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Agenda

All models are wrong, but some are useful.
/George Box/
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I. Exploratory data analysis (EDA)

II. Logistic regressioin and its 
generalization

III. Metrics

IV. Setting of the models

V. Loss functions 
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handling missing values
EDA: descriptive statistics, correlation,
encoding categorical features,
feature normalization,
dimensionality reduction of the features,
space/constructing new features,
splitting the dataset

Flowchart for an ML model design (tabular data)
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Medical insurance payout

෤𝑦 = l𝑛(1 + 𝑦)𝑦

Exploratory data analysis (EDA)
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Medical insurance payout

Encode categorical features
print(data.region.unique())

['southwest', 'southeast', 'northwest', 'northeast'] 

pd.get_dummies(data[['region']], dtype=int)

warning: 𝑥4 = 1 − σ𝑖=1
3 𝑥𝑖

pd.get_dummies(data[['region']], dtype=int, 

drop_first=True)
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Normalize features

2. StandardScaler: ෠𝑋𝑘 =
𝑋𝑘− ҧ𝑥𝑘

𝑆𝑘

𝑋𝑘
෠𝑋𝑘

from sklearn.preprocessing import MinMaxScaler

scaler = MinMaxScaler()

X_num_norm = scaler.fit_transform(data[['age’, 'bmi','children']])

𝑋𝑘
𝑥𝑘𝑚𝑖𝑛 𝑥𝑘𝑚𝑎𝑥

෠𝑋𝑘0 1

1. MinMaxScaler: ෠𝑋𝑘 =
𝑋𝑘−𝑥𝑘𝑚𝑖𝑛

𝑥𝑘𝑚𝑎𝑥−𝑥𝑘𝑚𝑖𝑛



Recap: Linear Regression
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Model predicts output h given input x

Consider a model 𝒇 = 𝑥(𝑖), 𝝓  parameterized with weights 𝝓 that maps each 𝑖-th input 

sample 𝑥(𝑖) into the output 𝑧(𝑖) which then transforms into the hypothesis ℎ(𝑖) that should 
be close to the label 𝑦(𝑖).

𝒙 =
𝑥 1

…
𝑥 𝑚

→
1
…
1

𝑥 1

…
𝑥 𝑚

, 𝒚 =
𝑦 1

…
𝑦 𝑚

, 𝝓 =
𝜙0

𝜙1
. 𝐿 𝝓 =

1

2𝑚
෍

𝑖=1

𝑚

ℎ 𝑖 − 𝑦 𝑖

2

⇒ min.

Training algorithm.
1. Initialize the weights 𝝓 with a random seed 

2. Calculate the hypothesis matrix 𝒉 = 𝒙𝝓 and the loss gradient: ∇𝐿 =
1

𝑚
𝒙𝑇 𝒉 − 𝒚  

3. For the given 𝜙𝑗 components (annotated with idex ‘prev’, 𝜙𝑗
𝑝𝑟𝑒𝑣

) calculate the newer ones 𝜙𝑗
𝑛𝑒𝑥𝑡 moving towards the direction,

which is opposite to the loss gradient vector, with steps which are proportional to the learning rate 𝛼: 

𝝓𝑛𝑒𝑥𝑡 = 𝝓
𝑝𝑟𝑒𝑣

− 𝛼∇𝐿, or in the scalar form 𝜙0
next = 𝜙0

𝑝𝑟𝑒𝑣
− 𝛼

𝜕𝐿

𝜕𝜙0
 , 𝜙1

next = 𝜙1
𝑝𝑟𝑒𝑣

− 𝛼
𝜕𝐿

𝜕𝜙1

4. Repeat pp. 2-3 until the minimum of the loss function 𝐿 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 : 𝐿𝑛𝑒𝑥𝑡 − 𝐿𝑝𝑟𝑒𝑣 < 𝛿, #iter. > 
max # of iter 
5. Save the trained model (model weights): 𝝓.

∇𝐿 =
𝜕𝐿

𝜕𝜙𝑗
=

1

𝑚
𝒙𝑇 𝒉 − 𝒚 .



Agenda

All models are wrong, but some are useful.
/George Box/
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I. Exploratory data analysis (EDA)

II. Logistic regression and its 
generalization

III. Metrics

IV. Setting of the models

V. Loss functions 



Logistic Regression
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Model predicts output h given input x

Consider a model 𝒇 = 𝑥(𝑖), 𝝓  parameterized with weights 𝝓 that maps each 𝑖-th input 

sample 𝑥(𝑖) into the output 𝑧(𝑖) which then transforms into the hypothesis ℎ(𝑖) that should 
be close to the label 𝑦(𝑖).

𝐿 𝝓 = −
1

𝑚
෍

𝑖=1

𝑚

𝑦 𝑖 ln( ℎ 𝑖 ) + (1 − 𝑦 𝑖 )(ln( 1 − ℎ 𝑖 ) ⇒ min.

1

у

x

y ∈ 0; 1 , 𝒙 ∈ 𝑅

0.5

1

0

𝒙 → 𝒛: 𝑧 = 𝜙0 + 𝜙1𝑥.

0

𝒚 → 𝒉: ℎ(𝑧) =
1

1 + 𝑒−𝑧(𝑥).

𝒙 =
𝑥 1

…
𝑥 𝑚

; 𝒚 =
𝑦 1

…
𝑦 𝑚

; → 𝒙 =
1
…
1

𝑥 1

…
𝑥 𝑚

; 𝝓 =
𝜙0

𝜙1
; 𝒛 = 𝒙𝝓;  →  ℎ 𝑧 =

1

1+𝑒−𝑧 𝑥 , or 𝒉 = 𝜎(𝒛).

z



Logistic Regression
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Model predicts output h given input x

Consider a model 𝒇 = 𝑥(𝑖), 𝝓  parameterized with weights 𝝓 that maps each 𝑖-th input 

sample 𝑥(𝑖) into the output 𝑧(𝑖) which then transforms into the hypothesis ℎ(𝑖) that should 
be close to the label 𝑦(𝑖).

𝐿 𝝓 = −
1

𝑚
෍

𝑖=1

𝑚

𝑦 𝑖 ln( ℎ 𝑖 ) + (1 − 𝑦 𝑖 )(ln( 1 − ℎ 𝑖 ) ⇒ min.

1

у

x

y ∈ 0; 1 , 𝒙 ∈ 𝑅

0.5

1

0

𝒙 → 𝒛: 𝑧 = 𝜙0 + 𝜙1𝑥.

0

𝒚 → 𝒉: ℎ(𝑧) =
1

1 + 𝑒−𝑧(𝑥).

Training algorithm.
1. Initialize 𝝓

2. Calculate 𝒛 = 𝒙𝝓, 𝒉 = 𝜎(𝒛), then ∇𝐿 =
1

𝑚
𝒙𝑇 𝒉 − 𝒚  

3. Update 𝝓𝑛𝑒𝑥𝑡 = 𝝓
𝑝𝑟𝑒𝑣

− 𝛼∇𝐿

4. Repeat pp. 2-3 𝐿𝑛𝑒𝑥𝑡 − 𝐿𝑝𝑟𝑒𝑣 < 𝛿, #iter. > max # of
iter 
5. Save the trained model (model weights): 𝝓.

z



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

Consider a model 𝒇 = 𝑥(𝑖), 𝝓  parameterized with weights 𝝓 that maps each 𝑖-th input 

sample 𝑥(𝑖) into the output 𝑧(𝑖) which then transforms into the hypothesis ℎ(𝑖) that should 
be close to the label 𝑦(𝑖).

𝐿 𝝓 = −
1

𝑚
෍

𝑖=1

𝑚

𝑦 𝑖 ln( ℎ 𝑖 ) + (1 − 𝑦 𝑖 )(ln( 1 − ℎ 𝑖 ) ⇒ min.

𝒙 =
𝑥1

1

…

𝑥1
𝑚

𝑥2
1

…

𝑥2
𝑚

; 𝒚 =
𝑦 1

…
𝑦 𝑚

; → 𝒙 =
1
…
1

𝑥1
1

…

𝑥1
𝑚

𝑥2
1

…

𝑥2
𝑚

; 𝝓 =

𝜙0

𝜙1

𝜙2

; 𝒛 = 𝒙𝝓;  →  ℎ(𝑧) =
1

1+𝑒−𝑧(𝑥) , or 𝒉 = 𝜎(𝒛).

𝑥2

𝑥1

Training algorithm.
1. Initialize 𝝓

2. Calculate 𝒛 = 𝒙𝝓, 𝒉 = 𝜎(𝒛), then ∇𝐿 =
1

𝑚
𝒙𝑇 𝒉 − 𝒚  

3. Update 𝝓𝑛𝑒𝑥𝑡 = 𝝓
𝑝𝑟𝑒𝑣

− 𝛼∇𝐿

4. Repeat pp. 2-3 𝐿𝑛𝑒𝑥𝑡 − 𝐿𝑝𝑟𝑒𝑣 < 𝛿, #iter. > max # of
iter 
5. Save the trained model (model weights): 𝝓.



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

Consider a model 𝒇 = 𝑥(𝑖), 𝝓  parameterized with weights 𝝓 that maps each 𝑖-th input 

sample 𝑥(𝑖) into the output 𝑧(𝑖) which then transforms into the hypothesis ℎ(𝑖) that should 
be close to the label 𝑦(𝑖).

𝐿 𝝓 = −
1

𝑚
෍

𝑖=1

𝑚

𝑦 𝑖 ln( ℎ 𝑖 ) + (1 − 𝑦 𝑖 )(ln( 1 − ℎ 𝑖 ) ⇒ min.

Gray scale picture of "Nine"

𝒙 =
𝑥1

1

…

𝑥1
𝑚

𝑥2
1

…

𝑥2
𝑚

…

𝑥𝑛
1

…

𝑥𝑛
𝑚

; 𝒚 =
𝑦 1

…
𝑦 𝑚

; → 𝒙 =
1
…
1

𝑥1
1

…

𝑥1
𝑚

𝑥2
1

…

𝑥2
𝑚

…

𝑥𝑛
1

…

𝑥𝑛
𝑚

; 𝝓 =
𝜙0…
𝜙𝑛

; 𝒛 = 𝒙𝝓; 𝒉 = 𝜎(𝒛).

Training algorithm.
1. Initialize 𝝓

2. Calculate 𝒛 = 𝒙𝝓, 𝒉 = 𝜎(𝒛), then ∇𝐿 =
1

𝑚
𝒙𝑇 𝒉 − 𝒚  

3. Update 𝝓𝑛𝑒𝑥𝑡 = 𝝓
𝑝𝑟𝑒𝑣

− 𝛼∇𝐿

4. Repeat pp. 2-3 𝐿𝑛𝑒𝑥𝑡 − 𝐿𝑝𝑟𝑒𝑣 < 𝛿, #iter. > max # of
iter 
5. Save the trained model (model weights): 𝝓.

https://www.youtube.com/watch?v=aircAruvnKk&list=PLZHQObOWTQDNU6R1_67000Dx_ZCJB-3pi


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

Consider a model 𝒇 = 𝑥(𝑖), 𝝓  parameterized with weights 𝝓 that maps each 𝑖-th input 

sample 𝑥(𝑖) into the output 𝑧(𝑖) which then transforms into the hypothesis ℎ(𝑖) that should 
be close to the label 𝑦(𝑖).

𝐿 𝝓 = −
1

𝑚
෍

𝑖=1

𝑚

𝑦 𝑖 ln( ℎ 𝑖 ) + (1 − 𝑦 𝑖 )(ln( 1 − ℎ 𝑖 ) ⇒ min.

𝒙 =
𝑥1

1

…

𝑥1
𝑚

𝑥2
1

…

𝑥2
𝑚

; 𝒚 =
𝑦 1

…
𝑦 𝑚

; →  

Training algorithm.
1. Initialize 𝝓

2. Calculate 𝒛 = 𝒙𝝓, 𝒉 = 𝜎(𝒛), then ∇𝐿 =
1

𝑚
𝒙𝑇 𝒉 − 𝒚  

3. Update 𝝓𝑛𝑒𝑥𝑡 = 𝝓
𝑝𝑟𝑒𝑣

− 𝛼∇𝐿

4. Repeat pp. 2-3 𝐿𝑛𝑒𝑥𝑡 − 𝐿𝑝𝑟𝑒𝑣 < 𝛿, 
#iter. > max # of iter 
5. Save the trained model (model weights): 𝝓.



Logistic Regression. Generalization (multiple classes)
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Model predicts output h given input x

Consider a model 𝒇 = 𝑥(𝑖), 𝝓  parameterized with weights 𝝓 that maps each 𝑖-th input 

sample 𝑥(𝑖) into the output 𝑧(𝑖) which then transforms into the hypothesis ℎ(𝑖) that should 
be close to the label 𝑦(𝑖).

𝐿 𝝓 = −
1

𝑚
෍

𝑖=1

𝑚

𝑦 𝑖 ln( ℎ 𝑖 ) + (1 − 𝑦 𝑖 )(ln( 1 − ℎ 𝑖 ) ⇒ min.

𝒙 =
𝑥1

1

…

𝑥1
𝑚

𝑥2
1

…

𝑥2
𝑚

; 𝒚 =
𝑦 1

…
𝑦 𝑚

; →  

Training algorithm.
1. Initialize 𝝓
2. Calculate 𝒛 = 𝒙𝝓, 𝒉 = 𝜎(𝒛), then ∇𝐿

3. Update 𝝓𝑛𝑒𝑥𝑡 = 𝝓
𝑝𝑟𝑒𝑣

− 𝛼∇𝐿

4. Repeat pp. 2-3 𝐿𝑛𝑒𝑥𝑡 − 𝐿𝑝𝑟𝑒𝑣 < 𝛿, 
#iter. > max # of iter 
5. Save the trained model (model weights): 𝝓.



Agenda

All models are wrong, but some are useful.
/George Box/
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I. Exploratory data analysis (EDA)

II. Logistic regression and its 
generalization

III. Metrics

IV. Setting of the models

V. Loss functions 



Metrics can be used both in learning (metric learning) and in estimating a model’s quality

16

Metrics from the Yandex Handbook

ML-2024. Quality metrics. Tips & tricks

Model predicts output h given input x

Classification metrics from the Yandex Handbook

https://education.yandex.ru/handbook/ml/article/metriki-klassifikacii-i-regressii
https://education.yandex.ru/handbook/ml/article/metriki-klassifikacii-i-regressii


Metrics that estimate model’s quality. Binary classification
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ML-2024. Quality metrics. Tips & tricks

Confusion matrix

1. Accuracy: 𝑎𝑐𝑐(𝒉, 𝒚) =
1

𝑚
σ𝑖=1

𝑚 ℎ 𝑖 == 𝑦 𝑖 , or (and) error rate: 𝑒𝑟𝑟𝑜𝑟 𝑟𝑎𝑡𝑒 = 1 − acc 𝒉, 𝒚

𝑎𝑐𝑐(𝒉, 𝒚) =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
.

Model predicts output h given input x

Predicted True

1 0

0 0

1 1

0 0

1 0

0 0

0 0

1 1

0 0

0 0

Predicted True

0 1

0 0

0 0

0 0

0 1

0 0

0 0

0 0

0 0

0 0

𝑎𝑐𝑐 = 𝑎𝑐𝑐 =

https://education.yandex.ru/handbook/ml/article/metriki-klassifikacii-i-regressii


Metrics that estimate model’s quality. Binary classification
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ML-2024. Quality metrics. Tips & tricks

Precision, recall, F1-score intuition

2. 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
, 𝑅𝑒𝑐𝑎𝑙𝑙 =

𝑇𝑃

𝑇𝑃+𝐹𝑁
, 𝐹1 =

𝑅𝑒𝑐𝑎𝑙𝑙∙𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙+𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
.

Model predicts output h given input x

Predicted True

1 0

0 0

1 1

0 0

1 0

0 0

0 0

1 1

0 0

0 0

Predicted True

0 1

0 0

0 0

0 0

0 1

0 0

0 0

0 0

0 0

0 0

𝑝𝑟 = 𝑟𝑒 = 𝐹1 = 𝑝𝑟 = 𝑟𝑒 = 𝐹1 =

https://education.yandex.ru/handbook/ml/article/metriki-klassifikacii-i-regressii
https://education.yandex.ru/handbook/ml/article/metriki-klassifikacii-i-regressii
https://education.yandex.ru/handbook/ml/article/metriki-klassifikacii-i-regressii


Metrics that estimate model’s quality. Binary classification
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ROC curve intuition

1. True positive rate 𝑇𝑃𝑅 = 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
, false positive rate 𝐹𝑃𝑅 =

𝐹𝑃

𝐹𝑃+𝑇𝑁
, Receiver operating 

characteristic (ROC), area under curve 𝐴𝑈𝐶.

Model predicts output h given input x

Overall, the optimization of 
precision and recall proceeds as 
follows:
- train the model on a loss 
function;
- obtain metric graphs depending 
on the threshold using real 
predictions on the validation set, 
by iterating over different 
thresholds from 0 to 1;
- select the desired combination of 
precision and recall.

https://en.wikipedia.org/wiki/Receiver_operating_characteristic


Agenda

All models are wrong, but some are useful.
/George Box/
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I. Exploratory data analysis (EDA)

II. Logistic regression and its 
generalization

III. Metrics

IV. Setting of the models

V. Loss functions 



Overfitting intuition and data splitting

21

Model predicts output h given input x

Model parameters are determined during the solution of the ML problem, e.g. model
weights. Hyperparameters are set by the user, usually not in a single way, and their values
affect the values of the sought parameters.

𝐿 =
1

2𝑚
෍

𝑖=1

𝑚

ℎ 𝑖 − 𝑦 𝑖 2
⇒ min.

𝑑 = 1 𝑑 = 2 𝑑 = 14

ℎ = 𝜃𝑗𝑥𝑗 , (𝑗 = 0, . . 𝑑) validation testTraining {(𝑥𝑖 , 𝑦𝑖)}



Overfitting intuition and regularization (L2)

22

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 𝝓.
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) 𝐿 =

1

2𝑚
෍

𝑖=1

𝑚

ℎ 𝑖 − 𝑦 𝑖 2
+ 𝜆 ෍

𝑗=1

𝑛

𝜙𝑗
2 ⇒ min.

𝑑 = 1 𝑑 = 2 𝑑 = 14

ℎ 𝑥 = 𝜃𝑗𝑥𝑗 , (𝑗 = 0, . . 𝑑)

validation testTraining {(𝑥𝑖 , 𝑦𝑖)}

ML-2024. Quality metrics. Tips & tricks



Agenda

All models are wrong, but some are useful.
/George Box/
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I. Exploratory data analysis (EDA)

II. Logistic regression and its 
generalization

III. Metrics

IV. Setting of the models

V. Loss functions 
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Recap: Maximum likelihood

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

Consider a model 𝒇 = 𝑥(𝑖), 𝝓  parameterized with weights 𝝓 that maps each 𝑖-th input sample 𝑥(𝑖) into the output 𝑧(𝑖) which then 

transforms into the hypothesis ℎ(𝑖) that should be close to the label 𝑦(𝑖). We now shift perspective and consider the model as
computing a conditional probability distribution 𝑝 𝒚|𝒙 or 𝑝 𝑌|𝑋 . The loss encourages each training output to have a high

probability under the distribution 𝑝 𝑦(𝑖)|𝑥(𝑖) . Suppose, the data are independent and identically distributed (i.i.d.).

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

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

URL http:/udlbook.com
URL http:/udlbook.com
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Maximum likelihood for Binary Cross-Entropy (BCE) loss

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

Consider a model 𝒇 = 𝑥(𝑖), 𝝓  parameterized with weights 𝝓 that maps each 𝑖-th input sample 𝑥(𝑖) into the output 𝑧(𝑖) which then 

transforms into the hypothesis ℎ(𝑖) that should be close to the label 𝑦(𝑖). We now shift perspective and consider the model as
computing a conditional probability distribution 𝑝 𝒚|𝒙 or 𝑝 𝑌|𝑋 . The loss encourages each training output to have a high

probability under the distribution 𝑝 𝑦(𝑖)|𝑥(𝑖) . Suppose, the data are independent and identically distributed (i.i.d.).
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Maximum likelihood for Binary Cross-Entropy (BCE) loss

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

Consider a model 𝒇 = 𝑥(𝑖), 𝝓  parameterized with weights 𝝓 that maps each 𝑖-th input sample 𝑥(𝑖) into the output 𝑧(𝑖) which then 

transforms into the hypothesis ℎ(𝑖) that should be close to the label 𝑦(𝑖). We now shift perspective and consider the model as
computing a conditional probability distribution 𝑝 𝒚|𝒙 or 𝑝 𝑌|𝑋 . The loss encourages each training output to have a high

probability under the distribution 𝑝 𝑦(𝑖)|𝑥(𝑖) . Suppose, the data are independent and identically distributed (i.i.d.).
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Thank you for your attention!

a.kornaev@innopolis.ru, @avkornaev

mailto:a.kornaev@innopolis.ru
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