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Traditional ML OVERVIEW

Overview

The current document studies fundamental topics in traditional machine learning (ML), such as the ML
lifecycle, supervised learning, unsupervised learning, and evaluation metrics. The corresponding codes are
implemented in Python and PyTorch.

It should be noted that the cliparts used in this document were downloaded from Pinterest [1].
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DATA PREPARATION Traditional ML

Data Preparation

Machine learning (ML) models rely on data as input. In ML, data are divided into two major categories,
namely Structured and Unstructured. The former includes Numerical and Categorical data, and the latter
comprises Images, Audios, Videos, and Texts. Categorical data, a type of structured data, represent qual-
itative information that is divided into distinct groups or labels. They can be further classified into two
subtypes: Nominal data (e.g., gender) and Ordinal data (e.g., rating scales) [2].

2.1 Feature Engineering
Each record in a dataset is called a data point (or sample). Each data point is composed of fundamental
components, called features. The number of features and the relation between them play an important role
in the performance of an ML model. Therefore, feature engineering is a crucial step in preparing the data
before they are fed to the model.

The main focus of the current document is on structured data and image data. Therefore, we review
feature engineering techniques relevant to these data types. Some techniques apply to both structured and
image data; however, others are specific to images. Therefore, we explicitly highlight the image-specific
methods in the corresponding subsections.

2.1.1 Handling Missing Values
Missing values are common challenges in ML datasets, where the feature values corresponding to some data
points are missing. There are different methods to cope with the missing values issue [3].

Removing Rows with Missing Values

In this method, we remove all data points with missing values. Although this method is simple to implement
and removes potentially problematic data points, it reduces the size of sample data and is vulnerable to
introduce bias in the dataset provided certain groups are more likely to have missing values [3].

Imputation

Using the imputation method, the missing values are replaced by estimated values. There are two methods
to impute the missing values [3]:

• Mean, Median and Mode Imputation: The missing values are replaced with the mean, median,
or mode of the corresponding feature. This method is simple to implement. However, it might reduce
the accuracy of predictions [3].

• Forward and Backward Fill: The missing values are filled with the nearest non-missing values
from the same feature, where the forward fill method relies on replacing the missing value with the
last observed non-missing value, and the backward fill approach replaces them with the next observed
non-missing value [3].

Page 2 Forough Shirin Abkenar



Traditional ML 2.1. FEATURE ENGINEERING

Interpolation

Rather than relying on measures such as the mean, median, or mode (as in simple imputation), interpolation
estimates missing values by leveraging the relationships between neighboring data points. This method is
more complex to implement and depends on assumptions, such as the existence of linear or quadratic
relationships within the data. However, it often yields more accurate results than imputation and better
preserves data integrity by capturing underlying patterns or trends. Two common interpolation techniques
are [3]:

• Linear: linear method uses a linear interpolation to estimate the missing values [3].

• Quadratic: Quadratic interpolation method assumes a quadratic relationship between a missing value
and its surrounding known values, and estimates the missing value accordingly [3].

2.1.2 Resizing
To standardize the shape of input images, they must be resized to a fixed size, such as 28× 28.

2.1.3 Scaling
Data can have different value scales, where larger values may unintentionally dominate certain features. To
prevent such issues during model training and evaluation, data are scaled to a specific range. Two common
scaling methods are normalization, standardization, and log scaling [4].

Normalization

Normalization, also known as min-max scaling, wherein data are scaled into the range [0, 1] [4]:

xscaled = x− xmin

xmax − xmin
, (2.1)

where xmin and xmax are the minimum and the maximum values of the feature, respectively. It is worth
mentioning that normalization does not alter the data distribution [4].

Standardization

Unlike normalization, which preserves the original distribution of the data, standardization, also known as
Z-score normalization, transforms a feature so that it has a mean of 0 and a standard deviation of 1 [4]:

xscaled = x− µ

σ
, (2.2)

where µ and σ are the mean and standard deviation of the feature, respectively [4].

Log Scaling

Features can exhibit a power law distribution, where low values of x correspond to high values of y, and y
decreases rapidly as x increases. An example of this is movie ratings, where a few movies receive many ratings
while most receive very few. Logarithmic scaling can help mitigate the effects of a power law distribution
by transforming the data into a more balanced scale [4].

xscaled = log(x) (2.3)

2.1.4 Binning
When the overall linear relationship between a feature and the label is weak or nonexistent, or when feature
values are clustered, traditional scaling methods may fail. Binning, also known as bucketing, provides an
effective alternative by converting numerical data into categorical data. This method groups numerical
subranges into bins or buckets, which can better represent features that exhibit clustered or “clumpy”
distributions rather than linear patterns [4].
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2.2. DATA AUGMENTATION Traditional ML

2.1.5 Encoding
As mentioned earlier, categorical data represent qualitative information. Since ML models operate on nu-
merical values, categorical data must be transformed into a numeric format through Encoding. Encoding
converts categorical values into numerical representations and can be performed using methods such as
One-Hot Encoding and Embedding Learning [4].

One-Hot Encoding

One-hot encoding assigns a binary vector to each category [4]. For example, if the feature is weekdays, each
day can be encoded as:

Table 2.1: One-Hot Encoding Example

Weekdays Value
Monday 1 0 0 0 0 0 0
Tuesday 0 1 0 0 0 0 0
Wednesday 0 0 1 0 0 0 0
Thursday 0 0 0 1 0 0 0
Friday 0 0 0 0 1 0 0
Saturday 0 0 0 0 0 1 0
Sunday 0 0 0 0 0 0 1

Embedding Learning

Pre-trained models can provide embeddings, i.e., numerical vector representations, of input data. These
models are particularly useful when capturing the semantic relationships between inputs is important.

2.1.6 Consisting Color Mode
In image processing, it is important for all images to have a consistent color mode. Common color modes
include Grayscale, RGB (Red, Green, Blue), and CMYK (Cyan, Magenta, Yellow, Key/Black).

2.2 Data Augmentation
Data augmentation is a technique to increase the size and diversity of data samples for training purposes.
To this end, the corresponding augmentation method generates new data from the existing data [5].

• Tabular Data: For tabular data, new samples can be generated through techniques such as adding
random noise to existing values, performing feature permutation (swapping values within the same
column), or creating synthetic data based on the mean and standard deviation of the original data [5].

• Images: For image data, new samples can be generated through augmentation techniques such as
cropping, adjusting saturation, flipping (horizontal or vertical), and rotating the original images [5].

2.3 Data Balancing
If a labeled dataset is imbalanced, i.e., the number of data points varies significantly across categories, the
model tends to learn patterns from the majority classes while underrepresenting the minority classes. Data
balancing techniques, namely Upsampling and Downsampling, are used to address this issue and ensure fair
learning across all categories [6].
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Traditional ML 2.3. DATA BALANCING

2.3.1 Upsampling
Upsampling methods increase the number of samples in the minority class. Although upsampling increases
the dataset size, it is vulnerable to data leak, which leads to model overfitting. Common upsampling tech-
niques are listed as, random oversampling, synthetic minority oversampling technique (SMOTE), adaptive
synthetic sampling approach (ADASYN), and data augmentation [7].

Random Oversampling

Random oversampling chooses data points randomly from the minority class and duplicates them. Random
oversampling is vulnerable to model overfitting [7].

Synthetic Minority Oversampling Technique

The SMOTE generates new samples for the minority class by interpolation. First, for each minority class
data point, the algorithm identifies its K nearest neighbors (with K commonly set to 5). Then, one of these
neighbors is randomly selected, and a new synthetic sample is created at a random point along the line
segment connecting the original data point and the chosen neighbor in the feature space. This process is
repeated with different neighbors as needed until the desired level of upsampling is achieved [7].

Adaptive Synthetic Sampling Approach

The ADASYN technique extends the idea of SMOTE by focusing on regions where the minority class is
underrepresented. A K-nearest neighbor (KNN) model is first built on the entire dataset, and each minority
class point is assigned a “hardness factor” (r), defined as the ratio of majority class neighbors to the total
number of neighbors in KNN. Similar to SMOTE, new synthetic samples are generated through linear
interpolation between a minority data point and its neighbors. However, the number of samples generated
is scaled by the hardness factor so that more synthetic points are created in regions where minority data are
sparse, and fewer points are added in regions where they are already dense [7].

Data Augmentation

Data augmentation (see Section 2.2) can also be applied as a strategy for balancing datasets [7].

2.3.2 Downsampling
Downsampling methods reduce the number of samples in the majority class to match the size of the minority
class. While this approach can lower the risk of model overfitting, it also increases the likelihood of under-
fitting and may introduce bias by discarding potentially useful data. Common downsampling techniques are
random downsampling and near miss downsampling [8].

Random Downsampling

Similar to random oversampling in upsampling, random downsampling selects data points at random; how-
ever, in this case, the selected points come from the majority class and are removed [8].

Near Miss Downsampling

Near Miss Downsampling involves distance-based instance selection. In this method, the pairwise distance
between all majority and minority class instances is first calculated. Based on these distances, majority class
instances that are farther away from minority points are removed. This ensures that the remaining majority
samples are closer to the minority class distribution, helping the model better capture decision boundaries
[8].
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EVALUATION METRICS Traditional ML

Evaluation Metrics

After training (or tuning/fitting) a classification model, it is important to evaluate its performance and assess
how well it can make predictions. To do this, the model is provided with test data, i.e., unseen data that
were not used during training, and its performance is measured using various evaluation metrics. Depending
on the type of the ML model, various evaluation metrics are employed.

3.1 Classification
Several metrics can be used to evaluate the performance of a tuned model for the classification purposes
(binary classification). In this chapter, we focus on three key metrics: Accuracy, Recall (or true positive
rate), false positive rate, Precision, F1-score, and ROC-AUC.

3.1.1 Confusion Matrix
Before discussing evaluation metrics, it is important to understand the confusion matrix and its components,
which play a crucial role in model evaluation [4].

A confusion matrix consists of four elements: true positive (TP), false positive (FP), true negative (TN),
and false negative (FN). Figure 3.1 illustrates the confusion matrix, where columns represent the actual
values and rows represent the predicted values. TP and TN occur when the model’s predictions match
the actual values. Conversely, if the model predicts a negative (positive) instance as positive (negative), it
corresponds to FP (FN) [4].

Figure 3.1: Confusion Matrix [4].

3.1.2 Accuracy
Accuracy indicates how accurate a model is to predict both positive and negative classes correctly [4].
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Traditional ML 3.1. CLASSIFICATION

Accuracy = TP + TN
TP + FP + TN + FN (3.1)

3.1.3 Recall
Recall, also known as true positive rate (TPR), measures how effectively a model identifies positive instances.
Specifically, it is the proportion of true positive instances relative to all actual positive samples, including
both correctly predicted positives and positive instances that were incorrectly predicted as negative [4].

Recall = TP
TP + FN (3.2)

3.1.4 False Positive Rate
The false positive rate (FPR) measures how often a model incorrectly classifies negative instances as positive.
Specifically, it is the proportion of negative samples that are misclassified as positive relative to all actual
negative samples [4].

FPR = FP
TN + FP (3.3)

3.1.5 Precision
Precision describes how precise a model is to classify true positive instances. Precision measures the propor-
tion of true positive instances among all predicted positive instances [4].

Precision = TP
TP + FP (3.4)

3.1.6 F1-score
In imbalanced datasets, the arithmetic mean can be skewed by high values. In contrast, the harmonic mean
gives more weight to lower values. The F1-score (that is Fβ-score with β = 1) is the harmonic mean of
precision and recall, that guarantees a low value in either metric results in a correspondingly low F1-score
[4].

F1-score = (1 + β2)× Precision× Recall
β2 × Precision + Recall

β=1= 2× Precision× Recall
Precision + Recall (3.5)

3.1.7 ROC-AUC
Accuracy (Sec. 3.1.2) depends on a specific decision threshold. In contrast, the Receiver Operating Char-
acteristic (ROC) curve provides a visual representation of model performance across all thresholds, making
it threshold-independent. The ROC plots the True Positive Rate (TPR) against the False Positive Rate
(FPR). The Area Under the Curve (AUC) quantifies the probability that the model will assign a higher
score to a randomly chosen positive instance than to a randomly chosen negative one [4].

Forough Shirin Abkenar Page 7



3.1. CLASSIFICATION Traditional ML

Figure 3.2 illustrates the ROC curve for a binary classification scenario in which the model makes pre-
dictions completely at random, like a coin flip. In this case, the AUC equals 0.5 [4].

Figure 3.2: ROC-AUC of completely random guesses [4].

The ROC-AUC concept can be extended to Precision-Recall (PR) curves to more effectively evaluate
model performance. Figure 3.3 shows the PR curve and its corresponding AUC for an example scenario,
providing insight into how the model balances precision and recall. PR-AUC is particularly useful for
imbalanced datasets, where the positive class is rare, because it focuses on the model’s performance with
respect to the minority class rather than being dominated by the majority class, as can happen with ROC-
AUC. In general, higher PR-AUC values indicate better model performance [4].

Figure 3.3: PR-AUC [4].
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3.2 Regression
Unlike classification models, which predict discrete classes or labels, regression models produce continuous
numerical values as output. Therefore, specific evaluation metrics are needed to assess the performance of
regression models.

In regression models, the key concept for evaluating performance is error (or residual). The error is
defined as the difference between the actual value and the predicted value. Regression models are developed
to minimize the error.

3.2.1 Mean Absolute Error
Mean absolute error (MAE) measures the arithmetic mean of absolute errors for predictions [9].

MAE = 1
N

N∑
i=1
|Actuali − Predictedi| (3.6)

MAE treats all errors equally, assigning the same weight to small and large errors. As a result, large
errors are not penalized more heavily than small ones. This property also makes MAE relatively robust to
outliers, i.e., extreme values that lie far from the typical range of the data. Overall, MAE is appropriate for
balanced data [9].

3.2.2 Mean Squared Error
Mean squared error (MSE) calculates the arithmetic mean of squared differences between the actual data
and the predicted values [9].

MSE = 1
N

N∑
i=1

(Actuali − Predictedi)2 (3.7)

Squaring the errors makes the MSE enable to penalize larger errors more heavily than smaller errors,
making it sensitive to outliers in the data [9].

3.2.3 Root Mean Squared Error
Root mean squared error (RMSE) measures to root of MSE, i.e., the arithmetic mean of squared differences
between the actual data and the predicted values [9].

RMSE =
√

MSE =

√√√√ 1
N

N∑
i=1

(Actuali − Predictedi)2 (3.8)

3.2.4 R-squared Score
R-squared Score (R2-score) is a measure of goodness of fit, i.e., it measures how close the data points are to
the fitted line [9].

R2-score = 1− SSRES

SSTOT
= 1−

∑N
i=1(yi − ŷi)2∑N
i=1(yi − ȳ)2

, (3.9)

where SSRES and SSTOT show the sum of squares residuals (errors) and total, respectively. The former,
measures the sum of squared difference between predicted values and actual values. The latter calculated
the sum of squared difference between the actual values and their arithmetic mean [9].
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3.3 Clustering
Unlike classification and regression problems, where data are labeled, clustering deals with unlabeled data.
Since no ground-truth labels are available, clustering models group data based on similarities such as distance
or distribution. As a result, traditional evaluation metrics used in classification or regression are not directly
applicable to clustering.

3.3.1 Silhouette Score
The Silhouette Score evaluates the quality of clustering by measuring how well each data point fits within
its assigned cluster compared to neighboring clusters. A score close to +1 indicates that a data point is
well-matched to its own cluster and far from other clusters, while a score near 0 suggests that the point
lies on or near a cluster boundary. Negative scores (close to –1) indicate that a data point may have been
misassigned to the wrong cluster. The overall clustering quality is typically assessed by the average silhouette
score across all data points, with higher values reflecting better-defined and more clearly separated clusters
[10].

s(i) = b(i)− a(i)
max{a(i), b(i)} , (3.10)

where a(i) is the inter-cluster distance, i.e., average distance from point i to all other points in the same
cluster; and b(i) represents the nearest-cluster distance, i.e., minimum average distance from point i to points
in the nearest neighboring cluster [10].

3.3.2 Davies-Bouldin Index
The Davies-Bouldin Index (DBI) is an internal evaluation metric that measures the quality of clustering
based on the trade-off between cluster compactness and separation. Compactness is quantified by the average
distance of data points within a cluster to their centroid, while separation is measured by the distance between
cluster centroids. A lower DBI value indicates better clustering, as it reflects more compact clusters that
are well separated from each other. Since DBI relies only on the data and cluster assignments, it does not
require external ground-truth labels [10].

DBI = 1
k

k∑
i=1

max
i̸=j

(
Si + Sj

Mij

)
, (3.11)

where k is the number of clusters; Si represents the compactness of the cluster i, that is, the average distance
of all points of the cluster i to its centroid; and Mij indicates the separation between the clusters, that is,
the distance between the centroids of the clusters i and j. Notably, (Si + Sj)/Mij compares the similarity
between clusters i and j [10].

3.4 Ranking and Recommendation
In ranking and recommendation tasks, the developed machine learning system generates a list of outputs
ranked from highest to lowest relevance. However, according to the ground-truth data, some truly relevant
items may be incorrectly classified as irrelevant. Evaluation metrics such as Recall@k, Precision@k, and
Mean Average Precision (mAP) are commonly used to assess the model’s performance in capturing and
ranking the relevant results accurately.

3.4.1 Precision@K
In ranking and recommendation tasks, the evaluation is typically limited to the top-K retrieved items. In this
context, Precision@K measures how many of the items within the top-K positions are relevant. Formally,
Precision@K is defined as the ratio of relevant items retrieved in the top-K results to K. Therefore, we have
[11]
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Precision@K = TP
TP + FP = Number of relevant items in K

K (3.12)

Figure 3.4: An example for a single-list ranking system.

Figure 3.4 illustrates an example of a ranking system with K = 5. As shown, the model successfully iden-
tifies two relevant items out of four total relevant items within the top-K results. Therefore, the Precision@K
value is computed as 2/5 = 0.4.

It is worth noting that Precision@K is highly sensitive to the choice of K. Consider a case where only two
relevant items exist in the ground-truth data, and the model successfully retrieves both within the top-K
results. If K is set to a large value, the precision will decrease substantially, since the number of retrieved
items increases while the number of relevant items remains constant.

3.4.2 Recall@K
Recall is defined as the model’s ability to identify true positive instances in its predictions (see Eq. 3.2 in
Sec. 3.1.3). In ranking and recommendation tasks, Recall@K measures how many of the relevant items are
correctly retrieved by the model within the top-K positions. Formally, Recall@K is defined as the ratio of
relevant items retrieved in the top-K results to the total number of relevant items in the ground-truth data.
Therefore, we have [11]

Recall@K = TP
TP + FN = Number of relevant items in K

Total number of relevant items (3.13)

Referring to the example provided in Fig. 3.4, the Recall@K value is computed as 2/4 = 0.5. Therefore,
Recall@K reduces the sensitivity to K observed in Precision@K. However, although Recall@K is less sensitive
to the value of K compared to Precision@K, it is insensitive to the relative ranking of relevant items within
the top-K positions. For example, consider a case where only two relevant items exist in the ground-truth
data, and both are retrieved within the top-K results but appear at lower ranks (e.g., positions 9 and 10
when K = 10). In this case, Recall@K equals 1.0, even though the ranking quality is poor.

3.4.3 Mean Reciprocal Rank@K (MRR@K)
To understand Mean Reciprocal Rank@K (MRR@K), it is necessary to introduce Reciprocal Rank@K
(RR@K) first. RR@K is a metric that focuses on the position of the first relevant item within the top-
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K results. It is defined as [11]

RR = 1
Rank of the first relevant item (3.14)

For example, considering the example in Fig. 3.4, the RR@K is given as 1/2 = 0.5. Considering U
ranked lists in the results, each corresponding to a query in an information retrieval task or a user in a
recommendation system, MRR@K is defined as the average of RR@K across all U lists, i.e.,

MRR@K = 1
U

U∑
u=1

RR@Ku (3.15)

For instance, Fig. 3.5 illustrates a ranking system with three lists in the outputs. As shown, the positions
of the first relevant items are 2, 3, and 2 in the first, the second, and the third lists, respectively. Therefore,
the corresponding RR@K values are computed as 1/2 = 0.5, 1/3 = 0.33, and 1/2 = 0.5. Accordingly, the
MRR@K is equal to (0.5 + 0.33 + 0.5)/3 = 0.44.

Figure 3.5: An example for a multi-list ranking system.

MRR@K addresses the limitation of Precision@K and Recall@K, both of which ignore the ranks of
relevant items within the top-K results. However, MRR@K only accounts for the rank of the first relevant
item and disregards the positions of other relevant items that may also appear within the top-K list.

3.4.4 Mean Average Precision@K (mAP@K)
Unlike MMR@K that measures the rank of the first relevant item in the output lists, Mean Average Preci-
sion@K (mAP@K) considers all relevant elements in the top-K positions. mAP@K is the mean of AP@K
values. Taking into account Nu relevant items in the list u, we have [11]

AP@Ku = 1
Nu

K∑
k=1

Precision(k)× rel(k), (3.16)

where Precision(k) is the precision of predictions at top-k positions, where k = 1, . . . , K; also, rel(k) is the
relevance score of the item, that can be a binary value (relevant/not relevant) or a graded score (e.g., 0, 1,
2, 3). In the case of AP@K, we defined is as a binary variable where is equal to 1 if the item is relevant, and
0 otherwise. For example, referring to Fig. 3.5, for u = 1, we have:

• k = 1: Precision(k) = 0/1 = 0, rel(k) = 0

• k = 2: Precision(k) = 1/2 = 0.5, rel(k) = 1

• k = 3: Precision(k) = 1/3 = 0.33, rel(k) = 0
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• k = 4: Precision(k) = 2/4 = 0.5, rel(k) = 1

Therefore,

AP@K1 = 0× 0 + 0.5× 1 + 0.33× 0 + 0.5× 1
2 = 0 + 0.5 + 0 + 0.5

2 = 1.0
2 = 0.5

Accordingly, for u = 2 and u = 3, we have

AP@K2 = 0× 0 + 0× 0 + 0.33× 1 + 0.0.5× 1
2 = 0 + 0 + 0.33 + 0.5

2 = 0.83
2 = 0.42

AP@K3 = 0× 0 + 0.5× 1 + 0× 0 + 0× 0
1 = 0 + 0.5 + 0 + 0

1 = 0.5
1 = 0.5

mAP@K measure the mean of all AP@K values as

mAP@K = 1
U

U∑
u=1

AP@Ku (3.17)

Therefore, mAP@K value for the above-mentioned example in Fig. 3.5 is computed as

mAP@K = 0.5 + 0.42 + 0.5
3 = 1.42

3 = 0.47

3.4.5 Normalized Discounted Cumulative Gain@K (nDCG@K)
It is important not only to determine whether an item is relevant within an output list but also to evaluate
how relevant it is. None of the aforementioned metrics account for the degree of relevance of items. In
contrast, Normalized Discounted Cumulative Gain@K (nDCG@K) captures this aspect by assigning graded
relevance scores to items. To compute nDCG@K, the Discounted Cumulative Gain@K (DCG@K) is first
calculated, which applies a logarithmic discount factor based on the position of each item in the ranked list,
i.e., log2(i + 1). Formally, DCG@K is defined as [11]

DCG@K =
K∑

i=1

reli
log2(i + 1) , (3.18)

In addition to the predicted ranks, the Ideal DCG (IDCG) metric represents the maximum possible DCG
for a given set of results. nDCG@K normalizes the DCG with respect to the IDCG, yielding a score between
0 and 1. Formally [11],

nDCG@K = DCG@K
IDCG@K (3.19)

For instance, consider the results in Fig. 3.19. There are three output lists, labeled 1, 2, and 3, and an
ideal list with the ideal ranking of the items.

Figure 3.6: An example for nDCG.
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Since the items are categorized as irrelevant, somewhat relevant, and relevant, we define relevance scores
0, 1, and 2, respectively. Therefore, for each list u, the corresponding DCG@Ku is computed as

DCG@K1 = 2
log2(1 + 1)+ 1

log2(2 + 1)+ 0
log2(3 + 1)+ 1

log2(4 + 1) = 2
1+ 1

1.59+0+ 1
2.32 = 2+0.63+0.43 = 3.06

DCG@K2 = 2
log2(1 + 1) + 0

log2(2 + 1) + 1
log2(3 + 1) + 1

log2(4 + 1) = 2
1 +0+ 1

2 + 1
2.32 = 2+0.5+0.43 = 2.93

DCG@K2 = 1
log2(1 + 1) + 0

log2(2 + 1) + 2
log2(3 + 1) + 1

log2(4 + 1) = 1
1 + 0 + 2

2 + 1
2.32 = 1 + 1 + 0.43 = 2.43

Also, IDCG@K value is given by

IDCG@K = 2
log2(1 + 1) + 1

log2(2 + 1) + 1
log2(3 + 1) + 0

log2(4 + 1) = 2
1 + 1

1.59 + 1
2 +0 = 2+0.63+0.5 = 3.13

Accordingly, the nDCG@K for each list is calculated as

nDCG@K1 = DCG@K1

IDCG@K = 3.06
3.13 = 0.98

nDCG@K2 = DCG@K2

IDCG@K = 2.93
3.13 = 0.94

nDCG@K3 = DCG@K3

IDCG@K = 2.43
3.13 = 0.78
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Model Performance

To develop a machine learning model, a dataset is used to train the model, referred to as the training set.
The model is then evaluated on previously unseen data, known as the test set. A robust model is one that
not only performs well on the training data but also generalizes effectively to the test data. To assess the
quality of a model, two fundamental concepts are often considered: bias and variance.

4.1 Bias
In simple terms, bias refers to the error incurred by a model when predicting values. A high bias indicates
that the model is not trained well, meaning it is too simple to capture the underlying patterns in the data. On
the other hand, a low bias suggests that the model is more flexible and better able to learn the relationship
between the input features and the corresponding labels or output values. Given the actual values Y , and
the predicted values Ŷ , the bias is defined as [12]

Bias = E[Ŷ ]− Y, (4.1)

where E[Ŷ ] is the expected value of the predictions. High bias leads to poor model performance, a phe-
nomenon known as underfitting, where the model fails to capture the underlying patterns in the training
data. As a result, it performs poorly even during the training phase [12].

4.2 Variance
Mathematically, variance measures the spread of data around its mean. In machine learning, variance
quantifies the sensitivity of a model’s predictions to different subsets of the training data. In simple terms,
it indicates how much a model’s predictions change when trained on different datasets. Formally, variance
measures the expected squared deviation of the model’s predictions from their mean, expressed as [12]

Variance = E
[
(Ŷ − E[Ŷ ])2

]
(4.2)

A model exhibiting high variance along with low bias is said to suffer from overfitting, that is a common
problem in ML. Overfitting occurs when the model memorizes the training data, including noise, rather than
learning the underlying patterns. As a result, when presented with unseen data, the model fails to generalize,
leading to a significant drop in performance [12].
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4.3 Overfitting and Underfitting
As mentioned earlier, overfitting occurs when a model has low bias but high variance. In contrast, underfitting
refers to the situation wherein the model exhibits high bias and low variance. Figure 4.1 shows the bias-
variance trade-off diagram [12].

Figure 4.1: Bias-variance trade-off [12].

4.3.1 Methods to Address
There are different methods and techniques to overcome both overfitting and underfitting. In the rest, we
review some of them. Before reviewing the corresponding methods, we discuss two important techniques,
namely regularization and cross validation, in details [12, 13].

Regularization

Regularization methods, such as L1-norm and L2-norm, mitigate the overfitting by adding a penalty term
to the weights during updating [13].

The L1-norm, also known as Least Absolute Shrinkage and Selection Operator (Lasso) regression, intro-
duces the absolute value of the coefficient magnitudes as a penalty term to the loss function L. Formally, it
is defined as [13]

LL1 = L+ λ

M∑
i

|wi| =
1
N

N∑
i=1

(yi − ŷi)2 + λ

M∑
i

|wi|, (4.3)

where N and M are total number of samples and features, respectively; λ is the regularization parameter; w
shows the weight (or coefficient); and yi and ŷi represent the actual and predicted values, respectively. The
L1 penalty encourages sparsity by shrinking less important weights toward zero that allows only the most
significant features to contribute to the model during training [13].

The L2-norm, also known as Ridge regression or Euclidean norm, adds the square of the coefficient
magnitudes as a penalty term to the loss function L. Formally, it is defined as [13]

LL1 = L+ λ

M∑
i

w2
i = 1

N

N∑
i=1

(yi − ŷi)2 + λ

M∑
i

w2
i (4.4)

Unlike L1 regularization, which enforces sparsity by driving some coefficients exactly to zero, L2 regu-
larization uniformly penalizes large weights, leading to smaller but nonzero coefficients. This helps prevent
overfitting by reducing model complexity while maintaining all features’ contributions. However, it is highly
sensitive to outliers in the data. Any outlier in the data can increase the error. To minimize this large
penalty, the model will shift its parameters toward the outlier. Thus, the model is vulnerable to an improper
fitting [13].

In summary, L1 and L2 regularization each offer distinct advantages depending on the characteristics
of the data and the model. L1 regularization encourages sparsity by driving less important coefficients
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exactly to zero that makes it useful for feature selection in high-dimensional datasets. L2 regularization,
on the other hand, penalizes large weights more smoothly that yields smaller but nonzero coefficients and
promoting weight stability across correlated features. To leverage the benefits of both methods, Elastic Net
regularization combines the L1 and L2 penalties as follows [13]:

LElasticNet = L+ λ1

M∑
i

|wi|+ λ2

M∑
i

w2
i , (4.5)

where λ1 and λ2 control the contribution of the L1 and L2 terms, respectively. Elastic Net is particularly
effective when dealing with datasets that contain highly correlated features or when both feature selection
and regularization are desired simultaneously [13].

Cross-Validation

Cross-validation is a widely used technique to mitigate overfitting by providing a more reliable estimate of a
model’s generalization performance. The most common type is k-fold cross-validation, where the training
dataset is divided into k equal-sized subsets, known as folds [14].

The training procedure is repeated k times. In each iteration, one fold is used as the validation set, while
the remaining (k−1) folds are combined to form the training set. This ensures that every data point is used
for both training and validation exactly once. Importantly, each iteration is independent, and the model
learns separate weights corresponding to that iteration [14].

After completing all k iterations, the validation results from each fold are averaged to obtain the final
performance estimate. This approach effectively reduces both bias and variance, thereby improving the
model’s ability to generalize and preventing overfitting [14].

Alleviate Underfitting and Overfitting

• Underfitting: To cope with the underfitting problem [12]:

– Increase the model complexity: More complex models are able to learn underlying pattern of
data. One efficient way is to use complex model (such as deep neural network models) rather
than simpler model (such as linear/logistic regression) [12].

– Add more features: Increasing the dimensionality of data, in terms of features, can help models to
learn more complex patterns. Add more relevant features using feature engineering process [12].

– Reduce regularization: Regularization techniques, such as the L1-norm (Lasso) and L2-norm
(Ridge or Euclidean norm), play a crucial role in preventing overfitting by penalizing overly com-
plex models. However, excessive regularization can lead to underfitting, as the model becomes too
constrained to capture important patterns in the data. To mitigate this issue, the regularization
strength can be reduced by using a smaller penalty coefficient [12].

– Increase training duration: Increasing the number of epochs for training the model, let the model
to learn more effectively [12].

• Overfitting: To prevent the model from overfitting [12]:

– Increase training data: Increasing the dimensionality of training data, in terms of the number
of samples, can help mitigate the overfitting problem. With more data, the model has greater
opportunity to generalize and learn the underlying patterns, rather than memorizing the training
examples [12].

– Reduce model’s complexity: Sometimes, the underlying data patterns are simple enough to be
effectively learned by simpler models rather than highly complex ones. Complex models are not
always the optimal choice; they tend to perform well only when the data are intricate and involve
a large number of features, making pattern learning more challenging. To reduce the risk of
overfitting in such cases, it is advisable to use simpler algorithms or architectures, decrease the
number of layers, or reduce the number of neurons in the model [12].
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– Use regularization: Regularization techniques, such as the L1-norm (Lasso) and L2-norm (Ridge
or Euclidean norm), play a crucial role in preventing overfitting by penalizing overly complex
models [12].

– Use dropout: Dropout is a regularization technique in neural networks that involves randomly
deactivating a subset of neurons during training. This prevents the model from becoming overly
reliant on specific neurons or pathways, thereby improving its ability to generalize to unseen data
[12].

– Implement early stopping: Early stopping is a regularization technique that halts training when
the model’s performance on a separate validation set begins to deteriorate, even if its performance
on the training set continues to improve. This approach helps prevent overfitting by stopping the
learning process before the model starts to memorize noise in the training data [12].

– Perform feature selection: Irrelevant or redundant features can cause the model to overfit to noise.
Removing those features improves generalization and the model’s performance [12].

– Deploy data augmentation: When the diversity of a dataset is low, a model is more likely to
memorize the data patterns rather than learning them. Data augmentation is a technique that
addresses this issue by increasing dataset diversity. To this end, it generates new data points
through transformations of existing samples [12].

– Apply cross-validation: Cross-validation guarantees that every data point in the training set is
used for both training and validation exactly once. Therefore, it avoids the model to be trained
over fixed sets. As a result, both bias and variance are decreased [12].

4.4 Vanishing and Exploding Gradient
Gradients are the key parameters in model training. During backpropagation in neural network (NN) models,
the gradient of the loss is computed w.r.t. the weights and biases separately. Then, based on the optimization
algorithm, such as Stochastic Gradient Descent (SGD) or Adaptive Moment Estimation (Adam)-both driven
by the gradient descent mechanism, the weights and biases are updated layer by layer. This implies that
in each layer, the weights are multiplied recursively by gradient-based updates so that the overall loss is
minimized across the network. However, if these multipliers become excessively small or large, the learning
process encounters major difficulties. The former issue is referred to as gradient vanishing, while the latter
is known as gradient exploding [15].

4.4.1 Gradient Vanishing
One common challenge in neural networks, particularly recurrent neural networks (RNNs), that often leads
to underfitting is gradient vanishing. During backpropagation, if the gradients are repeatedly multiplied
by values smaller than one, they shrink exponentially as they propagate backward through the layers.
Consequently, the weights in the early layers approach zero, preventing the model from learning useful
patterns. This phenomenon results in slow or completely stalled learning [15].

4.4.2 Gradient Exploding
The opposite of gradient vanishing is the gradient exploding problem. It occurs when the gradients
grow exponentially during backpropagation—often in deep or recurrent networks. This causes the model
parameters to oscillate or diverge. When gradient exploding happens, the loss fails to converge, and the
model parameters may take extremely large values that results in unstable training or numerical overflow.
Gradient exploding typically arises when [15]:

• The network is very deep, and the product of large gradients across multiple layers accumulates expo-
nentially [15].

• Improper weight initialization leads to excessively large parameter updates [15].

• The learning rate is too high that amplifies each weight update [15].
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4.4.3 Techniques to Cope with Gradient Vanishing and Exploding
Before diving into the gradient vanishing and exploding problems, it is essential to review several fundamental
techniques that can effectively alleviate both issues.

Weight Initialization

Avoiding random initialization of weights and adopting principled initialization strategies can significantly
reduce the probability of both vanishing and exploding gradients. Techniques such as Kaiming initial-
ization and Xavier initialization set the initial weights at appropriate scales, thereby maintaining stable
gradient propagation during early training [16, 17].

• Kaiming Initialization: Kaiming (or He) initialization is suitable for layers that use the ReLU
activation function. It prevents vanishing gradients by assigning a larger variance to the initial weights.
There are two common variants [16]:

– Kaiming Normal Initialization: Weights are drawn from a normal distribution with a mean
of 0 and a standard deviation of

√
2

nin
:

wi ∼ N (0,
√

2
nin

),

where nin is the number of input units to the layer.
– Kaiming Uniform Initialization: Weights are drawn from a uniform distribution in the range:

wi ∼ U
(
−

√
6

nin
,
√

6
nin

)
,

that ensures variance preservation across layers.

• Xavier Initialization: Xavier (or Glorot) initialization is more suitable for layers using Sigmoid or
Tanh activation functions. It aims to keep the variance of activations and gradients consistent across
layers. Two variants exist [17]:

– Normal Xavier Initialization: Weights are drawn from a normal distribution with a mean of
0 and a standard deviation of

√
2

nin+nout
:

wi ∼ N
(

0,
√

2
nin+nout

)
,

where nin and nout denote the number of input and output units, respectively.
– Uniform Xavier Initialization: Weights are drawn from a uniform distribution within the

range:

wi ∼ U
(
−

√
6

nin+nout
,
√

6
nin+nout

)
Normalization

Normalizing inputs to each layer stabilizes gradient flow, accelerates convergence, and mitigates both van-
ishing and exploding gradients. Two widely used normalization methods are described below.

• Batch Normalization: This technique normalizes the input activations within each mini-batch,
ensuring zero mean and unit variance. Consequently, the input to each layer becomes dependent on
the batch statistics. Although highly effective for large batch sizes, it can be less stable for small
batches or recurrent neural networks (RNNs), where batch statistics fluctuate significantly [18].

• Layer Normalization: This approach normalizes activations across the features of each individual
sample, independently of other samples in the batch. This makes it particularly suitable for small or
variable batch sizes, as in RNNs and natural language processing tasks [19].
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Additional Strategies for Gradient Stabilization

Several other strategies can further mitigate the vanishing and exploding gradient problems [15]:

• Alternative Activation Functions: Saturating activation functions such as Sigmoid and Tanh are
prone to vanishing gradients because their derivatives approach zero for large input magnitudes. In
contrast, ReLU maintains gradients close to 1 for positive inputs, preventing exponential shrinkage
[15].

• Residual and Skip Connections: Architectures such as ResNets incorporate shortcut connections
that allow gradients to bypass intermediate layers, ensuring more effective propagation to earlier layers
[15].

• Gradient Clipping: This widely used technique constrains the gradient norm to a predefined thresh-
old (e.g., by rescaling gradients when their magnitude exceeds a limit), thereby preventing instability
due to gradient explosion [15].

• Learning Rate Adjustment: A smaller learning rate ensures smoother parameter updates, helping
avoid overshooting and gradient amplification during optimization [15].

• Gated Architectures (for RNNs): In sequential models, gating mechanisms such as those in Long
Short-Term Memory (LSTM) regulate information and gradient flow over time, effectively mitigating
both vanishing and exploding gradients in long sequences [15].

In practice, both vanishing and exploding gradients can coexist in different parts of a deep network. There-
fore, combining techniques such as careful initialization, normalization, skip connections, and adaptive opti-
mizers (e.g., Adam) is essential to achieve stable and efficient training.
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Supervised Learning

Supervised learning is referred to as the methods wherein the training data are labeled. Thus, models are
developed for the supervised learning scenarios are categorized into classification and regression.

The classification is divided into binary classification and multi-class datasets. The former contains
data points with only two possible labels, commonly represented as 0 and 1, such as the Breast Cancer
dataset in scikit-learn, where each instance indicates whether a patient has cancer or not. The latter includes
datasets with more than two classes, such as the Iris dataset in scikit-learn, which comprises three distinct
classes. The goal of a classifier is to correctly categorize data samples to achieve high predictive performance,
measured by accuracy, or by precision and recall in the case of imbalanced datasets.

On the other hand, regression models focus on predicting continuous numerical values for the input
data. The goal of regression is to minimize prediction loss (or error), i.e., the difference between the
true (ground-truth) values and the predicted values (see Sec. 3.2 for the definition of error).

The most common algorithms used in supervised learning include Logistic/Linear Regression, Decision
Tree, Random Forest, Gradient Boosting, Support Vector Machines (SVM), K-Nearest Neigh-
bors (KNN), and Bayesian algorithms, all of which can be applied to both classification and regression
tasks. In the remainder of this section, we provide a detailed review of these algorithms1.

1Note: The main reference for the current section is the scikit-learn [20].
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5.1 Logistic Regression
Despite its name, logistic regression is actually a classification method. It can be applied to both binary and
multi-class classification tasks.

5.1.1 Binary Classification
Logistic regression is a linear-based model that follows the linear equation in Eq. 5.1 to predict values.

z = ωx + b, (5.1)

where ω is the weight of the model, x represents the independent data, and b shows the bias. For the
classification purposes, the output z is fed into the sigmoid function as

ẑ = 1
1 + e−z

(5.2)

Finally, ŷ represents the corresponding label so that

ŷ =
{

0 if ẑ < 0.5
1 otherwise

(5.3)

5.1.2 Multi-class Classification
In multi-class task, it is assumed that there are C classes. Thus, for each data point xi ∈ X, where X is the
set of data points, the output zi is fed into the softmax function to predict the corresponding probability,
i.e., the probability that zi belongs to class c ∈ C. Therefore, we have

ẑi = exp(zi)∑C
c=1 exp(zc)

(5.4)

Assuming that our data is Independent and Identically Distributed (IID), the loss for a single data point
is given by

L = −
C∑

c=1
yc log(zc) (5.5)

5.1.3 Implementation
The machine learning logistic regression model for binary classification in Python was developed from
scratch following the guidelines provided in [21]. The complete implementation script is available on
Logistic Regression (Binary) from Scratch. Also, the corresponding model for the multi-class classification
was developed from scratch, that is available on Logistic Regression (Multi-Class) from Scratch.

We developed a logistic regression classifier for the Breast Cancer dataset using the built-in functions
provided in scikit-learn in Python. The following screenshot illustrates the training process and the eval-
uation results of the model. Notably, the model is imported from sklearn.linear_model. The complete
implementation script is available on the GitHub page Logistic Regression for Binary Classification.

We also conducted the experiment using a multi-class logistic regression model. For this purpose, we
utilized the Iris dataset and trained the model under two different configurations. First, we fitted the model
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using the One-vs-Rest (OvR) classification strategy with the Liblinear solver, which supports both
L1 and L2 regularization. In the second configuration, we developed the model using the Multinomial
classification approach with the Limited-memory Broyden–Fletcher–Goldfarb–Shanno (L-BFGS)
solver. The corresponding results are presented in the following screenshot. The complete implementation
script is available on the GitHub page Logistic Regression for Multi-Class Classification.
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5.2 Linear Regression
Linear regression is a linear-based model that follows the linear equation in Eq. 5.6 to predict values.

ŷ = ωx + b, (5.6)

where ω is the weight of the model, x represents the independent data, and b shows the bias. The mean
squared error (MSE) or mean absolute error (MAE) are used to evaluate the predictions. For example,
relying on MSE, we have

L =
∑N

i=1(ŷi − yi)2

N
(5.7)

5.2.1 Implementation
The machine learning linear regression model in Python was developed from scratch following the guidelines
provided in [22]. The complete implementation script is available on Linear Regression from Scratch.

We developed a linear regressor using the California Housing dataset available in scikit-learn. The
following screenshot shows the training (fitting) process the regressor, following by the evaluation results.
Notably, the model is imported from sklearn.linear_model. The complete implementation script is available
on the GitHub page Linear Regression.
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5.3 Decision Tree
A decision tree is an algorithm that recursively splits a dataset into subsets based on its features. The
splitting criterion is typically determined using one of two metrics, i.e., Information Gain (IG) or Gini
Index.

• Information Gain: IG is based on entropy, which quantifies the level of uncertainty or randomness in
the information being processed. IG measures the reduction in entropy that results from partitioning
the dataset according to a given feature. To calculate the IG, we have

IG(D, A) = H(D)−H(D|A), (5.8)

where D and A are the dataset and the feature, respectively; H(D) represents the entropy of the dataset;
and H(D|A) shows the entropy of the dataset w.r.t. the feature A (conditional entropy). The entropy
of a set S, where {A, D ∈ S} is given by

H(S) = −
∑
x∈S

pi(x) log(pi(x)), (5.9)

where pi is proportion of the i-th class in the set.

• Gini Index: Gini Index measures the probability that a randomly chosen instance would be misclas-
sified if it were labeled according to the class distribution in the dataset. Therefore, we have

H(S) = 1−
∑
x∈S

p2
i (x), (5.10)

where pi is the probability of an instance belonging to class i.

Overall, an IG–based model aims to maximize IG, while a Gini Index–based model aims to minimize the
Gini value. IG is generally more suitable for imbalanced datasets, whereas the Gini Index is computationally
simpler to implement.

5.3.1 Numerical Example
Given the data in Table 5.1, we perform the decision tree algorithm based on IG.

Table 5.1: Example Data for Decision Tree [23].

Neighborhood No. of Rooms Affordable
West 3 Yes
West 5 Yes
West 2 Yes
East 3 Yes
East 4 Yes
East 6 No
East 5 No
East 2 Yes
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First, we calculate the entropy of the data w.r.t. the labels (i.e., “Affordable” feature). Considering 6
data points labeled as “Yes” and 2 data points labeled as “No” (see Fig. 5.1), the probabilities of “Yes”
(pyes) and “No” (pno) are equal to pyes = 6/8 and pno = 2/8. Therefore, we have

Figure 5.1: Root node for decision tree algorithm.

H(D) = − p(Y = yes) log(p(Y = yes))−
p(Y = no) log(p(Y = no))

= − 6
8 log(6

8)− 2
8 log(2

8) = 0.81

In the next step, the data samples must be split based on the features, i.e., “Neighborhood” and “No. of
Rooms”, separately. The corresponding IG needs to be calculated for each feature, and the feature with the
highest IG is chosen as the splitting feature. Thus, we have

H(D|Neighborhood) = H(D|Neighborhood=West) + H(D|Neighborhood=East)
= H(Y=yes|Neighborhood=West) + H(Y=no|Neighborhood=West)+

H(Y=yes|Neighborhood=East) + H(Y=no|Neighborhood=East)

= − 3
8

(
3
3 log(1) + 0

3 log(0)
)
− 5

8

(
3
5 log(3

5) + 2
5 log(2

5)
)

= 0.61

H(D|No. of Rooms) = H(D|No. of Rooms<5) + H(D|No. of Rooms ≥ 5)
= H(Y=yes|No. of Rooms<5) + H(Y=no|No. of Rooms<5)+

H(Y=yes|No. of Rooms ≥ 5) + H(Y=no|No. of Rooms ≥ 5)

= − 5
8

(
5
5 log(1) + 0

5 log(0)
)
− 3

8

(
1
2 log(1

2) + 2
3 log(2

3)
)

= 0.35

Therefore, IG for each group is calculated as

IG(D|Neighborhood) = 0.81− 0.61 = 0.2
IG(D|No. of Rooms) = 0.81− 0.35 = 0.46

Since IG(D|No. of Rooms) > IG(D|Neighborhood), we choose “No. of Rooms” as the splitting feature.

Figure 5.2: Decision tree after first splitting.
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In the next round, since the entropy of the left child of the tree is zero (all samples belong to the same
class, i.e., “Yes”), we split the right child of the tree w.r.t. the “Neighborhood”. Therefore, we have

Figure 5.3: Decision tree after second splitting.

5.3.2 Implementation
The machine learning decision tree model in Python was developed from scratch following the guidelines
provided in [23]. The complete implementation script is available on Decision Tree from Scratch.
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Classifier

We developed a decision tree classifier for the Breast Cancer dataset using the built-in functions provided
in scikit-learn in Python. The following screenshot illustrates the training process of the classifier. The
model was imported from sklearn.tree. Moreover, we applied Grid Search Cross-Validation to identify
the optimal hyperparameters of the model. In this process, we defined ranges for various convergence criteria,
such as max_depth, min_samples_split, min_samples_leaf, and the splitting criterion (i.e., Gini Index or
Information Gain).

After identifying the best classifier through Grid Search Cross-Validation, we evaluated its performance
using the test dataset. The following screenshot presents the corresponding results. The complete imple-
mentation script is available on the GitHub page Decision Tree Classifier.
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Regressor

We developed a decision tree regressor using the California Housing dataset available in scikit-learn.
The following screenshot shows the training (fitting) process of the regressor, where Grid Search Cross-
Validation was employed to tune the optimal hyperparameters.

After training the regressor, we evaluated its performance on the test dataset. The following screenshot
displays the corresponding results. The complete implementation script is available on the GitHub page
Decision Tree Regressor.
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5.4 Random Forest
Random forest is an ensemble method that combines multiple decision trees, also known as a “forest”, to
make predictions. It employs a bootstrapping mechanism, also known as bagging, in which multiple
subsets of the original dataset are generated by sampling with replacement. Each subset contains the same
number of samples as the original dataset, but individual data points may appear more than once.

For each subset, a random subset of features is also selected, typically with the number of features close
to either log2 M or

√
M , where M is the total number of features. A separate decision tree is then trained on

each bootstrapped dataset. Figure 5.4 illustrates an example of bootstrapping and random feature selection
for a dataset with four samples and four features.

Figure 5.4: An example of bootstrapping and random feature selection in Random Forest.

After training, the results from all trees are aggregated to produce the final prediction. For classification
tasks, the ensemble uses majority voting, while for regression tasks, it computes the average of the
individual tree predictions. Key characteristics of Random Forest include:

• Since Random Forest employs both Bootstrapping and Aggregation, it is commonly referred to as
a Bagging method.

• The randomness in the algorithm originates from two sources: the random sampling of data points
during bootstrapping and the random selection of features for each tree.

• Random Forest is more robust and less prone to overfitting:

– Bootstrapping alleviates overfitting by ensuring that each tree is trained on a different subset of
data.

– Random feature selection ensures diversity among trees by producing different decision boundaries.
This reduces variance and helps prevent overfitting.

• Compared to Gradient Boosting, Random Forest is faster to train and easier to tune, as its trees can
be trained in parallel.

5.4.1 Implementation
The machine learning random forest model in Python was developed from scratch following the guidelines
provided in [24]. The complete implementation script is available on Random Forest from Scratch.
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Classifier

We developed a random forest classifier for the Breast Cancer dataset using the built-in functions provided
in scikit-learn in Python. The following screenshot illustrates the training process of the classifier. The model
was imported from sklearn.ensemble. Moreover, we applied Grid Search Cross-Validation to identify
the optimal hyperparameters of the model. In this process, we defined ranges for various parameters, such
as n_estimators (no. of trees), max_depth, min_samples_split, and min_samples_leaf.

After identifying the best classifier through Grid Search Cross-Validation, we evaluated its performance
using the test dataset. The following screenshot presents the corresponding results. The complete imple-
mentation script is available on the GitHub page Random Forest Classifier.

Forough Shirin Abkenar Page 31

https://github.com/foroughshirinabkenar/traditional_ml_tutorial/blob/main/random_forest_classification.ipynb


5.4. RANDOM FOREST Traditional ML

Regressor

We developed a random forest regressor using the California Housing dataset available in scikit-learn.
The following screenshot shows the training (fitting) process of the regressor, where Grid Search Cross-
Validation was employed to tune the optimal hyperparameters.

After training the regressor, we evaluated its performance on the test dataset. The following screenshot
displays the corresponding results. The complete implementation script is available on the GitHub page
Random Forest Regressor.
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5.5 Gradient Boosting
Unlike Random Forest, which constructs independent trees on bootstrap samples to reduce variance and
improve generalization, Gradient Boosting builds trees sequentially, where each new tree aims to correct
the errors made by the previous ones to achieve higher predictive accuracy.

Gradient Boosting enhances the final prediction function, F (x), by combining M weak learners. In
this approach, each subsequent weak learner is trained to minimize the residual errors (mistakes) of the
preceding learners, and the aggregation of all weak learners produces a strong predictive model. Assuming
fi(x) represents the i-th weak learner, the overall model is expressed as [25]

F (x) =
M∑

i=1
fi(x)

To implement this, the algorithm first initializes a loss function and an initial weak learner. The loss
function must be differentiable, as Gradient Boosting is a gradient-based optimization procedure. The
algorithm begins with an extremely weak learner, f1(x) [25].

For each learner fj(x), where j = 1, . . . , M , the algorithm computes the negative gradient of the loss
function w.r.t. the predictions, i.e., [25]

r̂ji = −∂L(yi, ŷi)
∂ŷi

∣∣∣∣
ŷi=Fj(xi)

,

where yi and ŷi are the actual and predicted values corresponding to the input xi, respectively [25].
Next, the new weak learner, fj+1(x), is trained on the residuals r̂j (i.e., the computed gradients) along

with the original input data X. The contribution of this new weak learner, denoted as γ̂j+1, is obtained by
solving [25]

γ̂j+1 = arg min
γ

N∑
i=1
L (yi, Fj(xi) + γfj+1(xi))

The model is then updated as [25]

Fj+1(x) = Fj(x) + γ̂j+1fj+1(x)

This process continues iteratively until the algorithm converges to the optimal solution (i.e., the minimum
loss) [25].

Comparison with Random Forest:

• Since each weak learner in Gradient Boosting is trained to correct the errors of its predecessors, it
often achieves higher predictive accuracy than Random Forest.

• However, Gradient Boosting is slower to train and more complex to tune, as it involves more
hyperparameters.

• It is also more susceptible to overfitting if not properly regularized (e.g., via learning rate, sub-
sampling, or tree depth constraints).

5.5.1 Implementation
The machine learning random fores model in Python was developed from scratch. The complete implemen-
tation script is available on Gradient Boosting from Scratch.
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Classifier

We developed a gradient boosting classifier for the Breast Cancer dataset using the built-in functions
provided in scikit-learn in Python. The following screenshot illustrates the training process of the classifier.
The model was imported from sklearn.ensemble. Moreover, we applied Grid Search Cross-Validation to
identify the optimal hyperparameters of the model. In this process, we defined ranges for various parameters,
such as n_estimators (no. of trees), max_depth, min_samples_split, and learning_rate.

After identifying the best classifier through Grid Search Cross-Validation, we evaluated its performance
using the test dataset. The following screenshot presents the corresponding results. The complete imple-
mentation script is available on the GitHub page Gradient Boosting Classifier.
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Regressor

We developed a gradient boosting regressor using the California Housing dataset available in scikit-learn.
The following screenshot shows the training (fitting) process of the regressor, where Grid Search Cross-
Validation was employed to tune the optimal hyperparameters.

After training the regressor, we evaluated its performance on the test dataset. The following screenshot
displays the corresponding results. The complete implementation script is available on the GitHub page
Gradient Boosting Regressor.
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5.5.2 XGBoost
Extreme Gradient Boosting (XGBoost) is an enhanced variation of the traditional Gradient Boosting algo-
rithm that provides significant improvements in speed, accuracy, and feature handling. These enhancements
are achieved through advanced techniques such as regularization, parallel processing, and a more sophisti-
cated loss function optimization using the second-order Taylor approximation instead of standard first-order
gradient descent. Key characteristics of XGBoost include:

• XGBoost incorporates both L1-norm and L2-norm regularization techniques to prevent overfitting and
improve model generalization.

• It includes built-in mechanisms for handling missing values efficiently, eliminating the need for external
preprocessing.

• XGBoost inherently supports cross-validation, which helps in reducing overfitting and improving model
robustness.

• It is computationally efficient and supports parallel processing via leveraging multi-core architectures
for faster training and tuning.

• XGBoost employs a depth-first tree growth strategy and stops branching when further splits provide
no performance gain. The model then performs backward pruning to optimize the final tree structure.

• It supports user-defined objective functions and evaluation metrics that enhances versatility and pro-
vides flexibility for a wide range of learning tasks.

Compared to traditional Gradient Boosting, XGBoost leverages a Taylor series approximation of the
loss function to accelerate convergence. In XGBoost, the overall objective function is defined as

L(Φ) =
∑

i

L(yi, ŷi) +
∑

k

Ω(fk), (5.11)

where the first term represents the residual loss w.r.t. the samples, aiming to minimize the bias, and the
second term denotes the regularization component over all trees, aiming to control model complexity and
reduce variance.

The residual loss at iteration t combines the predictions of all previous trees with the contribution from
the current tree, such that

L(yi, ŷi) = L(yi, ŷi(t−1) + ft(xi)), (5.12)

where ŷi(t−1) represents the aggregated predictions from the previous (t − 1) trees, and ft(xi) corresponds
to the prediction of the current tree.

To efficiently optimize this objective, XGBoost applies a second-order Taylor series approximation to the
loss function around ŷi(t−1), that yields in

L(yi, ŷi(t−1) + ft(xi)) ≈ L(yi, ŷi) + gift(xi) + 1
2hif

2
t (xi), (5.13)

where gi and hi denote the first- and second-order derivatives (gradient and Hessian) of the loss function
w.r.t. the previous prediction, defined as gi = ∂ŷi(t−1)L(yi, ŷi(t−1)) and hi = ∂2

ŷi(t−1)
L(yi, ŷi(t−1)).
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Classifier

We developed a XGBoost classifier for the Breast Cancer dataset using the built-in functions provided
in scikit-learn in Python. The following screenshot illustrates the training process of the classifier. The
model was imported from xgboost. Moreover, we applied Grid Search Cross-Validation to identify the
optimal hyperparameters of the model. In this process, we defined ranges for various parameters, such as
n_estimators (no. of trees), max_depth, min_samples_split, and learning_rate.

After identifying the best classifier through Grid Search Cross-Validation, we evaluated its performance
using the test dataset. The following screenshot presents the corresponding results. The complete imple-
mentation script is available on the GitHub page XGBoost Classifier.
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Regressor

We developed an XGBoost regressor using the California Housing dataset available in scikit-learn. The
following screenshot shows the training (fitting) process of the regressor, where Grid Search Cross-
Validation was employed to tune the optimal hyperparameters.

After training the regressor, we evaluated its performance on the test dataset. The following screenshot
displays the corresponding results. The complete implementation script is available on the GitHub page
XGBoost Regressor.
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5.6 Support Vector Machine
Support Vector Machine (SVM) is a linear model designed to find a decision boundary (or hyperplane) that
separates classes in the feature space. The optimal hyperplane is the one that maximizes the margin, i.e., the
distance between the hyperplane and the nearest points from each class (also called support vectors), which
typically leads to better generalization and classification performance. Figure 5.5 illustrates the SVM with
linear kernel wherein the red line is the separator surrounded by two dashed lines as the support vectors.

Figure 5.5: An illustration of SVM with linear kernel.

The linear hyperplane described above corresponds to the linear kernel in SVM, which produces a straight-
line decision boundary suitable for linearly separable data. In addition to the linear kernel, SVM also supports
non-linear kernels to capture more complex relationships. Two common non-linear kernels are the Radial
Basis Function (RBF) and the Polynomial kernel. The RBF kernel generates a highly flexible, non-
linear boundary capable of modeling intricate patterns, while the Polynomial kernel constructs non-linear
boundaries using polynomial functions. However, the Polynomial kernel is more prone to overfitting when
higher-degree polynomials are used.

The key hyperparameter in SVM is the regularization parameter, denoted by C, which must be carefully
tuned. The parameter C is a strictly positive value (commonly initialized as 1.0 by default) that controls
the trade-off between maximizing the margin and minimizing classification error. Moreover, it is essential
to normalize the input data in the preprocessing step for both training and testing. A commonly used
normalization technique is z-score normalization, which standardizes features to have zero mean and unit
variance.

5.6.1 Implementation
The machine learning SVM model in Python was developed from scratch following the guidelines provided
in [26]. The complete implementation script is available on SVM from Scratch.
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Classifier

We developed an SVM classifier for the Breast Cancer dataset using the built-in functions provided in
scikit-learn in Python. The following screenshot illustrates the training process and the evaluation results
of the model. The model was imported from sklearn.svm. The implementation includes all linear, rbf, and
polynomial kernels. The complete implementation script is available on the GitHub page SVM Classifier.
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Regressor

We developed an SVM regressor using the California Housing dataset available in scikit-learn. The
following screenshot shows the training (fitting) process the regressor, following by the evaluation results.
The implementation includes all linear, rbf, and polynomial kernels. The complete implementation script is
available on the GitHub page SVM Regressor.
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5.7 K-Nearest Neighbors
The K-Nearest Neighbors (KNN) algorithm is a lazy learning model, meaning it does not build an explicit
training model but rather stores the entire dataset for prediction. For each data point in the test set, KNN
computes the distance, commonly using Manhattan, Euclidean, or Minkowski metrics, between the query
point and all points in the training set. It then selects the k nearest neighbors (typically k = 5) based on
these distances. Finally, the model predicts the outcome by applying majority voting for classification tasks
or averaging the neighbors’ values for regression tasks.

5.7.1 Implementation
The machine learning KNN model in Python was developed from scratch following the guidelines provided
in [27]. The complete implementation script is available on KNN from Scratch.

Classifier

We developed a KNN classifier for the Breast Cancer dataset using the built-in functions provided in
scikit-learn in Python. The following screenshot illustrates the training process and the evaluation results
of the model. The model was imported from sklearn.neighbors. The complete implementation script is
available on the GitHub page KNN Classifier.

Regressor

We developed a KNN regressor using the California Housing dataset available in scikit-learn. The following
screenshot shows the training (fitting) process the regressor, following by the evaluation results. The complete
implementation script is available on the GitHub page KNN Regressor.

unsup
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Unsupervised Learning

In machine learning, unsupervised data refers to unlabeled data, i.e., data without predefined output cate-
gories or target values. Unlike supervised learning, which involves classification or regression, unsupervised
learning models such as K-Means and DBSCAN are used to cluster data based on their distances and/or
distributions. These models are particularly useful for tasks like anomaly detection, where the goal is to
identify data points that exhibit unusual patterns or behaviors. In the remainder of this chapter, we review
K-Means and DBSCAN as two well-known unsupervised learning algorithms1.

1Note: The main reference for the current section is the scikit-learn [20].
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6.1 K-Means Clustering
K-Means is an unsupervised learning algorithm that partitions data into K distinct clusters. The algorithm
begins by initializing K cluster centers, known as centroids. Each data sample is then assigned to the nearest
centroid (commonly based on Euclidean distance) after which the centroids are updated as the mean of all
samples within each cluster. This process repeats iteratively until the centroids no longer change significantly
or the maximum number of iterations is reached.

6.1.1 Implementation
The K-Means clustering model in Python was developed from scratch following the guidelines provided in
[28]. The complete implementation script is available on K-Means from Scratch.

We developed a K-Means clustering model for the breast cancer dataset using the built-in functions pro-
vided in scikit-learn in Python (we kept the target labels for evaluation purposes). The following screenshot
illustrates the model’s fitting and predicting process. The model was imported from sklearn.cluster. The
complete implementation script is available on the GitHub page K-Means Clustering.
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6.2 Density-Based Spatial Clustering of Applications with Noise
K-Means is an efficient clustering algorithm that performs well when the number of clusters, K, is appro-
priately specified. In contrast, Density-Based Spatial Clustering of Applications with Noise (DBSCAN) is
a density-based algorithm that groups points according to their local density that enables the detection of
clusters of arbitrary shapes and the identification of noise points.

To estimate density, DBSCAN relies on two key parameters: ε (or eps) and minPts. The former defines
the maximum radius of a neighborhood around a point, while the latter specifies the minimum number
of points required within this neighborhood for a point to be considered a core point. Based on these
parameters, three types of points are defined:

• Core Point: A point that has at least minPts neighbors (including itself) within its eps neighborhood.
Core points represent dense regions that form the backbone of clusters.

• Border Point: A point with fewer than minPts neighbors in its eps neighborhood, yet lies within the
eps neighborhood of a core point.

• Noise Point: A point that is neither a core point nor a border point. Such points are considered
outliers and do not belong to any cluster.

The algorithm begins with an unvisited data point, referred to as the point of interest. Then, It identifies all
points within the eps distance of this point. If the number of neighboring points is less than minPts, the point
is temporarily labeled as noise (it may later become a border point if it falls within the eps neighborhood of
a core point). Otherwise, the point is identified as a core point, and a new cluster is initiated.

DBSCAN then recursively expands this cluster by adding all density-reachable points, i.e., all core points
and their connected border points. This expansion continues by iterating through each newly added core
point and including its neighbors if they also satisfy the core point condition or lie within the eps neighbor-
hood of an existing core point. The process repeats until all points have been visited and assigned a label,
either as part of a cluster or as noise.
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6.2.1 Implementation
We developed a DBSCAN clustering model for the breast cancer dataset using the built-in functions provided
in scikit-learn in Python (we kept the target labels for evaluation purposes). Although DBSCAN is a powerful
clustering model, it is highly sensitive to the values of eps and minPts. By default, these parameters are set
to eps = 0.5 and minPts = 5. However, the obtained results indicate that eps = 4 leads to better clustering
performance.

The following screenshot illustrates the model’s fitting and predicting process. The model was imported
from sklearn.cluster. The complete implementation script is available on the GitHub page DBSCAN Clustering.
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Deep Learning

Some datasets contain highly complex patterns that cannot be effectively captured by the models discussed
in Chapter 5. Deep Neural Networks (DNNs) are powerful and flexible models designed to handle such
intricate data structures. In this chapter, we review three well-known types of DNNs, namely the Multi-
Layer Perceptron (MLP) [20, 29, 30], Convolutional Neural Network (CNN) [31], and Recurrent Neural
Network (RNN) [32].
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7.1 Multi-Layer Perceptron Network

Multi-Layer Perceptron (MLP) networks are inspired by the biological neural connections in the brain. Each
neuron receives inputs from other neurons, processes them, and transmits the output to the subsequent
neurons [20, 29, 30].

In neural networks, a perceptron acts as a computational unit that receives multiple inputs, computes a
weighted sum, and applies an activation function to introduce non-linearity. This non-linearity enables the
network to learn non-linear relationships between input and output [29, 30].

7.1.1 Architecture
Figure 7.1 illustrates the overall architecture of an MLP, which typically includes one input layer, one or
more hidden layers, and one output layer [29, 30].

Figure 7.1: An overall architecture for an MLP.

• Input Layer: The number of neurons in the input layer corresponds to the number of features in the
dataset.

• Hidden Layer: The network may include one or multiple hidden layers, each containing an arbitrary
number of neurons. These layers are responsible for learning hierarchical feature representations.

• Output Layer: This layer generates the final prediction or output of the model.

Since neurons in an MLP are typically densely connected, most architectures are fully connected, i.e.,
each neuron in one layer is connected to all neurons in the subsequent layer [29, 30].

7.1.2 Mechanisms
Each MLP operates based on four fundamental mechanisms: forward propagation, loss computation,
backpropagation, and optimization [29, 30].

Forward Propagation

During forward propagation, data flows from the input layer to the output layer, passing through the hidden
layers. Each neuron processes the input in two steps [29, 30]:

1. Weighted Sum: Each neuron computes a weighted sum of its inputs, as shown in Eq. 7.1:
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z =
N∑

i=1
wixi + b, (7.1)

where N is the number of inputs, xi represents the input data, wi the corresponding weights, and b the
bias term. This operation establishes a linear relationship among inputs, weights, and bias [29, 30].

2. Activation Function: To introduce non-linearity, an activation function is applied to z. Common
activation functions include [29, 30]:

• Sigmoid:
σ(z) = 1

1 + e−z

• Rectified Linear Unit (ReLU):
f(z) = max{0, z}

• Hyperbolic Tangent (Tanh):

tanh(z) = 2
1 + e−2z

− 1

Loss Function

The loss function quantifies the difference between predicted and actual values, that guides the optimization
process. Selecting an appropriate loss function is crucial for effective training. Common loss functions include
[29, 30]:

• Binary Classification: Binary Cross-Entropy Loss (BCELoss) is suitable when the output layer
contains a single neuron. For N samples, with true labels yi and predicted probabilities ŷi, the loss is
defined as [29, 30]:

L = − 1
N

N∑
i=1

[yi log(ŷi) + (1− yi) log(1− ŷi)]

• Multi-class Classification: For tasks with C classes, Cross-Entropy Loss (CELoss) is used. The
output layer includes C neurons, each representing a class [29, 30]:

L = − 1
N

N∑
i=1

C∑
c=1

yic log(ŷic)

• Regression: Mean Squared Error (MSE) Loss is commonly used for regression tasks [29, 30]:

L = 1
N

N∑
i=1

(yi − ŷi)2

Backpropagation

The objective of training is to minimize the loss by updating the network’s parameters (weights and biases).
Backpropagation is the process through which this minimization is achieved [29, 30].

1. Gradient Calculation: In the backpropagation, the mode first computes the gradient of the loss
function w.r.t. each weight and bias [29, 30].

2. Error Propagation: In this step, the computed errors are propagated backward from the output
layer to the input layer [29, 30].
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3. Parameter Update: Finally, weights and biases are updated using the gradient descent rule with a
defined learning rate α [29, 30]:

w ← w − α
∂L
∂w

,

b← b− α
∂L
∂b

Optimization

Optimization algorithms are applied to adjust the weights and biases efficiently based on the gradients.
Two widely used optimization techniques in MLPs are Stochastic Gradient Descent (SGD) [33] and
Adaptive Moment Estimation (Adam) [34].

• Stochastic Gradient Descent (SGD): In SGD, the model updates parameters using a single (or
small batch of) training samples at each iteration, rather than the entire dataset. This approach
improves computational efficiency and helps escape local minima. The parameter update rule is [33]:

θ ← θ − α∇θL(θ; xi, yi),

where α is the learning rate, θ denotes model parameters, and ∇θL represents the gradient of the loss
[33].

• Adaptive Moment Estimation (Adam): SGD is prone to trapping in local minima. To address
this limitation, Adam combines the advantages of SGD with momentum and adaptive learning rates. It
uses momentum to accelerate the gradient descent process by incorporating an exponentially weighted
moving average of past gradients. This helps smooth out the trajectory of the optimization allowing
the algorithm to converge faster by reducing oscillations. The update rule with momentum is given by
[34]

wt+1 = wt − αmt,

where mt is the moving average of the gradients at time t; parameter α shows the learning rate; and
wt and wt+1 represent the weights of the model at times t and t + 1, respectively. The momentum
term mt is updated recursively as [34]

mt = β1mt−1 + (1− β1) ∂L
∂wt

,

where β1 is the momentum parameter (typically set to 0.9), ∂L/∂wt is the gradient of the loss function
w.r.t. the weights at time t [34].
Adam also exploits Root Mean Square Propagation (RMSprop) that helps overcome the problem of
diminishing learning rates via exponentially weighted moving average of squared gradients. The update
rule for RMSprop is [34]

wt+1 = wt −
αt√

vt + ϵ

∂L
∂wt

,

where ϵ is a small constant to avoid division by zero. Also, vt is the exponentially weighted average of
squared gradients that is given by [34]

vt = β2vt−1 + (1− β2)
(

∂L
∂wt

)2
,
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where β2 is the decay rate (typically set to 0.999) [34].
Overall, Adam maintains exponentially decaying averages of past gradients (first moment) and squared
gradients (second moment), allowing for stable and fast convergence. Its update rules are [34]:

m̂t = mt

1− βt
1

, v̂t = vt

1− βt
2

θt = θt−1 − α
m̂t√
v̂t + ϵ

,

Adam generally outperforms vanilla SGD in practice due to its adaptive learning rate and momentum
terms, especially in high-dimensional and sparse datasets [34].

7.1.3 Implementation
We developed two MLP networks for a binary classification task to demonstrate the difference between
the Binary Cross-Entropy Loss (BCELoss) and the Cross-Entropy Loss (CELoss) functions. The
models were implemented using the PyTorch [35] framework. Both MLPs consist of one input layer, one
hidden layer, and one output layer. The input and hidden layers contain 20 (corresponding to the number of
features) and 16 neurons, respectively. However, the output layers differ in the number of neurons depending
on the selected loss function.
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The first MLP uses BCELoss as its loss function. Therefore, the output layer consists of a single neuron with
a Sigmoid activation function. The following screenshot illustrates the architecture of the corresponding
MLP class.

The training was conducted for 100 epochs, and k-fold cross-validation was applied to mitigate overfitting
and improve model generalization. The following screenshot shows the training and validation procedures
under k-fold cross-validation. The complete implementation script is available on the GitHub repository:
BCELoss-based MLP.
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The second model leverages CELoss as the loss function. In this case, the output layer contains two neurons
corresponding to the two classes. The following screenshot shows the corresponding MLP class defined for
this model.

Similar to the BCELoss-based MLP, this model was trained for 100 epochs using k-fold cross-validation. The
following screenshot presents the training and validation process. As shown, to obtain the corresponding
label, arg max function is applied to the logits. The complete implementation script is available on the
GitHub repository: CELoss-based MLP.
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7.2 Convolutional Neural Network
Convolutional Neural Networks (CNNs) are inspired by the human visual system. The eyes serve as input
gates that capture visual information and transmit it to the brain, where the visual cortex processes the
image step by step (layer by layer) to recognize the components of the scene.

Figure 7.2: Visual cortex in the human brain [36].

Figure 7.2 shows the visual cortex in the human brain, including the Retina, Lateral Geniculate
Nucleus (LGN), Primary Visual Cortex (V1), Secondary Visual Cortex (V2), Tertiary Visual
Cortex (V3), and Lateral Occipital Complex (LOC) [36].

• Retina: A layer of photoreceptors at the back of the eye that detects light intensity and color (wave-
length). The retina converts optical images into electrical signals and sends them via the optic nerve
to the LGN [36].

• Lateral Geniculate Nucleus (LGN): Acts as a relay station between the retina and V1. It organizes,
filters, and modulates visual signals while maintaining spatial mapping of the visual scene, a property
known as retinotopy [36].

• Primary Visual Cortex (V1): Processes basic features such as edge orientation, contrast, and
motion direction. Neurons in V1 have receptive fields that respond to stimuli in specific locations of
the visual field [36].

• Secondary Visual Cortex (V2): Combines information from V1 to process more complex patterns,
including contours, textures, and simple shapes. V2 serves as an intermediate stage that prepares
visual information for higher-level processing [36].

• Tertiary Visual Cortex (V3): Divided into two parts [36]:

– V3 proper (dorsal V3): Involved in motion and dynamic form processing. It is part of the dorsal
stream (“where/how” pathway) that extends toward the parietal lobe, responsible for motion,
depth, and spatial awareness [36].

– V3v (ventral V3): Involved in object shape and form processing. It is part of the ventral stream
(“what” pathway) that extends toward the inferotemporal cortex (IT) and is responsible for object
recognition, color, and detailed form [36].

• Lateral Occipital Complex (LOC): Recognizes complete objects, responding to shapes and forms
regardless of size, position, or viewpoint [36].
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Inspired by this biological system, a CNN combines convolutional layers with a fully connected neural
network. Figure 7.3 illustrates a typical CNN architecture including two convolutional layers followed by a
fully connected MLP (see Sec. 7.1). The model is trained on the MNIST dataset and classifies each input
image into one of ten classes (digits 0–9).

Figure 7.3: An example architecture of a CNN [31].

A convolutional layer in a CNN consists of number of channels (e.g., n1 and n2 in Fig. 7.3), each equipped
with a fundamental building block called a kernel or filter. Filters in each layer learn to recognize patterns,
progressively identifying more complex features in deeper layers. Figure 7.4 illustrates this hierarchical
learning process.

Figure 7.4: An example of convolutional layers in a CNN.

In this example, an initial image (a cute dog1) is filtered by kernels in the first convolutional layer. The
upper filters learn to detect features such as eyes, nose, and ears, while the lower filters recognize paws. In

1Image source: Pinterest [1]
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the second layer, the filters identify higher-level structures such as the head and body. This hierarchical
learning enables CNNs to build complex visual understanding from simple features.
In the following subsections, we review the core components of a CNN, followed by implementing a CNN
model.

7.2.1 Filter
A filter (or kernel) in a CNN detects local patterns in an image. Given an input image of size (n×n), a filter
of size (f ×f) (where f < n) slides over the image, performing element-wise multiplications and summations
with corresponding pixel values. The result at each step forms the corresponding pixels in the output feature
map [31]. Figure 7.5 shows an example of a (20× 20) input image with a (5× 5) filter.

Figure 7.5: Filter operation in a CNN.

7.2.2 Stride
The stride determines how many pixels the filter moves each time it slides over the input image [31]. Figure
7.6 shows an example where the stride is (5, 5), stating that the filter moves five pixels to the right after
each operation and, upon reaching the end of a row, moves five pixels down to start the next pass.

Figure 7.6: Stride in a CNN.

7.2.3 Padding
Padding controls the spatial dimensions of the output feature maps. Without padding, applying filters
reduces the size of the feature maps. To preserve the input dimensions, zeros are added around the borders
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of the input image. Given an input of size (n× n), filter size (f × f), and stride s, the output dimension is
calculated as [31]:

output_size =
(

n− f

s
+ 1

)
×

(
n− f

s
+ 1

)
(7.2)

In our example (Fig. 7.5), the output size is (4× 4). There are two common types of padding:

• Valid: No padding is applied; thus, n′ = n, where n′ is the new size of the input image [31].

• Same: Padding is applied such that the output size equals the input size. Let p be the padding size.
Since padding happens for rows (up and down) and columns (left and right), the new input images
size must follow n′ = n + 2p. Therefore, we have [31]

n′ − f

s
+ 1 = n⇒ n + 2p− f

s
+ 1 = n⇒ p = n(s− 1) + f − s

2 (7.3)

Figure 7.7 illustrates zero-padding (or Same) in an input image.

Figure 7.7: Padding in a CNN.

7.2.4 Pooling
Pooling is a downsampling technique used to reduce the spatial size of feature maps, which decreases com-
putational cost and helps prevent overfitting by summarizing local features. The two most common pooling
methods are Max Pooling and Average Pooling, which select the maximum or average value from each region,
respectively [31]. Figure 7.8 shows an example using a (2× 2) filter and a (2, 2) stride.

Figure 7.8: Pooling in a CNN. Left: Max Pooling; Right: Average Pooling.
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7.2.5 Fully Connected Neural Network
The final stage of a CNN is a fully connected neural network (an MLP) that maps the extracted features to
output predictions (e.g., class probabilities). The output of the convolutional layers is first flattened into a
one-dimensional vector and then passed through one or more dense layers to produce the final outputs [31].

7.2.6 Implementation
The following screenshot illustrates the training process of a CNN model implemented in the TensorFlow
[37] framework. The complete implementation script is available on the GitHub repository: CNN.
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7.3 Recurrent Neural Network

Recurrent Neural Networks (RNNs) are time-dependent architectures in which outputs from previous time
steps participate in the prediction of the current output. Unlike MLPs and CNNs, which apply traditional
backpropagation, RNNs employ Backpropagation Through Time (BPTT), a variant designed to handle
temporal dependencies. BPTT follows the same fundamental procedure as standard backpropagation, i.e.,
calculating errors from the output layer back to the input; yet, it propagates the sum of errors over all time
steps that allows the network to learn from sequential dependencies. Figure 7.9 illustrates the conceptual
difference between an MLP and an RNN [32].

Figure 7.9: Comparison of an MLP and an RNN. Left: MLP; Right: RNN [38].

Figure 7.10 depicts the basic computational structure of an RNN unfolded across multiple time steps. At
each time step t, the model takes as input the current feature vector xt, the hidden state from the previous
time step ht−1, and produces both an updated hidden state ht and an output ot. The hidden state acts as
the network’s internal memory that carries temporal information across time. The hidden state at time step
t is computed as [32]:

ht = tanh(Uxt + V ht−1 + bh),

where U is the weight matrix associated with the input xt, V shows the weight matrix associated with the
previous hidden state ht−1, and bh represents bias term for the hidden layer [32].
Notabely, the RNN shares the same weights (U , W , and bh) across all time steps, meaning that these
parameters are time-invariant. This parameter sharing reduces model complexity and ensures consistent
learning across temporal contexts [32].

Figure 7.10: Building blocks of an RNN unfolded over time [32].

Once the hidden state ht is computed, the output at time t is generated using an activation function,
commonly the sigmoid function σ(·) [32]:
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ot = σ(Woht + bo),

where W and bo denote the output-layer weights and bias, respectively. The term ot represents the model’s
external output (used for tasks such as text generation, translation, or forecasting), while ht serves as the
internal output passed to the next time step (t + 1) [32].
The RNN architecture offers both advantages and disadvantages [32]:

• Advantages:

– Can handle variable-length sequential inputs.
– Maintains internal memory (hidden states) that captures temporal dependencies.
– Shares parameters across time, reducing model size and complexity.
– Well-suited for sequence-based tasks such as language modeling, translation, speech recognition,

and text summarization.

• Disadvantages:

– Prone to the vanishing and exploding gradient problems during training.
– Struggles with long-term dependencies, making it less effective for tasks requiring long-range

context.
– Sequential computation limits parallelization, leading to slower training compared to feed-forward

architectures.
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7.3.1 Long Short-Term Memory

As mentioned earlier, RNNs are prone to the gradient vanishing problem. The Long Short-Term Memory
(LSTM) architecture addresses this issue by introducing a long-term memory mechanism (see Fig. 7.11)
[39, 40].

Figure 7.11: LSTM vs RNN. Left: RNN; Right: LSTM [41].

LSTMs maintain both short-term and long-term states across time steps. Figure 7.12 illustrates the
architecture of an LSTM, which consists of three gates: forget gate, input gate, and output gate [39].

Figure 7.12: Building blocks of an LSTM [39].

The forget gate allows the model to selectively discard irrelevant information from the past. Specifically,
the previous hidden state, ht−1, and the current input, xt, are processed to generate a forget vector, ft, that
controls how much of the previous cell state Ct−1 should be retained [39]:

ft = σ
(

Wf · [ht−1, xt] + bf

)
,

where Wf and bf represent the weights and bias of the forget gate, respectively. The updated cell state is
then partially preserved as Ct−1 ⊙ ft [39].

The input gate determines what new information should be added to the cell state. Both ht−1 and xt

are passed through a sigmoid layer and a tanh layer to generate candidate updates [39]:
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it = σ
(

Wi · [ht−1, xt] + bi

)
,

Ĉt = tanh
(

Wc · [ht−1, xt] + bc

)
,

where it represents the input modulation gate, and Ĉt represents the candidate cell state. The new cell state
Ct is then updated as follows [39]:

Ct = ft ⊙ Ct−1 + it ⊙ Ĉt

Finally, the output gate controls what part of the cell state should be output at each time step. The
gate first computes an activation ot, then multiplies it with the tanh-transformed cell state to obtain the
new hidden state ht [39]:

ot = σ
(

Wo · [ht−1, xt] + bo

)
,

ht = ot ⊙ tanh(Ct),

where Wo and bo denote the weights and bias terms for the output gate. In summary, LSTMs effectively
mitigate the vanishing gradient problem by maintaining a stable cell state, enabling the model to capture
long-range temporal dependencies [39].
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