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Your Instructor

Instructor: Dr. Nimisha Roy
* 2nd time teaching this course

* Lecturer in the College of Computing
(SCI/OMSA), Director of OUI

* PhD in Computational Science &
Engineering from Georgia Tech

* Research Interests: Computing
Education, Gen Al and Sustainability
Integrations, Software Development

* Hobbies: singing (jamming), interior
-designing, admiring my plants




Your TAs

We have an army
of ~40 TAs who
help make this
class successful

Check out the
class website to
know about them
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Refer to:

Class Website

For anything (updates, lectures, logistics,
and so on) related to this class

Georgia
Tect21


https://mahdi-roozbahani.github.io/CS46417641-spring2026/
https://mahdi-roozbahani.github.io/CS46417641-spring2026/

Office hours

MNotes:

1) Each student may fill in their name and create a Blualeans Meeting for the office hour

2) The signup policy is first come, first serve, Please, DO NOT override others' sign-ups without their permissions.
3] Because of the time limit, each student will have a maximum time of 10 minutes to work with the TA

4) Please come prepared with specific guestions so we can help you more effectively

The slots were cleared on Mov 15th. Please add your name again if you had filled it for this week. Apologies for the inconvenience.

Time Slots Student Name Question of Interest {Please be more specific about the guestion you want to ask) Blueleans Address Label |
Jayanta's OH

12:00--12:10

12:10-12:20 |
12:20--12:30

12:20-12:40

12:40--12:50

12:50-13:00

Waitlist

Huili's OH
14:30--14:40
14:40--14:50
14:50--15:00
15:00--15:10
15:10--15:20
15:20--15:30
Waitlist

* You have just 10 minutes for each slot.

* Please mindful of other students (you can'’t block multiple office hours, just
one and we have the waitlist!

« Make sure you pinpoint your problem exactly before joining the office hour.

 Office hour is not for general code debugging. You need to be specific about Gr Georgia
your question. Tech



Some important notes:

 All communication must be via Ed (Chat and Threads). No Email
please.

« Please read the website carefully. Website will be the first
thing that we update if there any changes.

« Add HWs dues and Quizzes to your desired calendar.

« Please come to the class (required); it will help a lot ©

« Attendance is mandatory. Attendance will be taken few times in
the semester. This genuinely comes from a place of care.

Gr Georgia
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Some important notes:

ML is NOT a programming class.

Lectures will be Math Heavy and HWs will be mostly programming.
ML is all about Linear Algebra, Probability, Statistics and
Optimization. You need to have both mathematical and programming
skills to be successful in this area.

« Please come to class and follow along.
« Ask questions!

HWs are substantial. Please start as early as possible. Don't
procrastinate.

Gr Georgia
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Course Objectives

® Introduce to you the pipeline of Machine Learning
® Help you understand major machine learning algorithms

® Help you learn to apply tools for real data analysis
problems

® Encourage you to do research in data science and machine
learning

Gr Georgia
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Before we talk about machine learning,
let’s talk about human learning...

9
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Learning involves changing your brain!

7

Dendrites ("legs”) -,

| —
Learn it Link it
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Source: Oakley, Rogowsky & Sejnowski (2021)



Declarative learning system

New concept a
student is learning

Source: Oakley, Rogowsky & Sejnowski (2021)

The concept after a student
has learned it very well

Cr
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Our approach to this course

= Lectures will introduce key theoretical concepts to enable you to
understand different machine learning algorithms, maths behind
them and their application

= Quizzes will assess your understanding of the materials and
motivate you to stay up to speed on topics covered in class

= HWs will help you deepen your understanding of topics covered in
class and the implementation of machine learning algorithms

= Project will give you an opportunity to gain hands-on-experience
in machine learning application to a real-world problem and
expand beyond topics covered in class

= 71 in class assessment on Canvas

Gr Georgia
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Syllabus

Part I: Basic math for computational data analysis

® Probability, statistics, linear algebra

Part ll: Unsupervised learning for data exploration

® Clustering analysis, dimensionality reduction, kernel density estimation

Part lll: Supervised learning for predictive analysis

® Tree-based models, linear classification/regression, neural networks

Gr Georgia
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Prerequisites

Basic knowledge in probability, statistics, and linear algebra
Basic programming skills in Python (Jupyter Notebook)

No background in machine learning is required

m Gr

Georgia
Tech



Assignments

Four assignments (Submitted via GradeScope)
Each can include written analysis or programming

Start Early as soon as they are out

Read late policy on the class website

Please Don’t copy

Because of the large size of our class, if we observe any (even small)
similarity\plagiarisms detected by GradeScope or our TAs, WE WILL
DIRECTLY REPORT ALL CASES TO OSI, which may unfortunately lead

to a very harsh outcome. _
. Gr Georgia
Tech
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Quizzes

® 14% of your grade

® Quiz 0 is 1% of your grade. Covers information about
class website, course structure etc.

® Quiz 1 onwards covers lecture materials covered in class
® Honorlock based, open notes from canvas

® Can take from anywhere when quiz is open.

Cr
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Projects

Work on a real-life Machine Learning problem

= What is the problem? What is your method? How do you evaluate it?

Exactly 5 people in a team (Grad and undergrad can’t be
mixed in a group)

Deploy via GitHub Pages (index.html)
Start your projects early

Ask for comments and feedbacks from the teaching staff

Cr

Georgia
Tech



Text Books

Pattern Recognition and Machine
Learning, by Chris Bishop

Other recommended books:
Learning from data, by Yaser S. Abu-Mostafa

Machine learning, by Tom Mitchell

Deep Learning, by lan Goodfellow, Yoshua Bengio, and Aaron
Courville Geargia
18 GI‘ Tech.



https://www.microsoft.com/en-us/research/people/cmbishop/#!prml-book
https://www.microsoft.com/en-us/research/people/cmbishop/#!prml-book
https://www.microsoft.com/en-us/research/people/cmbishop/#!prml-book
https://www.microsoft.com/en-us/research/people/cmbishop/#!prml-book
https://www.microsoft.com/en-us/research/people/cmbishop/#!prml-book
https://www.microsoft.com/en-us/research/people/cmbishop/#!prml-book
http://amlbook.com/
http://amlbook.com/
http://amlbook.com/
http://www.cs.cmu.edu/~tom/mlbook.html
http://www.deeplearningbook.org/
http://www.deeplearningbook.org/

Questions?

19
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Why Machine Learning?

“We are drowning in information but starved for knowledge.” — John Naisbitt

Global Data Creation is About to Explode

Actual and forecast amount of data created worldwide 2010-2035 (in zettabytes)

2,142
§ 1 zettabyte is equal to
. . : 1 billion terabytes.
| SN 612
33 47
2010 2015 2018 2020 2025 2030 2035
@statistaCharts Source: Statista Digital Economy Compass 2019 StatiSta 5
Georgia

33 zettabytes is equal to the storage capacity of 33 million human brains altogether Tect21.
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The Booming Age of Data

= 30 trillion web pages

= 500 million tweets A

T
th

per day

= 2.7 billion monthly
active users on
Facebook

= 1.8 billion images
uploaded per day

RACONTEWR

= 2.9 billion base pairs
in human genome

Gr Georgia
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Infographic by Raconteur. Click on the figure to access full size pdf


https://www.raconteur.net/infographics/a-day-in-data

Levels of AGI

Performance (rows) x
Generality (columns)

Narrow
clearly scoped task or set of tasks

General

wide range of non-physical tasks,
including metacognitive abilities
like learning new skills

Level 0: No Al

Level 1: Emerging
equal to or somewhat better than
an unskilled human

Narrow Non-Al
calculator software; compiler

Emerging Narrow Al

GOFAI*; simple rule-based sys-
tems, e.g., SHRDLU (Winograd,
1971)

General Non-Al
human-in-the-loop computing,
e.g., Amazon Mechanical Turk

- Emerging AGI

ChatGPT (OpenAl, 2023), Bard
(Anil et al., 2023), Llama 2
(Touvron et al., 2023)

Level 2: Competent
at least 50th percentile of skilled
adults

Level 3: Expert
at least 90th percentile of skilled
adults

Competent Narrow Al
toxicity detectors such as Jig-
saw (Das et al., 2022); Smart
Speakers such as Siri (Apple),
Alexa (Amazon), or Google As-
sistant (Google); VQA systems
such as Pal.l (Chen etal., 2023);
Watson (IBM); SOTA LLMs for a
subset of tasks (e.g., short essay
writing, simple coding)

Expert Narrow Al

spelling & grammar checkers
such as Grammarly (Gram-
marly, 2023); generative im-
age models such as Imagen (Sa-
haria et al., 2022) or Dall-E 2
(Ramesh et al., 2022)

Competent AGI
not yet achieved

" Expert AGI

not yet achieved

Level 4: Virtuoso
at least 99th percentile of skilled
adults

Virtuoso Narrow Al

Deep Blue (Campbell et al.,
2002), AlphaGo (Silver et al.,
2016, 2017)

Virtuoso AGI
not yet achieved

Level 5: Superhuman
outperforms 100% of humans

Superhuman Narrow Al
AlphaFold (Jumper et al., 2021;
Varadi et al., 2021), AlphaZero
(Silver et al., 2018), StockFish
(Stockfish, 2023)

Artificial
(ASI)
not yet achieved

Superintelligence

GI Georgia
https'//3880.org/

abs/2311.02462



Machine learning in practice

Machine learning is the process of turning data into actionable

knowledge for task support and decision making.

Define Model

your Evaluate

oroblem your data

Gr Georgia
Tech.



Unsupervised and Supervised learning
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We can do better than Cat and Dog
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Syllabus: Unsupervised Learning

Clustering Analysis Probability distributions

= K-means = Kernel density estimation
" Gaussian Mixture Models " Parametric density

" Hierarchical clustering estimation

" Density-based clustering = Non-parametric density
" (Clustering evaluation estimation

Dimensionality reduction
" Principal component analysis

Gr Georgia
Tech



Community Detection in Social Networks

(Clustering) =

ol
e

S

7(:

 What are the
inputs and how

to represent
them?

 What are the
desired outputs?

* What learning
algorithms to
choose?

Image credit: Symeon Papadopoulos
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What are the inputs and how to represent
them?

What are the desired outputs?

What learning algorithms to choose?

Image credit: Gene Kogan
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Syllabus: Supervised Learning

Tree-based models
« Decision tree

 Ensemble learning/Random forest

Linear classification/regression models

* Linear regression
 Naive Bayes

* Logistic regression

Neural networks

* Feedforward neural networks and backpropagation analysis

« CNN

Support vector machine

Georgia
29 Gl" Tech.



News Classification K= B [ecode V| &
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« What are the inputs and how to represent them?
* What are the desired outputs?

« What learning algorithms to choose?
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Spam Detection D Qs

Go gle in:spam v “

Gmail - v C More ~
Delete all spam messages now (rfjessages that have been in Spam more than N OT S PAM
Customer Service You still have product(s) in your basket - Healthy Living Lifestyle Pre o
Inbox (994) °
Siarred Sherley Rhoda From Sherley Rhoda ' . .° o .. g "
Sent Mail » BEAL x o - ""-’-{' -7
v Customer Senice Activate your favonte videostreaming senice - Your activation code is re ) .- R a‘o ‘ .‘ "
ot 2 s omlat -
Healthy Living We have added your shopping credits today - Healthy Living & Co | » wﬂ N,
Less ~ , ” :"%.o" o L o
Shiningltd Team 15 inch wifi Android OS tablet pc - SHININGLTD Our Alibaba Shop ( oy 2NN Wty "-J" .
Important & ¢ o ® ‘..‘, 4 o & o &
wikiHow Community Team (2) Congratulations on your article's first Helpful Vote! - Congratulations! A | . : : s o 4 ; ) ‘ o
+ ’,”.- .:.o¥ o’ '..... s
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° ’ = & ,
Good Fella's Qur team assigned you to receive our new phone - Good Fella's Au ¢
Jason Squires Make 2018 your best year yet - Hi there. Hope you're well. and have by S P AM
Bunnings January arrivals - Image Congratulations Jesse Eaton! We have a very

 What are the inputs and how to represent them?
 What are the desired outputs?

* What learning algorithms to choose?

Georgia
Tech.

Image credit: WikiHow 21



Questions?

32
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Projects
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Before you start a machine learning project

= Defining the problem. Is this a machine learning task?
= What kind of machine learning task is it?
= (Clustering, distribution estimation, classification, regression, other?
= Do | have the data and resources to support it?
= What kind of data am | working with?
= Spatial (map, trajectory), visual (images), text (documents, tweets,

customer reviews), behavioral data (smoking habits), time-series data

(stock prices)

= How am | evaluating success?

Gr Georgia
Tech



Machine learning workflow process

Defining the problem: Clearly define what you want to achieve with your model.

= Data collection: Gather and preprocess the data that you will use to train your model.

= Data exploration: Explore the data to gain insights and detect patterns, outliers, and
anomalies.

= Feature engineering: Create features that capture relevant information from the data.

= Model selection: Choose a model that suits your problem, considering factors such as
computational requirements and prediction accuracy.

= Model training: Train the model using the preprocessed data.

= Model evaluation: Evaluate the model's performance on a held-out test dataset.

= Model tuning: Fine-tune the model's hyperparameters to improve its performance.
— >

)

35

Gr Georgia
Tech



What algorithm Machine Learning Algorithms Cheat Sheet

Unsupervised Learning: Clustering Unsupervised Learning: Dimension Reduction

START

should | use* |
- : Dimension ; Topic
- : Prefer g i P y .
(N : t a S Probability ) . & Reduction Modeling
d d Need to erarchical E
comprehensive list

Probabilistic

Data Is = ] FEED  Speed or Predicting = Speed or
xplainable )
Too Large XE Accuracy Mumeric Accuracy

Infographic by SAS Data Science Blog. Click on the figure to access the source.

Microsoft AZU re This cheat sheet helps you choose the best machine learning algorithm for
. . . your predictive analytics solution. Your decision is driven by both the nature
M ach | ne I_ea rn | n g AI go rlth m Cheat S heet of your data and the goal you want to achieve with your data.
Text Analytics Extract information from text Predict between Multiclass Classification
several categories

Derives high-quality information from text
Answers questions like: What info is in this text?

Createsadictionary o g What do you

from a column of free text

Comverts eut data lteger want to do?

Vowpal Wabbit library Predict belwt_een

Performs cleaning operations on text, ST EREIETES
- like removal of stop-words, case

normalization

Converts words to values for use in

NLP tasks, like recommender, named

entity recognition, machine
translation

Answers complex questions with
multiple possible answers

ek General PrOjeCt

Accuracy, long training times

- Accuracy, fast training times

Generate recommendations

Predicts what someone will be interested in

— Two-Class Classification s
. redict Al the question: What will be interested in?
values e g e Answers simple two-choice questions,
— Collaborative filtering, better like yes or no, true or false
Makes forecasts by estimating the 5 5
relationship b:zween ualugs - peritomc oo st by Answers questions like: Is this A or B2

nshi reducing dimensionality
Answers questions like: How much or how many? - Under 100 features.,
linear mode!
Predicts a distribution ;
Discover structure
- - Fast training, linear model

== -  ——TT—
- Accurate, fast training
- Fast training, linear model Separates similar data points into intuitive groups
Answers questions like: How is this organized? - Fast training. linear model

large memory footprint
- e -
Find unusual occurrences Classify Accurate, long training
Accurate, long training times

R imageClasfcation :
large memory footprint Identifies and predicts rare or unusual data points Classifies images with popular networks eo r la
Answers the question: Is this weird? Answers questions like: What does this image represent?
Under 100 features, ER— High accuracy, better
© 2019 Microsoft Corporation. All rights reserved.  Share this poster: aka.ms/micheatsheet r Microsoft

Infographic by Microsoft Azure. Click on the figure to access the source.

Guidance on Class

Non-parametric, fast
training times and scalable



https://docs.microsoft.com/en-us/azure/machine-learning/algorithm-cheat-sheet
https://blogs.sas.com/content/subconsciousmusings/2017/04/12/machine-learning-algorithm-use/
https://mahdi-roozbahani.github.io/CS46417641-fall2025/docs/grading/project-breakdown/
https://mahdi-roozbahani.github.io/CS46417641-fall2025/docs/grading/project-breakdown/
https://mahdi-roozbahani.github.io/CS46417641-fall2025/docs/grading/project-breakdown/

Logistics and teamwork advice

» Define clear means of communication (I strongly recommend you
create a channel for your group on MS Teams)

= Listen to your teammates and be upfront about your availability
= Play to your individual strengths when tackling an activity

= Create an inclusive environment in your team and make sure all
voices are heard

= Resolving conflicts within the team is part of the job
* The people you work with are part of your professional network

= Peer reviews will be used to assess your participation in the
project

Cr
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Important aspects to consider

= Complex tasks demand large datasets in order to achieve
satisfactory generalization. The course webpage has an
extensive list of databases from which you can obtain
datasets to work on your project

* The training phase of techniques involving large datasets
and/or deep learning architectures are computationally
iIntensive and require GPUs to be performed in a reasonable
amount of time.

= Make sure you have the appropriate resources when
dealing with such techniques. Here are some options of free
GPU resources:
= Colab
= Kaggle
= AWS Educate 58

Gr Georgia
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https://colab.research.google.com/notebooks/gpu.ipynb
https://colab.research.google.com/notebooks/gpu.ipynb
https://www.kaggle.com/dansbecker/running-kaggle-kernels-with-a-gpu
https://www.kaggle.com/dansbecker/running-kaggle-kernels-with-a-gpu
https://aws.amazon.com/blogs/aws/aws-educate-credits-training-content-and-collaboration-for-students-educators/
https://aws.amazon.com/blogs/aws/aws-educate-credits-training-content-and-collaboration-for-students-educators/

Example Projects applying these concepts is on our class
website

= Sample Projects

= Sample Project from previous semester [Undergrad Canvas Access for previous ML projects]; [Grad Canvas Access for previous

ML projects]; Stanford Project Examples;

° (zeneral project guidance

= Your project will be graded based on the following criteria:
Was the motivation clear?
= What is the problem?
= Why 1s 1t important and why we should care?

Were the dataset and approach used effectively?

Georgia
> GI' Tech.
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