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Overview

@ Feature Engineering

@ Dimensionality Reduction
@ Principal Component Analysis
o t-Distributed Stochastic Neighbor Embedding (t-SNE)

© Working with Language
@ NLP, Tokens, Tokenization, Encoding, Embeddings
o Bag-of-Words, TF-IDF and Word2Vec

e Appendix A: Data Organization, Libraries and Frameworks
© Appendix B: Sentiment Analysis of Movie Reviews

@ Appendix C: Maximum Likelihood Estimation (MLE)

@ Appendix D: Cheatsheets



Quick Review



Data-Driven Infrastructure Development

From an infrastructure standpoint, we seek:

@ Data-driven approaches to measurement of performance in
the building environment and identification of trends and
patterns in behavior.

@ Solutions that account for unique physical, economic, social
and cultural characteristics of individual cities.

Sources of Complication:
@ Multiple domains; multiple types of data and information.
@ Network structures that are spatial and interwoven.
@ Behaviors that are distributed and concurrent.

@ Many interdependencies among coupled urban subsystems.



Getting Started



Definition of Data Science

Various Sources (Wikipedia, Amazon AWS, IBM, etc):

@ Study of data to extract meaningful insights relevant to an
application domain.

@ End-to-end process of going from messy data to knowledge
and actionable insights.

@ Data science combines domain expertize, programming skills
and knowledge of mathematics and statistics to extract
meaningful insight from noisy, structured and unstructured
data.

@ Data science is the process of using advanced analytics to
extract valuable information from data for decision making,
planning and improvement of operations.



Core Data Science Activities

Core Activities:

Collection: Gathering data from various sources and formats
(e.g., csv, txt, xslx, html, xml).

Cleaning: Identifying and correcting errors, inconsistencies,
and missing values in a dataset.

Exploratory Analysis: Investigating datasets to summarize
their main characteristics, often with visual methods.

Feature Engineering: Create new features from existing data
to improve model performance.

Model Building: Developing and training machine learning
and statistical models to make predictions or classify data.



Core Data Science Activities

@ Model Evaluation: Assessing the performance of a model to
ensure it meets the project goals.

e Data Visualization: Creating charts and graphs to
communicate findings and insights.

@ Deployment: Implement a model so it can be used in a
real-world application.

Challenges:

o Traditional databases are being replaced by cloud computing
(i.e., large-scale distributed computing).



Related Data Science

Useful things to know when Building Examples:

o Feature Engineering
o Extract-Transform-Load (ETL) Processes

@ Working with Language

o Tokens and Word Tokens

e One-Hot and Byte Pair Encoding Techniques

o Embedding Models/Vectors.
@ Dimensionality Reduction

o Principal Component Analysis (PCA)

o t-Distributed Stochastic Neighbor Embedding (t-SNE)
@ Data Organization

e Sample, Batch size, and Epochs

o Natural Language Processing
e Bag of Words, TF-IDF and Word2Vec



Feature

Engineering



Feature Engineering
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Feature Engineering

Feature Engineering

Feature Engineering is the process of transforming raw data into
meaningful inputs (features) that machine learning models can
understand and make predictions.
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Feature Engineering
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Extract-Transform-Load (ETL) Processes

ETL Processes
@ ETL stands for extract, transform, load.

@ Traditional ETL extracts data from excel tables, csv, XML,
JSON files, etc, and transforms it for storage in centralized
databases.

extract
Data Source 1 transform

. load
Engine - Target

—f-]

extract

Data Source 2

@ Emerging ETL extracts data from sensors, mobile Apps, etc,
and transforms it for storage in cloud computing.



Feature Engineering
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Extract-Transform-Load Processes

Benefits of ETL

o Information Clarity. Data is cleaned and joined across
sources before it is saved in a database.

o Information Completeness. A well-defined ETL includes all
of the data sources relevant to decision making operations.

@ Information Quality. ETL processes validate data at
extraction or correct/discard data at transformation.

o Information Velocity. ETL processes can be triggered when
new data arrives.

Challenges of ETL

e Traditional targets (databases) are being replaced by cloud
computing.



Feature Engineering
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ETL Data Transformation Operations

Data Transformation Operations

Read data in a variety or formats (e.g., csv, text).

Find and remove duplicate values.

Remove unnecessary columns; rename columns.

Filter data to keep only specific values (e.g., "MD" or "VA").

Conditionally replace invalid values with new values computed
by an external function.

Convert categorical data into integers and one-hot encodiings.
Extract lower-level detail (e.g., day, hr, min) from string.

Transfer data to dataset with a function/mapping.



Feature Engineering
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ETL in Pandas

Example 1: ...

Output:

Source Code: See: python-code/pandas/



Feature Engineering
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ETL in Pandas

Example 2: ...

Output:



Dimensionality

Reduction



Dimensionality Reduction
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Dimensionality Reduction

Curse of Dimensionality

Machine learning problems are inherently statistical and involve
high-dimensional data. Increases in the problem dimensionality,
decrease the number of data points available for classification in
each dimension.

Classifier performance

ot T 77T
0 ! Dimensionality (number of features)



Dimensionality Reduction
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Classification of Machine Learning Problems

Dimensionality Reduction

Strategies of dimensionality reduction involve transformation of
data to new (lower) dimension in such a way that some of the
dimensions can be discarded without a loss of information.

Example: Projection of Swiss Roll data in 3D to 2D ...

3D Nonlinear Swiss Roll 2D Linear Manifold in 3D




Dimensionality Reduction
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Principal Component Analysis

Principal Component Analysis

Principal component analysis is an orthogonal linear transformation
that transforms mean-centered data into a new coordinate system
such that the variance of the projected data is maximized along
the new axes — the latter is called the first principal component.

original data space

component space

Gene 3

Gene 2 Gene 1



Dimensionality Reduction
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Principal Component Analysis

Interpretation of Principal Components:

@ The first principal component can be defined as the direction
that maximizes the variance of the projected data.

@ The i-th principal component is a direction that maximizes
the variance in the projected data and is orthogonal to the
first i-1 principal components.

Applications:
@ Exploratory data analysis.

@ Dimensionality reduction.

Note: In general, dimensionality reduction loses information.
PCA-based reduction procedures tend to minimize information loss.



Dimensionality Reduction
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Principal Component Analysis

Mathematical Procedure: Suppose that our dataset comprises n
m-dimensional data points:

X11 X12 ' Xim
X21 X222 -t Xom

X = S : (1)
Xnl Xn2 ' Xnm

Step 1. Compute the mean value for each dimension in the
dataset:



Dimensionality Reduction
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Principal Component Analysis

Step 2. Compute the m x m covariance matrix:

coviy covip - COVim
CoVo1 COVoo - - CcoVvo

Cov = _ . " (3)
COVm1 COVp2 -+ COVmm

where,
1 n
covjj = ——7 > O — %) (g — %) (4)

n=4i=

Step 3. Compute the covariance matrix eigenvalues/eigenvectors:

[Cov] W = AW. (5)



Dimensionality Reduction
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Principal Component Analysis

Step 4. Sort eigenvalues by decreasing order.

Step 5. Choose k (k < m) largest eigenvalues/eigenvectors to
form m x k matrix:

w1l Wi o Wik
w21 Wap - Wo

W= . . (6)
Wmi Wm2 - Wmngk

Step 6. Transform raw data X onto k-dimensional subspace Y:

Y=X-W. (7)



Dimensionality Reduction
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Principal Component Analysis

Example 1: Define straight line segment + noisy data:

def NoisyLineFunction (a,b,x):
return a + b*x + 5*%(random.random() - 1.0)

Generate and Plot Raw Data: (x,y) coordinates:

5.00 3.96
5.25 5.22
5.50 4.30
5.75 6.32

. data values removed ...

19.00 14.44
19.25 18.02
19.50 18.62
19.75 16.12



Dimensionality Reduction
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Principal Component Analysis

Two-dimensional plot of raw data:
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Dimensionality Reduction
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Principal Component Analysis

Compute Principal Components (No components = 2):

pca = PCA(n_components=2)
pca.fit(X)

Mean values; Eigenvalue and Eigenvectors

--- Print mean ...
[12.375 10.5313869]

--- Print components (first and second eigenvectors)

[ 75668904 0.65377496] <-- first eigenvector ...

0.
-0.65377496 0.75668904] ] <-- second eigenvector ...

—

—-—- Print variance ...
[32.50694888 1.05218475]



Dimensionality Reduction
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Principal Component Analysis

Principal Components in Two Dimensions:

Principal Component Analysis (2-dimensions)




Dimensionality Reduction
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Principal Component Analysis

Dimensionality Reduction Platform (one dimension)
pca = PCA(n_components=1)
pca.fit(X)

X_pca = pca.transform(X)

print("--- original shape: ", X.shape)
print("--- transformed shape:", X_pca.shape)

# Compute inverse transform on reduced data ...

X_new = pca.inverse_transform(X_pca)

Shape of Original and Transformed Data

--- original shape: (60, 2)
--- transformed shape: (60, 1)



Dimensionality Reduction
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Principal Component Analysis

Principal Component Analysis in One Dimension:

Principal Component Analysis (1-dimension)



Dimensionality Reduction
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Principal Component Analysis

Components and Variance (as above)

--- Print components ... --- Print variance ...
[[0.75668904 0.65377496]1] [32.50694888]

Side-by-Side Comparison of Coordinates

2D Coords (x,y) --> 1D Coord System --> Inverse Transform Coords
5.00 3.96 -9.88 4.90 4.07
5.25 5.22 -8.87 5.67 4.74
5.50 4.30 -9.27 5.36 4.47
19.00 14.44 7.57 18.10 15.48
19.25 18.02 10.10 20.02 17.13
19.50 18.62 10.68 20.46 17.51

19.75 16.12 9.23 19.36 16.57




Dimensionality Reduction
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Principal Component Analysis

Strengths:

@ Principal component analysis learns the linear transformation
of data.

@ Principal component analysis represents data in lower
dimensions via an optimal orthogonal tranformation.

@ Implementations are fast.

Weaknesses:

@ Principal component analysis learns the linear transformation
of data.

@ As the number of features increases, the chances of overfitting
of the model decreases significantly.

Source Code: See: python-code.d/reduction/
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t-Distributed Stochastic Neighbor Embedding (t-SNE)

t-Distributed Stochastic Neighbor Embedding (t-SNE)

t-distributed stochastic neighbor embedding (t-SNE) is a
non-linear dimensionality reduction technique primarily used for
visualizing high-dimensional datasets in 2D or 3D space.

Unlike linear techniques like PCA, t-SNE excels at preserving the
local structure of data, meaning it keeps similar data points close
together in the lower-dimensional representation while ensuring
dissimilar points are far apart.




Dimensionality Reduction
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t-Distributed Stochastic Neighbor Embedding (t-SNE)

Example 1: Swiss Roll

Original 3D Swiss Roll
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Source: python-code-ai.d/reduction/Test TSNE-SwissRollExample01.py
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t-Distributed Stochastic Neighbor Embedding (t-SNE)

Example 2: Swiss Roll 4+ Hole

n_samples=1500

Source: python-code-ai.d/reduction/Test TSNE-SwissRollExample02.py
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t-Distributed Stochastic Neighbor Embedding (t-SNE)

Example 2: Continued ...

LLE Embedding of Swiss Roll + Hole

0:06 ‘vf
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::::f; &mmsi%%‘gf
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Source: python-code-ai.d/reduction/Test TSNE-SwissRollExample02.py
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t-Distributed Stochastic Neighbor Embedding (t-SNE)

Example 2: Continued ...

t-SNE Embedding of Swiss Roll + Hole
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Source: python-code-ai.d/reduction/TestTSNE-SwissRollExample02.py



Working with

Language

(Tokens, Tokenization, Encoding, Embeddings)



Working with Language
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Natural Language Processing

Natural Language Processing

Natural Language Processing (NLP) is a branch of Al that helps
computers understand, process and generate human language (text
or speech).

NLP combines linguistics, machine learning, and deep learning to
work with natural language.

Importance of NLP:
@ Helps machines understand human communication.
@ Used in many real-world applications.

@ Makes interaction with machines more natural.



Working with Language
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Natural Language Processing

High-Level Process Model:
Applications
Text Classification
Hello!
e 2 } P J/ @ Sentiment Analysis
How are 5°“? A r
# N LP =y @ Machine Translation
(& 7 T —
| Chatbots &
1\ \ @ Virtual Assistants
[ Text Summarization]

Human Language R/

IS

i

NLP is the bridge between human language and machine
understanding.



Working with Language
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Natural Language Processing

Basic Flow:

@ Input: Text and speech.

o Text Preprocessing: Clean text, tokenize, remove stop
words, convert to features.

@ Model: Machine learning, deep learning, transformers and
attention.

e Output: Sentiment (positive or negative).

o Applications: Classification, translations, chatbots,
question/answering, story generation.



Working with Language
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Tokens

In Al, a token is a fundamental unit of data processed by language
models, such as ChatGPT. Instead of reading whole words, Al
breaks text down into small units (e.g., an entire word, part of a
word, punctuation, a single character).

Why Tokens Matter:
@ Businesses pay for Al usage based on input/output tokens.

@ Al models can only remember or process a certain amount of
information at once (also called the context window). This
limit is measure in terms of tokens, not words.

@ The output speed of Al is measured in terms of the number of
tokens it can generate per second.



Working with Language

0O000@00000000000000O0O00O000000O00O0O00000000O000O0000000000

Simple Example:



Working with Language
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Tokenization Processes




Working with Language
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Tokenization Processes




Working with Language
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Encoding Techniques



Working with Language
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Encoding Techniques



Working with Language
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One-Hot Encoding

One-Hot Encoding

@ One hot encoding is one method of converting data to prepare
it for an algorithm and get a better prediction.

@ Each categorical value is converted into a new categorical
column and assign a binary value of 1 or 0 to those columns.

@ Each integer value is represented as a binary vector.

Example 1:

id color id color_red color_blue color_green

1 1 o [}

1 red
One Hot Encoding
2 blue \—gl/> 2 [ 1 o

3 green 3 0 o 1

a blue a [} 1 [}

Source: datascience.com
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One-Hot Encoding

Example 2: Onehot encoding for colors ...

Assignment of a number ~ One-hot encoding of

Colors in our data to each value each color
red red —— 0 red —— [1,0,0,0,0,0,0, 0]
yellow yellow — 1 yellow — [0, 1,0, 0,0, 0,0, 0]
blue blue — 2 blue — [0,0,1,0,0,0, 0, 0]
green green — 3 green — [0,0,0,1,0,0,0,0]
orange orange — 4 orange —[0,0,0,0,1,0,0, 0]
brown brown— 5 brown— [0, 0,0, 0, 0, 1, 0, 0]
purple purple — 6 purple —[0,0,0,0,0,0,1,0]
black black —> 7 black —[0, 0, 0,0,0,0, 0, 1]
(a) (b) (c)

Source: Chapter 10, Glassner, 2021.



Working with Language
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Encoding for Text Sentences

Example 3: Encoding for text sentences ...
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One-Hot Encoding

Example 1: One-Hot Encoding in Python

1 # =

2 # TestEncoderOl.py: Manual one hot encoding with numpy
3 #

4

5 from numpy import argmax

6

7 print("TestEncoderO1.py ")

8 print("

9

10 # define input string

11

12 data = ’hello world’

13 print("--- Input string: %s" %(data))

14

15 # define universe of possible input values

16

17 alphabet = ’abcdefghijklmnopqrstuvwxyz ’

18 print("--- Alphabet of input values: %s" %(alphabet))
19

20 # define a mapping of chars to integers

21

22 char_to_int = dict((c, i) for i, c in enumerate(alphabet))
23 int_to_char = dict((i, c¢) for i, c in enumerate(alphabet))
24

25 # integer encode input data

26

27 integer_encoded = [char_to_int[char] for char in datal

28 print("--- Integer encoded data: %s" %(integer_encoded))
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One-Hot Encoding

29
30
31
32
33
34
35
36
37
38
39
40
4
42
43
44
45
46
47
48
49
50
51
52
53
54
55

Example 1: continued ...

# one hot encode
print ("--- One hot encode ...")

onehot_encoded = list ()

for value in integer_encoded:
letter = [0 for _ in range(len(alphabet))]
letter [value]l = 1
onehot_encoded.append(letter)

print (onehot_encoded)

# invert encoding

print ("--- Invert encoding ...")
print ("--- Encoding[ 0] : %s" %( int_to_char[argmax(onehot_encoded [0])] ))
print ("--- Encoding[ 1] : %s" %( int_to_char[argmax(onehot_encoded[1])] ))

lines of code deleted

print ("--- Encoding[ 8] : %s" %( int_to_char [argmax (onehot_encoded[8])] ))
print ("--- Encodingl 9] : %s" %( int_to_char[argmax (onehot_encoded[91)] ))
print ("--- Encoding[10] : %s" %( int_to_char [argmax (onehot_encoded [10])] ))

print (" =
print ("Finished !! ")
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Working with Language
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Output

TestEncoder0O1l.py ...

—--- Input string: hello world

abcdefghi jklmnopqrstuvwxyz

—--- Alphabet of input values:

[7, 4, 11, 11, 14, 26, 22, 14, 17, 11, 3]

--- Integer encoded data:

—--- One hot encode ...

Oo0O0OO0OO0COO0OO0COOOO

Socccoccdoccocoao
oo Hod A0SO
cocdcocdocooa
Socdococdoccsoaoao
Sco-d—“cocococo—ao
coddocdooooa
Scocococdoscooao
Scccocodocococoo
~ododdocdoccaod
S S =)
Soccococdococoao
cHWoccocococococoo
Scocdcocdocoo
Socdococdocooao
Scocccocococococoo

0000000000 O
.I..I..I.,I.,I.,I.[.L.L.L.L
[
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One-Hot Encoding

Example 2: One-Hot Encoding in Python

1 #

2 # TestEncoder02.py: One hot encoding with sklearn

3 #

4 # Modified by: Mark Austin December 2025
5 #

6

7 from numpy import array

8 from numpy import argmax

9 from sklearn.preprocessing import LabelEncoder

10 from sklearn.preprocessing import OneHotEncoder

11

12

13

14

15

16 def main():

17 print ("--- Enter TestEncoder02.main() e ")
18 print (" ")
19 print("");

20

21 # Input string of temperature levels

22

23 data = [’freeze’, ’cold’, ’warm’, ’cold’, ’hot’, ’burn’,
24 ’warm’, ’burn’, ’cold’, ’warm’, ’hot’]

25

26 values = array(data)
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One-Hot Encoding

Example 2: One-Hot Encoding in Python

27 print ("--- Part O01: Input values:")

28 print (values)

29

30 # Integer encode

31

32 print ("--- Part 02: Integer encoded ...")

33

34 label_encoder = LabelEncoder ()

35 integer_encoded = label_encoder.fit_transform(values)

36

37 print (integer_encoded)

38

39 # Binary encode

40

41 print ("--- Part 03: Onehot binary encoding ...")

42

43 onehot_encoder = OneHotEncoder(handle_unknown=’ignore’, sparse_output=False)
44 integer_encoded = integer_encoded.reshape(len(integer_encoded), 1)
45 onehot_encoded = onehot_encoder.fit_transform(integer_encoded)
46

47 print ("--- Onehot binary encoded ...")

48 print (onehot_encoded)

49

50 # invert first exzample

51

52 print ("--- Part 04: Retrieve and Invert Individual Encodings ...")
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One-Hot Encoding

Example 2: One-Hot Encoding in Python

56 inverted00 = label_encoder.inverse_transform([argmax(onehot_encoded[0, :1)1)
57 inverted01 = label_encoder.inverse_transform([argmax(onehot_encoded[1, :1)1)
58 inverted02 = label_encoder.inverse_transform([argmax(onehot_encoded[2, :1)1)
59 inverted03 = label_encoder.inverse_transform([argmax(onehot_encoded[3, :1)1)
60

61 print ("--- Inverted encoding [0]: {:s} ...".format(str(inverted00)) )

62 print (" Inverted encoding [1]: {:s} ...".format(str(inverted01)) )

63 print (" Inverted encoding [2]: {:s} ...".format(str(inverted02)) )

64 print ("--- Inverted encoding [3]: {:s} ...".format(str(inverted03)) )

65

66 print ("=

67 print ("Finished !! ")

68

69 # call the main method

70

71 if __name__ == "__main__":

72 main ()

Source Code: See: python-code-ai.d/encoder/
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One-Hot Encoding

Abbreviated Output:

--- Part 01: Input values:
[’freeze’ ’cold’ ’warm’ ’cold’ ’hot’ ’burn’ ’warm’ ’burn’ ’cold’ ’warm’ ’hot’]

—--- Part 02: Integer encoded ...
[21413040143]

--- Part 03: Onehot binary encoding ...

,_,
=
coroOOOORORO
coooo0oo0oo0o0o0O0R
HOOOOOROOOO
OHrOOROOOROO
oo L Lo LD

]
—--- Part 04: Retrieve and Invert Individual Encodings ...

--- Inverted encoding [0]: [’freeze’]
--- Inverted encoding [1]: [’cold’]
--- Inverted encoding [2]: [’warm’]
--- Inverted encoding [3]: [’cold’]
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One-Hot Encoding

Example 3: Dataframe with one date column

Source Code: Output:

dataO1 = { ’Date’: pd.to_datetime( [’2023-01-15’, ’2023-02-20’, Date
’2024-01-10’, ’2024-04-10’, 2023-01-15
’2024-06-12’, ’2025-08-127, 2023-02-20
72025-10-01’, ’2025-03-05°] )} 2024-01-10
2024-04-10
2024-06-12
2025-08-12
2025-10-01
2025-03-05

df01 = pd.DataFrame(dataO1)

N A WM RO

Solution Procedure:
@ Load data, extract day, month, year and quarter from date.
@ Onehot encoding for month and quarter columns.

e Change column names, convert month/quarter columns to
binary.
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One-Hot Encoding

Extract day,

Source:

month, year and quarter from date:

df01[’Day0OfWeek’] = df01[’Date’].dt.day_name()
= df01[’Date’].dt.month_name ()

df01[’Month’]
df01[’Year’]

df01[’Date’] .dt.year

df01[’Quarter’] = df01[’Date’].dt.quarter
Output:

Date DayOfWeek Month Year Quarter
0 2023-01-15 Sunday  January 2023 1
1 2023-02-20 Monday February 2023 1
2 2024-01-10 Wednesday  January 2024 1
3 2024-04-10 Wednesday April 2024 2
4 2024-06-12 Wednesday June 2024 2
5 2025-08-12 Tuesday August 2025 3
6 2025-10-01 Wednesday October 2025 4
7 2025-03-05 Wednesday March 2025 1
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One-Hot Encoding

Onehot encoding for month and quarter columns:

Source:

df01 = pd.get_dummies( df01, columns = [’Month’, ’Quarter’])

Output:

Date DayOfWeek Year ... Quarter_2 Quarter_3 Quarter_4
0 2023-01-15 Sunday 2023 ... False False False
1 2023-02-20 Monday 2023 ... False False False
2 2024-01-10 Wednesday 2024 ... False False False
3 2024-04-10 Wednesday 2024 ... True False False
4 2024-06-12 Wednesday 2024 ... True False False
5 2025-08-12 Tuesday 2025 ... False True False
6 2025-10-01 Wednesday 2025 ... False False True
7 2025-03-05 Wednesday 2025 ... False False False
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One-Hot Encoding

Change column names:

Source:

columnsO1 = { ’Month_January’:’January’, ... ’Month_December’:’December’ }

quarters0l = { ’Quarter_1’:’Q1’, ’Quarter_2’:°Q2’,
’Quarter_3’:°Q3’, ’Quarter_4’:°Q4’ }

df01 = dfO1l.rename( columns = columns01)
df01 = dfOl.rename( columns = quarters01)

Output:

Date DayOfWeek Year April ... Q1 Q2 Q3 Q4
0 2023-01-15 Sunday 2023 False ... True False False False
1 2023-02-20 Monday 2023 False ... True False False False
2 2024-01-10 Wednesday 2024 False ... True False False False
3 2024-04-10 Wednesday 2024 True ... False True False False
4 2024-06-12 Wednesday 2024 False ... False True False False
5 2025-08-12 Tuesday 2025 False ... False False True False
6 2025-10-01 Wednesday 2025 False ... False False False True
7 2025-03-05 Wednesday 2025 False ... True False False False
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One-Hot Encoding

Convert month and quarter columns to binary ...

Source:
df01[’January’] = df01[’January’].astype(int) df01[’June’] = df01[’June’].astype(int)
df01[’February’] = df01[’February’].astype(int) df01[’August’] = df01[’August’].astype(int)
dfo1[’March’] = df01[’March’] .astype(int) df01[’October’] = df01[’October’].astype(int)
df01[’April’] = df01[’April’].astype(int)
df01[’Q1°] = df01[’Q1’].astype(int) dfo1[°Q3’] = df01[’Q3’].astype(int)
df01[’Q2°] = df01[’Q2’].astype(int) dfo1[°Q4’] = df01[’Q4’].astype(int)
Output:
Date DayOfWeek Year April August ... October Q1 Q2 Q3 Q4
0 2023-01-15 Sunday 2023 0 0 0 1 0 0 o0
1 2023-02-20 Monday 2023 0 0 0 1 0 0 0
2 2024-01-10 Wednesday 2024 0 0 0 1 0 0 o
3 2024-04-10 Wednesday 2024 1 0 o o0 1 0o o0
4 2024-06-12 Wednesday 2024 0 0 o 0 1 0o o0
5 2025-08-12 Tuesday 2025 0 1 o 0 o0 1 0
6 2025-10-01 Wednesday 2025 0 0 1 0 0 o 1
7 2025-03-05 Wednesday 2025 0 0 0 1 0o 0 o

[8 rows x 14 columns]
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One-Hot Encoding

Drop unnecessary columns ...

Source:

to_drop = [’DayOfWeek’, ’Year’ ]
df01.drop( to_drop, inplace = True, axis = 1)
print( df01.head(10) );

Output:

Date April August February January ... October Q1 Q2 Q3 Q4
0 2023-01-15 0 0 0 1 0 1 0 0 0
1 2023-02-20 0 0 1 0 0 1 0 0 0
2 2024-01-10 0 0 0 1 0 1 0 0 0
3 2024-04-10 1 0 0 0 o o t o0 o0
4 2024-06-12 0 0 0 0 o 0o t o0 o0
5 2025-08-12 0 1 0 0 o 0o o0 1 o0
6 2025-10-01 0 0 0 0 i 0 0 o0 1
7 2025-03-05 0 0 0 0 o 1 0 0 O

[8 rows x 12 columns]



Working with Language
000000000000 00000O00000000e00000000000000000000000000

One-Hot Encoding Summary

Advantages
e Computational elements are binary (instead of ordinal) and sit
in an orthogonal vector space.
Disadvantages

@ Some decision tree based methods can work directly with
labeled entries — no need for one-hot encoding.

@ For high cardinality the vector space can quickly blow up,
leading to sparse representations and the curse of
dimensionality.

Solution

@ Apply one-hot encoding then reduce problem space with PCA
(linear transformation) or t-SNE (nonlinear transformation).
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Byte Pair Encoding

Byte Pair Encoding

Byte Pair Encoding (BPE) is a data compression algorithm that
has become the standard tokenization method for large language
models.

Benefits and Usage:

@ The algorithm iteratively finds the most frequent pair of
adjacent bytes or characters in a corpus of text and replaces
them with a single new unused token. (i.e., the vocabulary
size is smaller than word-level tokenization).

o Widely used in large language models like GPT-2, GPT-3 and
Llama-3 to handle rare words by breaking them down into
familia sub-components.
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Byte Pair Encoding

Procedure: We begin with a corpus of words:

Create base vocabulary (split words into individual characters).
Find most frequent pairs.

Merge and update.

Repeat until target reached.
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Byte Pair Encoding

Simple Example:
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Embedding Models

Embedding Models
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Embedding Models

Embedding Models

Embedding models are Al algorithms (e.g., neural networks or
transformers) that convert text, images, audio/video into dense
numerical vectors that capture their semantic meaning.

Pathway of Development:

\N A1, " "- °
BE— @ — L

Word,

sentence, Embeddivxg o e t
document... model Embedd]ng Embedci]r\g space
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Embedding Models

Convert Raw Data into Usable Embeddings:

Data Dimensionality Output
Processing Reduction Embeddings
//’(\?\\
I/ A0
/\\
H / \\\\
— \¥— \\
\\\ Usable
Raw Data Input ——> = /’/_> Embeddinas
— > > 9
o e /,,
> \
\\ //
\\ ;/'/
Feature Model Training

Extraction
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Embedding Model Design Criteria

Semantic Accuracy:

@ Embedding model must capture semantic meaning and
context of the input data.

@ High quality embedding ensure that semantically similar items
are close together in the vector (embedding) space.
Task-Specific Customization:
@ Embeddings should be fine-tuned for specific tasks: sentiment
analysis, code understanding and/or retrieval.
Contextual Relevance (RAG):

@ Embedding should capture specific domain knowledge and be
tuned to match query formats to document fragments.
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Sparse and Dense Embeddings

Sparse Embedding Vectors

Sparse Embedding Vectors represent term-level importance in a
massive high-dimensional space (typically 30,000+ dimensions)
where the vast majority of entries are zeros.

How it Works: Non-zero value represents a specific token, word,
or concept in a vocabulary scored importantance (e.g., TF-IDF).

Use Cases: Keyword retrieval, exact phrase matching, filtering by
distinct attributes.

Strengths: Perfect for exact, precise matches.

Weaknesses: Highly rigid. Methods fail to find matches if
different words are used.
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Sparse and Dense Embeddings

Dense Embeddings

Dense Embedding Vectors represent the learned semantic meaning
of text compressed into a fixed lower-dimensional space (typically
100 to 1000 dimensions) where almost every value is non-zero.

How it Works: Similar concepts (e.g., tiger and animal) map
close together in vector (embedding) space.

Use Cases: Conversational search, recommendation engines and
understanding overall end-user intent.

Strengths: Superb at capturing context, synonyms and
overarching themes.

Weaknesses: Can hallucinate incorrect information.
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Text Embedding Methods

Text embedding methods

Static embedding Contextual embedding
(Word2Vec, GloVe, etc.) (ELMO, BERT, GPT)

Static Embedding: Pre-computed, fixed vector representations
where each word or token is assigned a single unchanging vector
regarless of context.

Contextual Embedding: Token-level vector representations
dynamically shift based on surrounding text.
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Text Embedding Methods

Static vs Contextual Embeddings:

Static Embeddings
“l went to the bank"
Vector [0.2, -0.5, 0.8, ..]

“The river bank was muddy"

Vector [0.2, -0.5, 0.8, ...]

“"Bank of America"

Vector [0.2, -0.5, 0.8, ...]

Same vector for all contexts

Contextualized Embeddings

“I went to the bank"

Vector [0.8, 0.2, -0.3, ...]

“The river bank was muddy"

Vector [-0.3, 0.6, 0.4, ...]

“Bank of America"

Vector [0.7, -0.1, 0.5, ...]

Different vectors based on context
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Sparse and Dense Embeddings

Lifecycle of text embeddings

["The earth is spherical.",

Text "The earth is a planet.",
"I like to eat at a restaurant."]
10 dictionary:
(et {'the': 1, 'earth’ is ‘spherical': 5, 'planet’:

Tokenization
it 7, 'like': ) ‘at': 11, ‘restaurant': 12}
ID sequences:
[, 2, 3, 51, 1, 2, 3, 4, 61, (7, 8, 9, 10, 11, 4, 12]]

Indexing &

A One-hot encoded sequences:
One-hot encoding {(0. 1. 1. 1. 6. 1. 0. 0. 0. 0. 0. 0. 0. 0. 0.]

. 1.

1. 1.1 0. 1. 0. 0. 0. 0. 0. 0. 0. 0.]
[e. 0. 0. . 1. 0. 0. 1. 1. 1. 1. 1. 1. 0. 0.]]

Embedding
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Sparse and Dense Embeddings

Dense Embeddings: Coffee, Tea and Pasta ...

Distance:
0.2

Distance:
0.5
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Sparse and Dense Embeddings

One-Dimensional Dense Embedding:

You He Late Never Bag Wizard Apple Cat Dog
11 3 7 12 5 17 8 18 20

Bg:g Ap:_ple Never Wizgard

Dog

| He Late You i cat )
012345678 10 12 15.-17 20 20

——

Distance:
17-8=9
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Sparse and Dense Embeddings

Two-Dimensional Dense Embedding:

| You He Late Never Bag Wizard Apple Cat Dog
(7,4) (8,5 (7,8 (3,7 (3,4 (4,8 (8,3) (6,5 (2,8)
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Sparse and Dense Embeddings

Three-Dimensional Dense Embedding:

| You He Late Never Bag Wizard Apple Cat Dog

(0.4,1.0,0.7) (0.6,0.2,0.2) (0.1,0.9,0.6) (0.7,0.0,1.0) (0.8,02,0.2) (0.2,0.3,0.5) (0.4,0.3,0.6) (0.1,0.3,0.4) (0.50.8,0.2) (0.5,0.6,0.0)
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Sparse and Dense Embeddings (data/fig05)

Dimensionality Reduction:

Dimensionality
reduction from
32D to 2D
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Sparse and Dense Embeddings (data/dense-prediction)
One-Dimensional Dense Embedding:

Input layer Hidden layer

Probability that apricot

N is nearby the word “car”

~—

L
NS / =
NS (05) mmmp  «speet

“apricot”

One-hot encoded vector (size = embedding (size = vocabulary size)
(size = vocabulary size) dimensions)
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Sparse and Dense Embeddings (data/one-hot)

One-Hot to Dense Embedding;:

One-hot
encoded word Embeddings

Word2Vec

apricot
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,
“

Embedding Model Data Types

reduction of

Dense Text Embeddings:
&
cat —»| 0.6 |09 Im |0.4 |—0.7|—0.3|—0.2‘ Dimensionality
word
kitten —| 0.5 | 0.8 |70 1| 0.2 |70,6|—U 5(-0.1 l embeddings
from 7D to 2D
) s
itte
o tten

dog >|0’/ |—01|0.1 |os |—( 1| ml 0
[Hil UII[ 05| 01| O‘)l[b.’i ‘[)8|

3

(J
dog
woman

reduction of
jord
[
man

0. 7| 0.1 |—() 5 I*() 4

Y
Visualization of word

woman —| 0.7 ‘(7 3 itw
queen —|( 0.8 [-0.1]| 0.8 |-0.9]| 0.8 0.5|-0.9
(S
Dimensionality
reduction embeddings in 2D

Y
Word embedding

houses —
man - 06 7o.z|o,a |0.9 |7o,1 oo |—0.7| !
embeddings
from 7D to 2D

Word
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Sparse and Dense Embeddings

o is made with sweet, ripe, juicy apricots at the height of their season.

[ ]

[ ]

® —— apricot apricot —— @
B jam

[ ] [ ]

([ J o

Continuous Bag-of-Words (CBOW) Skipgram
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Embedding Model Data Types

Image Embeddings:
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Embedding Model Data Types

Audio/Speech Embeddings:
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Embedding Model Data Types

Graph Embeddings:
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Embedding Model by Data Type

MultiModal Embedding Model:

ah —

Images

e
Documents

L

| |

Objects as Vector

Audio
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Embedding Model Applications

Application 1: Retrieve objects from embedding space:

Object retrieval in embedding space: similar objects are expected to have a small embedding distance.
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Embedding Model Applications

Application 2: Search database for nearest neighbors:

Images Embedding

Dense vectors,

Documents }—Embeddlng—b stored in a database,
alongside original content \

‘ Audio e Search Database for Semantically Similar
= nearest neighbors Results

‘ Query ——Embedding—® Vector representation
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Embedding Model Applications

Application 2: Vector search data workflow:

Vector
representation

Vector
representation

[eee]
m [eee] [eee]

Documents [ ee ]

Images Nearest neighbor

Dense vectors.
-
e
—

Transform Rosl Transform
into embedding esults into embedding
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Embedding Model Applications

Application 3: Variational encoders:

Latent/Embedding Space: (xi, x2)
P é

encode

X X,

autoencoder variational autoencoder

Variational autoencoders provide a probability distribution for each
latent attribute.
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Embedding Model Applications

Example: Single value representations for latent attributes:

Smile: 0.99
Skin tone: 0.85

Gender: -0.73

encoder decoder

Beard: 0.85

Glasses: 0.002

Hair color: 0.68

Latent attributes
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Embedding Models

Discrete Value and Probability Distribution: Representations
for smile latent attribute:

Smile (discrete value) Smile (probability distribution)
ST e . /\ ;
4 0 1 K 0 1
| . i/l-\_‘l
-1 0 1 -1 0 1
vs.
| | & Il | /\ |
T T @ T T T T
1 0 L€ 1 L] 1

!




Working with Language
000000000000 00000O00O000O000O000000000000000000000000000

Embedding Models

Application 3: Image reconstruction sampled from latent
distributions:

(Smile: 0.23

/\ e Skin tone: 0.02
. - |

Gender: 0.18

A0 Beard: 0.71 iy
Skin tone:

A\ Glasses:-0.19
Gender. -

3 . | Hair color: 0.33

Smile: “t
a

encoder
Beard - smile: 0.17
!
f Skin tone: 0.28
Gl: 3
- . Gender: 0.1 decoder
s s——+ e —_y-
o 1
Glasses: 0.14
We expect an accurate
H: lor: 0.26 :
Nanlshai ) reconstruction for any
et . sample from the latent
Latent distributions Sampled latent attributes p

state distributions

Source: Jordan J., Variational Autoencoders, Data Science, March 2018.
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Embedding Model Architecture

Transformer-based Models:
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Embedding Model Architecture

Sentence/Document Transformers:
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Embedding Model Architecture

Static WordEmbedding Models:
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Embedding Model Process

Embedding Vector Design Strategy:
o ...
o ...
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Bag-of-Words and TF-IDF

Bag-of-Words

A NLP technique that converts text into numerical vectors by
counting word frequencies, disregarding order and context. The
result is a vocabulary of unique words from a document set.

Applications:
@ Text classification.
@ Spam detection.

@ Sentiment Analysis.



Working with Language

TF-IDF (Term Frequency Inverse Document Frequency) is a
numerical statistic used in NLP and information retrieval to
measure a words importance in a document corpus. It increases
with word frequency and decreases for words that are rarely used in
the corpus.
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Example 1: ..
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Word2Vec

Word2Vec ....
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Word2Vec

Example 1: ..
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Word2Vec

Example 2: ...
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Embedding Similarity

--- Similarity between vectors: 0.50
Angle between vectors: 60.26 degrees

| o/

Component 2
o

—14
2

Em Vector 1: [2 3]
-3 EEm Vector 2: [-1 2]

-3 -2 -1 0 1 2 3
Component 1
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Embedding Similarity

--- Similarity between vectors: 0.99
Angle between vectors: 6.34 degrees

Component 2
°

= Vector 1: [4 4]
. Vector 2: [4 5]

—4 -2 0 2 4
Component 1
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Libraries and Frameworks



Data Organization

A sample is simply a single line of data.

The batch size is a hyperparameter of gradient descent that
controls the number of training samples to work through before
the internal parameters are adjusted to update the model.

.

An epoch is a hyperparameter of gradient descent that represents a
complete pass through the entire training dataset.

v




Data Organization

Epochs and Batches
@ Epochs are comprised of one or more batches.
@ The number of epochs can be large, hundreds or even
thousands.
@ Some learning algorithms require that the batch size and
number of epochs be specified upfront.

Common Batch Sizes in RNN
@ Powers of two ...
e 32, 62, 128.

Epoch vs Batch Size



Data Science Libraries and Frameworks

Python Libraries and Frameworks:

o Pandas: Ideal for data manipulation and analysis, Pandas
allows you to efficiently handle large datasets, perform
complex transformations, and easily load data.

@ PySpark: PySpark handles big data via an interface to
Apache Spark, support for large-scale data processing across
distributed computing environments.

o BeautifulSoup: Used for web scraping. Allows you to extract
data from HTML and XML files.



Data Science Libraries and Frameworks

Java Libraries and Frameworks:



Sentiment Analysis of Movie Reviews

Appendix B: Sentiment
Analysis of

Movie Reviews



Sentiment Analysis of Movie Reviews

Sentiment Analysis

Train a model to compute sentiment analysis on movie reviews.

Source code: python-code-ai.d/text/Test-Sentiment-AnalysisO1.py

Source: Chapter 2, Building Al, Agents with LLMs, RAG and Knowledge Graphs, Packt Publishing, 2025.

Solution Procedure:
@ Read movie Data base (50,000 reviews).

@ Separate reviews into two groups: positive reviews, negative
reviews.

Generate and display word clouds.

Tokenize reviews.

Plot distribution of review lengths.



Sentiment Analysis of Movie Reviews

Create training data tensors.
Initialize SentimentRNN() model.
Plot embeddings (pre-training).

Learning neural network (epochs = 5).

Plot training history, confusion matrix, and embeddings
(post-training).

Movie Review Dataset: Consists of 50,000 positive and negative
reviews (on average, reviews are 230 words).

<class ’pandas.core.frame.DataFrame’>
RangeIndex: 50000 entries, O to 49999
Data columns (total 2 columns):

# Column Non-Null Count Dtype

0 review 50000 non-null object
1 sentiment 50000 non-null object
dtypes: object(2)

memory usage: 781.4+ KB



Sentiment Analysis of Movie Reviews

Processed IMDB Datafile:

--- X.shape: (50000,)
--- y.shape: (50000,)
review sentiment

0 One of the other reviewers has mentioned that ... 1
1 A wonderful little production. <br /><br />The... 1
2 I thought this was a wonderful way to spend ti... 1
3 Basically there’s a family where a little boy ... 0
4 Petter Mattei’s "Love in the Time of Money" is... 1

995 Nothing is sacred. Just ask Ernie Fosselius. T...

1
996 I hated it. I hate self-aware pretentious inan... 0
997 I usually try to be professional and construct... 0
998 If you like me is going to see this in a film ... 0
999 This is like a zoology textbook, given that it... [
Split Data: Training, test and validation.
x_train.shape: (36000,) x_test.shape: (10000,) x_val.shape: (4000,)

y_train.shape: (36000,) y_test.shape: (10000,) y_val.shape: (4000,)



Sentiment Analysis of Movie Reviews

Word Cloud (Most frequent words): Positive and negative

reviews.

P05|t|ve Reviews
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Sentiment Analysis of Movie Reviews

Distribution of Review Lengths: Positive and negative reviews ...

Number of Reviews

100

80

60

40

Word Distribution for Positive Reviews

Word Distribution for Negative Reviews

|
|
|

1

I

n

200 600 800 1000 1200
Number of Words

Number of Reviews

400 600
Number of Words




Sentiment Analysis of Movie Reviews

Distribution of Review Lengths: after tokenization ...

Frequency

Distribution of Review Lengths

12000

10000 1

8000 1

6000 1

4000 -

2000 1

Max Length: 704

300 400
Number of Tokens

500

600 700
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Sentiment Analysis of Movie Reviews

Model Hyperperameters:

--- no_layers =3
--- embedding_dim = 300
--- hidden_dim = 256
—--- output_dim =1
SentimentRNN:
SentimentRNN(

(embedding) : Embedding(1001, 300)

(rnn): GRU(300, 256, num_layers=3, batch_first=True)
(dropout) : Dropout(p=0.5, inplace=False)

(fc): Linear(in_features=256, out_features=1, bias=True)
(sig): Sigmoid()



Sentiment Analysis of Movie Reviews

Training History:

Accuracy Loss
—— Train Acc —— Train loss
0.85 Validation Acc 0.58 Validation loss
0.56
0.80
0.54
0.75 0.52
0.50
0.70
0.48
0.65 0.46




Sentiment Analysis of Movie Reviews

Test Set Confusion Matrix:

True Labels

Negative

Confusion Matrix

4500

4000

3500

3000

- 2500

- 2000

-1500

- 1000

Negative Positive
Predicted Labels



Sentiment Analysis of Movie Reviews

Post-Training Embedding Projection: Positive/negative data
points are separated.

2D t-SNE Visualization of Sentence Embeddings

Label
° 0
o1

t-SNE dimension 2




Maximum Likelihood Estimation

Appendix C: Maximum

Likelihood Estimation



Maximum Likelihood Estimation

Maximum Likelihood Estimation

In statistics, maximum likelihood estimation (MLE) is a method
for estimating the parameters of a probability distribution by
maxmizing the likelihood function, making the observed data most
probable under the assumed model.

Key Concepts:

o Likelihood function L(#): Probability of observing the given
data as a function of the unknown parameter 6.

@ Goal: Find the parameter value 6 that maximizes L(#).

@ Log-Likelihood: Simplify calculations by working with In-L(8).

@ Distributions: MLE requires an assumed underlying probability
distribution (e.g., normal, poisson).



Maximum Likelihood Estimation

Computational Process:

@ Model Definition: Assume a probability density function for
the data f(x|6).

@ Likelihood Function: Multiply individual probabilities for
independent data points:

L(0) = M1 f(xi[0). (8)
o Take Logarithm:

n

In(L(0)) = > In(f(xi]0))- (9)

i=1

@ Maximize: Take derivatives, maximize equation 9 wrt 6.



Maximum Likelihood Estimation

Key Characteristics:
o Consistency:
o Efficiency:

o Flexibility:



Example 1. Normal Distribution

For the normal distribution N(g, 02), the PDF is:

1 (x — p)?

F(xl11,0%) = —— exp(—

) (10)

2mo

The pdf for a sample of n independent identically distributed
normal random variables (the likelihood) is:

f(X17X27 e 7Xn|M702) = I_Ilf’zlf(x,-\,uaz). (11)

This family of distributions has two parameters: 6 = (u, 02), so we
maximize the likelihood:

L(p,02) = f(x1, %2, Xnlpt, 02). (12)



Example 1. Normal Distribution

The log-likelihood can be written:

log(L(p0?)) = —3 log(2m0?) - (x—p)  (13)

i=1

Computing derivative of 13, the maximum likelihood estimator is
given by the sample mean:

A X.
p=> = (14)
and variance:

Uz:;Z(Xi—M)z (15)



Example 2. Logits

Logit Function

The logit function is a quantile function associated with the
standard logistic distribution.

Mathematically, logistic function is:

1
= ) 1
o= |17 (16)
The logit function is the inverse of o(x), i.e.,
logit(p) = o~ (p) = In (1_pp> forp € (0,1). (17)

Logit maps probabilities from (0,1) to real numbers (—oo, c0).



Example 3. Least Squares Regression vs MLE

Standard Formulation for Least Squares:



Example 3. Least Squares Regression vs MLE

Matrix Formulation for Least Squares:



Example 3. Least Squares Regression vs MLE

Formulation of Least Squares via MLE:



Example 3. Least Squares Regression vs MLE

Formulation of Least Squares via MLE:
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Data Cleaning
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Dimensionality Reduction

datastreakofficial &
June 29
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Bag of Words

Decodlng the Bag of Words (BowW) Model

NLP technique text into numerical
vectors by discarding word order and focusing on frequency.

1. Build a Unique
Vocabulary
Extractevery distnct word
across al sentences o create
amaster reference st

2. Map Word
Occurrences
Count how many times each

unique word appears within
anindividual sentence.
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3. Generate Numerical Vectors
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Convert the counts intoa structured vector
based on the master vocabulary sze.

Performance & Trade-offs

“not good”
( ;5 (@]
“good, not”

“not goodr”

and"good, ot wasting
Torspam fitering. numerical vectors valuable computaional mermary.




Word2Vec

Waord2Vec Class Documantation (Gensim)




Embedding Space

LLM-Series techwith.ram

Embedding Space <

The high-dimensional vector space where embeddings live.

Meaningful relationships, such as gender or plural,

become consistent directional offsets that work across many word pairs.

WHAT IS IT? ) VISUALIZING IN 2D (FOR INTUITION)

© Every word/token is
(vector) in a
imensional space. queen
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| ¢ king - man + woman = queen

EXAMPLES OF RELATIONSHIPS HOW IT WORKS
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© Arithmetic on vectors
captures those relatonships.
This generalizes to unseen
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« teacher - man + woman = teacher (female)
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