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1. Explain how ML works: from basic ideas to real-world 
problems

2. Teach you how to build a model from scratch or use an 
open-source model to solve a problem

3. Help you take a few steps forward from educational 
problems to scientific ones 

Course objectives

Syllabus

https://www.overleaf.com/read/whysrycbffkd#b871b9
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Handbook on ML by Yandex, 2022.

https://education.yandex.ru/handbook/ml/article/pervye-shagi
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Books
Handbook on Machine Learning by M. Artemyev et al., Yandex, 
2022 (in Russian)
Understanding Deep Learning by Simon J.D. Prince, 2026
Practical Deep Learning / FastAI book by Jeremy Howard
Deep Learning by Ian Goodfellow and Yoshua Bengio and 
Aaron Courville, 2016.

#someLinks
Read here: https://arxiv.org/, https://scholar.google.ru/
Draw here: https://miro.com/app/dashboard/
Write the code here: https://colab.research.google.com/
Collect the code here: https://github.com/
Find the journal here: https://journalfinder.elsevier.com/
Find the conference here: https://portal.core.edu.au/conf-
ranks/?search=A

Online platforms, courses, resources
Sirius online courses on ML (in Russian)
Stepik online courses (in Russian)
Hugging Face online courses
Coursera is unavailable so far

3Blue1Brown, Animated Math
PyTorch Tutorial by Patrick Loeber, 2020

https://education.yandex.ru/handbook/ml
https://udlbook.github.io/udlbook/
https://github.com/fastai/fastbook/tree/master
https://www.deeplearningbook.org/
https://arxiv.org/
https://scholar.google.ru/
https://miro.com/app/dashboard/
https://colab.research.google.com/
https://github.com/
https://journalfinder.elsevier.com/
https://portal.core.edu.au/conf-ranks/?search=A
https://edu.sirius.online/ai-navigator/
https://stepik.org/catalog
https://huggingface.co/
https://www.youtube.com/playlist?list=PL5FkQ0AF9O_o2Eb5Qn8pwCDg7TniyV1Wb
https://www.youtube.com/@3blue1brown
https://www.youtube.com/playlist?list=PLqnslRFeH2UrcDBWF5mfPGpqQDSta6VK4
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Terms

“When I use a word,” Humpty Dumpty said in rather a scornful tone, 
“it means just what I choose it to mean—neither more nor less.”

Through the looking glass

Искусственный интеллект / 
Artificial Intelligence (AI):
 
о б л а с т ь  и н ф о р м а т и к и , 
з а н и м а ю щ а я с я 
моделированием разумного 
поведения в компьютерах / a 
branch of  computer  sc ience 
dealing with the simulation of 
intelligent behavior in computers 
(Merriam-Webster) 

Машинное обуч е н и е  /  M a c h i n e 
Learning (ML): 

о б л а с т ь  з н а н и й ,  в  к о т о р о й 
компьютеры обучаются без явного 
программирования/ field of study 
that gives computers the ability to 
l e a r n  w i t h o u t  b e i n g  e x p l i c i t l y 
programmed (Arthur Samuel, 1959);

задача «З», в ходе решения которой 
программа обучается из опыта «О» и 
повышает меру качества «К» / well-
posed learning problem: a computer 
p r o g r a m  i s  s a i d  t o  l e a r n  f r o m 
experience E with respect to some 
t a s k  T  a n d  s o m e  p e r f o r m a n c e 
measure P, if its performance on T, as  
m e a s u r e d  b y  P ,  i m p r o v e s  w i t h 
experience E (Tom Mitchell, 1998) Deep Learning

https://bookscafe.net/read/carroll_lewis-through_the_looking_glass-170925.html#p10
https://www.merriam-webster.com/dictionary/artificial%20intelligence
https://www.deeplearningbook.org/
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Intuition

 A l g o r i t h m  
Edge Detection;
Contour Construction;
Center Finding;
Axis of Symmetry Finding;

Logical 
Inference:

This is a 
square 

Deterministic approach to pattern recognition

 A l g o r i t h m  
learn from experience E (from 
dataset of images), improve the 
performance measure P

Trained 
Inference:

This is a 
square (not 

a circle) 

Stochastic ML approach to pattern recognition
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Intuition

Deep Learning Deep Learning

https://www.deeplearningbook.org/
https://www.deeplearningbook.org/
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Approaches to ML
 ML

Supervised learning…Reinforcement learning…Unsupervised learning

�1

�2

�1

�2
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Flowchart for an ML model design (tabular data)
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Data: input(s) is (are) stationary

Perceptron,
decision tree,

1D-CNN,
Transformer

Numeric Visual Textual

Architecture:

Feature(s)

Convolutional 
Neural 

Network (CNN),
Transformer

Image

Transformer

Word

� =  ��  =  
�0
…
��
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…

2 # rooms

x_m 5.5 Distance
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Data: input(s) is (are) non-stationary

Recurrent 
network (RN), 
Transformer

Numeric Visual Textual

Architecture:

Sequence of 
features

CNN + LSTM, 
Transformer

Sequence of 
images

Transformer

Sequence of 
words

“The cat's eyes 
sparkled 
with … ”
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Data: output(s) is (are) stationary

Perceptron,
decision tree,

1D-CNN,
Transformer

Numeric Visual Textual

Architecture:

Number(s)

Convolutional 
Neural 

Network (CNN)
Transformer

Image

Transformer

Word

�

“curiosity”Featur
e

… Price, 
MRub

x_0
…

… 10

x_m …

� =  ���  =  
�01 … �0�
… … …
�0� … ���

 � =  ��  =  
�0
…
��
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Supervised learning intuition
S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

An ML model intuition
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Supervised learning intuition
S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

Regression

Univariate regression problem (one output, real value)
Fully connected network
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Supervised learning intuition
S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

Text classification

Binary classification problem (two discrete classes)
Transformer network
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Supervised learning intuition
S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

Music genre classification

Multiclass classification problem (discrete classes, >2 possible values)
Recurrent neural network (RNN), Transformers
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Supervised learning intuition
S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

Multiclass classification problem (discrete classes, >2 possible classes)
Convolutional networks, Transformers

Image classification
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Supervised learning intuition
S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

Multivariate binary classification problem (many outputs, two discrete classes)
Convolutional encoder-decoder network, Transformers

Image segmentation
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Supervised learning intuition
S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

Multivariate regression problem (many outputs, continuous)
Convolutional encoder-decoder network, Transformers

Depth estimation
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Supervised learning intuition
S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

Multivariate regression problem (many outputs, continuous)
Convolutional encoder-decoder network, Transformers

Pose estimation
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Supervised learning intuition
S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

Image captioning

Visual data analysis and text generation problem
Transformer networks
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Supervised learning intuition
S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

Games

Decision making problem
Feedforward networks, CNNs, transformer networks
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Supervised learning intuition
S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

Etc., etc.

Image generation from text
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Performance Measure intuition
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Model predicts output h given input x

Supervised learning intuition: S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.
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Gradient ascent/descent numerical intuition

A lake

https://www.sdvor.com/articles/new/5/


Performance Measure intuition
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Model predicts output h given input x

Supervised learning intuition: S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.
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Linear Regression
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Model predicts output h given input x

Supervised learning intuition: S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

Consider a model � =  �(�),  �  parameterized with weights � that maps each �-th input 
sample �(�) into the output �(�) which then transforms into the hypothesis ℎ(�) that should 
be close to the label �(�).

� =  
�(1)
…
�(�)

 , � =  
�(1)
…
�(�)

 , � =  �0�1
 . �(�) =

1
2� �=1

�
 ℎ(�) −�(�)  

2

⇒ min.



Linear Regression
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Model predicts output h given input x

Consider a model � =  �(�),  �  parameterized with weights � that maps each �-th input 
sample �(�) into the output �(�) which then transforms into the hypothesis ℎ(�) that should 
be close to the label �(�).

� =  
�(1)
…
�(�)

 →  
1
…
1

�(1)
…
�(�)

 , � =  
�(1)
…
�(�)

 , � =  �0�1
 . �(�) =

1
2� �=1

�
 ℎ(�) −�(�)  

2

⇒ min.

Training algorithm.
1. Initialize the weights �  with a random seed 
2. Calculate the hypothesis matrix � = �� and the loss gradient: ∇� = 1

��
�(�−�) 

3. For the given �� components (annotated with idex ‘prev’, ��
����) calculate the newer ones ������ moving towards the direction, 

which is opposite to the loss gradient vector, with steps which are proportional to the learning rate �: 
����� =����� −�∇� , or in the scalar form  �0next = �0

���� −� ����0
 , �1next = �1

���� −� ����1

4. Repeat pp. 2-3 until the minimum of the loss function �  is reached, based on the condition of small changes in its value over 
several neighboring iterations or based on the condition of reaching the maximum number of iterations : ����� − ����� < �, #iter. 
> max # of iter 
5. Save the trained model (model weights): �.

∇� =  ��
���

 =
1
��

�(�−�).



Linear Regression. Generalization (multiple var., polynomial)
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Model predicts output h given input x

Consider a model � =  �(�),  �  parameterized with weights � that maps each �-th input 
sample �(�) into the output �(�) which then transforms into the hypothesis ℎ(�) that should 
be close to the label �(�).

�(�) =
1
2� �=1

�
 ℎ(�) −�(�)  

2

⇒ min.

Training algorithm.
1. Initialize �
2. Calculate � = �� and ∇� = 1

��
�(�−�) 

3. Update ����� =����� −�∇�
4. Repeat pp. 2-3 ����� − ����� < �, #iter. > max # of iter 
5. Save the trained model (model weights): �.



Linear Regression. Generalization (multiple var., polynomial)

38

Model predicts output h given input x

Consider a model � =  �(�),  �  parameterized with weights � that maps each �-th input 
sample �(�) into the output �(�) which then transforms into the hypothesis ℎ(�) that should 
be close to the label �(�).

Training algorithm.
1. Initialize �
2. Calculate � = �� and ∇� = 1

��
�(�−�) 

3. Update ����� =����� −�∇�
4. Repeat pp. 2-3 ����� − ����� < �, #iter. > max # of iter 
5. Save the trained model (model weights): �.

�(�) =
1
2� �=1

�
 ℎ(�) −�(�)  

2

⇒ min.
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Model predicts output h given input x

Model parameters are determined during the solution of the ML problem. For example, in 
regression problems, the parameters are the components of the matrix of weights �.
Hyperparameters are set by the user, usually not in a single way, and their values affect the 
values of the sought parameters.

1. Feature Scaling
2. Learning Rate
3. Error and  # of iterations
4. Regularization (L2)
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Maximum likelihood

S. J. Prince. Understanding Deep Learning. MIT Press, 
2023.

Consider a model � =  �(�),  �  parameterized with weights � that maps each �-th input sample �(�) into the output �(�) which then 
transforms into the hypothesis ℎ(�) that should be close to the label �(�). We now shift perspective and consider the model as 
computing a conditional probability distribution �(�|�) or �(�|�). The loss encourages each training output to have a high 
probability under the distribution � �(�)|�(�)  .

URL%20http:/udlbook.com
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Maximum likelihood →minimum negative log-likelihood criterion

S. J. Prince. Understanding Deep Learning. MIT Press, 
2023.

Two assumptions shold be met. First, we assume that the data are identically distributed. Second, we assume that the conditional 
distributions� �(�)|�(�)   are independent. In other words, the data are independent and identically distributed (i.i.d.).

URL%20http:/udlbook.com
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Algorithm for constructing loss funtions

S. J. Prince. Understanding Deep Learning. MIT Press, 
2023.

URL%20http:/udlbook.com
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Case 1: Regression (univariate, homoscedastic) and MSE loss

S. J. Prince. Understanding Deep Learning. MIT Press, 
2023.

The key idea is to use the normal 
distribution:

�(�) =�(�|�,�2)

=
1

2��2
푒��  −

1
2�2 (�− �)2  .

URL%20http:/udlbook.com
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Case 2: Regression (multivariate, heteroscedastic) and MSE loss

S. J. Prince. Understanding Deep Learning. MIT Press, 
2023.

The key idea is to use the normal 
distribution:

�(�) =�(�|�,�2)

=
1

2��2
푒��  −

1
2�2 (�− �)2  .

URL%20http:/udlbook.com


An uncertainty-aware loss intuition
Homoscedastic regression vs heteroscedastic regression
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Supervised learning intuition: S. J. Prince. Understanding Deep Learning. MIT Press, 2023. URL http://udlbook.com.

Model predicts output h given input x
Model predicts a conditional probability distribution p(y|x) over outputs h given input x



1. Why it is not recommended to differentiate functions obtained with approximation?

2. How can we estimate that data is enougth to solve a problem with an ML model?  

3. Why small noise in data may be usefull?

4. Is it possible to make an AI model that solves all problems at once?

5. Is it possible to solve a problem using a complex performance measure? E.g. minimize something and 

maximize something else simultaneously?

6. How can the gradient descent method be improved to find global minima instead of local ones?

7. Can the discussed linear regression problems be solved analytically without using the gradient descent 

method?

8. Why is the use of high-degree polynomials generally not recommended when building regression 

models?

Questions
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Thank you for your attention!

a.kornaev@innopolis.ru, @avkornaev 

mailto:a.kornaev@innopolis.ru
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Notes


