Time Series Prediction, Natural Language Processing, etc.

Week 8 - Midterm Exam

Week 9

9. Advanced Deep Learning Models

a. Transformer Models

b. BERT and GPT

c. Attention Mechanisms

d. Generative Models: Variational Autoencoders (VAEs), Generative Adversarial Networks (GANs)

Week 1O

10. Transfer Learning and Fine-tuning

a. Concepts ofTransfer Learning

b. Pre-trained Models

c. Fine-tuning Strategies

Week 11

11. Practical lmplementation and Frameworks

a. TensorFlow and Keras

b. PyTorch

c. ModelDeployment ,6*-&';\
Week 12

) !2. SpecialTopics

r a. Reinforcement Learning
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b. Self-Supervised Learning

c. MultimodalLearning

Week 13

13. Ethical Considerations and Bias in Al

a. Ethical Concerns in Deep Learning

b. Bias and Fairness

c. Privacy and Security in Al

Week 14

L4. Project Work

a. Define a Problem Statement

b. Collect and Preprocess Data

c. lmplement a Deep Learning Model

d. Evaluate Performance and Make lmprovements

Week 15 15. Successful Case Studies

tab Plan (Weekly Syllabus)

;t^'Jl € "+-,)t et{-i^Jl

MaterialCovered

Week 1
Applications of Deep Learning using Python

Week 2 The implementation of Perceptrons, Activation Functions, Multi-Layer Perceptrons (MLP),

Backpropagation Algorithm

Week 3 Examples of Optimization Techniques: Gradient Descent, Stochastic Gradient Descent, Mini-Batch
Gradient Descent, Adaptive Learning Rate Methods (Adam, RMSprop, etc.)

Week 4

Case studies on Regularization and Normalization

a. L1& L2 Regularization

b. Dropout

c. Batch Normalization

d. Data Augmentation

Week 5 Tutorial on Convolutional Neural Networks (CNNs) with some Applications: lmage Classification,
Object Detection, etc.

Week 5
Tutorialon Recurrent Neural Networks {RNNs}

Applications: Time Series Prediction, Natural Language Processing, etc.

Week 7
Case studies on ML methods

Week 8

Week 9

Tutorialon Advanced Deep Learning Models

a. Transformer Models

b. BERTand GPT

c. Attention Mechanisms

trr
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d. Generative Models: VariationalAutoencoders (VAEs), Generative Adversarial Networks (GANs)

Week 1O

Tutorial on Transfer Learning and Fine-tuning

a. Concepts ofTransfer Learning

b. Pre-trained Models

c. Fine-tuning Strategies

Week 11

Practical lmplementation and Frameworks

a. TensorFlow and Keras

b. PyTorch

c. ModelDeployment

Week 12
Project Work

a. Define a Problem Statement

b. Collect and Preprocess Data

Week 13

Project Work

a. Define a Problem Statement

b. Collect and Preprocess Data

c. lmplement a Deep Learning Model

d. Evaluate Performance and Make lmprovements)

Week 14
Successful Case Studies

Week 15
Successful Case Stud ies

Learning and Teaching Resources

gr^g'1a:JlS pJ.*J t -1-:tra"o

Text Available in the Library?

Required Texts Machine Learning Algorithms No

Recommended

Texts
Machine Learning Concepts No

Websites

Grading Scheme
st?rJl bb*,

Group Grade -.p.ritll Marks % Definition

A - Excellent jt+r"t 90 - 100 o utsta n 4l(gCYffia1@' t-\.
B - Very Good ua Jj? 80-89 auovq'5veyagfp41q6-pp -".Err] \
C - Good JP 70 -79 soun{ w/rt< '.Q\Ii6tF,ftFqe \ \

UNIVE SITY F Hl

Success Group
(s0 - 100)
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D - Satisfactory L .rg.,, 60-69 Fair but with maior shortcomings

E - Sufficient &$" 50-59 Work meets minimum criteria

FailGroup
(0 - 4e)

FX - Fail (a.usJt ^lt+*s) ..-b (4s-4sl More work required but credit awarded

F - Fail La-b (0-44) Considerable amount of work

Note: Marks Decimal places above or below 0.5 will be rounded to the higher or lower full mark (for example a mark
of 54.5 will be rounded to 55, whereas a mark of 54.4 will be rounded to 54. The University has a policy NOTto
condone "near-pass fails" so the only adjustment to marks awarded by the original marker(s) will be the automatic
rounding outlined above.
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