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The' Machine “
Learning Blueprint

A Visual Reference Guide to Algorithms,
Neural Networks, and Data Workflows
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Artificial Intelligence

The broad field of creating tools
that complete tasks typically
associated with human intelligence.

Deep Learning

MNeural networks with multiple
layers that automatically learn
hierarchical representations of

complex data.

Machine Learning

Algorithrms that enable computers to
learn from data and make decisions
without being explicitly programmed.

Generative Al

Models powered by deep learning

that create new, original content
(text, images, code).

e
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The Three Pillars of Machine Learning

Supervised Learning

Mechanism: Trained on labeled

historical data with a known output.

Goal: Predict the future (e.g.,
estimating house prices).

Unsupervised Learning

Mechanism: Trained on unlabeled

data with no specific output in mind.

Goal: Find hidden patterns and
relationships (e.g., customer
segmentation).

Reinforcement Learning
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Mechanism: Trial-and-error learning
guided by an environment.

Goal: Maximize cumulative rewards

through optimal actions (e.g.,
robotics, navigation).

T Germint Motebook



Supervised Learning: The Two Primary Branches

Classification

Purchase
@ No Purchase

Household Income

.

Definition: Predicting a discrete, categorical label.

Example: Flagging suspicious emails as spam.

Value

Regression

W

Time

Definition: Predicting a continuous numerical value.

Example: Estimating house prices for the next 12 months.
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Unsupervised Learning: Finding the Hidden Structure

Clustering (e.g., K-Means, Hierarchical)

Grouping similar data points together (e.g.,
grouping podcast listeners based on hours
listened to different genres).

Dimensionality Reduction (e.g., PCA)

Reducing feature complexity while retaining
essential information.

Anomaly Detection

|dentifying unusual patterns or outliers (e.g.,
fraud detection).




‘ ' Algorithm

The Algorithm Master Matrix

Type Best Use Case Pros Cons l
Logistic : Binary Fast scoring, Weak with non-linear
Regression Supervised classification interpretability boundaries
i . Classification & | Captures non-linear i
Decision Trees Supervised Regression relationships Prone to overfitting
K-Nearest S Few-shot Simple, Slow scoring, noise
Neighbors (KNN) P classification distance-based sensitive
: Customer Fast, easy to Sensitive to scale,
K-Means Unsupervised segmentation implement assumes spherical data |
| Support Vector Shaaridan Max-margin Works in high Slow on large
|. Machines (SVM) P classification dimensions data sets



Ensemble Methods: The Power of Crowds

e ™
Tree 1 The Concept: The Wisdom of the Crowd
PREEIIS;LON: Combining multiple models to improve
| ) accuracy and reduce overfitting.
4 ™ 2
Tree 2
PREDICTION: Random Forests
NO CHURN FINAL
. ) ; A bagged ensemble that trains many decision
PREDICTION: trees in parallel and averages the result.
i | CHURN Highly accurate but difficult to interpret.
Tree 3
PREDICTION:
CHURN
~ / Gradient Boosting Machines (GBMs)
f b A sequential ensemble where each
Tree N subsequent tree attempts to correct the
PREDICTION: errors of the previous one. State-of-the-art
CHURN accuracy for large datasets.
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Machine Learning vs. Deep Learning

Manual Feature
Engineering (Human)

£ ‘ RN~ ;.'!‘eff@}%tl!ﬁ
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Raw Data SRS O > Output
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Learns features automatically through multiple layers. Excels at complex data (image, audio, text)
but requires vast computational resources (GPUs) and large datasets.
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Inside the Neural Network

Input Layer
(Where raw
features enter)

Deep Learning requires Hidden Layers Nodes (Neurons): Calculate the
3 or more hidden layers. | | | weighted sum of inputs.

SN ﬁnVl;’
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Activation Functions: Mathematical

:- ’“"'_'"" functions (Sigmoid, ReLU) applied at

/. \\ N the nodes to introduce non-linearity,
’ / 3 ’ / ! allowing the network to learn
9,8 S

3 learn complex patterns.
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Error Backpropagation: The algorithm minimizes error
by updating weights via gradient descent.
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Specialized Neural Architectures

CNNs (Convolutional Neural Networks)
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Analyzes spatial data and visual grids.
Dominates Image/Vision Al.

RNNs (Recurrent Neural Networks)

Processes sequential and time-series data where

order matters (stock predictions, early NLP).

GANs (Generative Adversarial Networks)
>.
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Discriminator

Generator <

Two opposing networks (Generator vs. Discriminator)
locked in a loop. The Generator creates synthetic data;
the Discriminator spots fakes.

Transformers

Vi

Attention Mechanism

Uses “attention” to capture long-range context.
The foundation of modern LLMs (GPT, BERT).
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Natural Language Processing (NLP)

The model predicts
the future.

The NLP Mandate

The intersection of machine learning
and linguistics, enabling computers to
understand, interpret, and generate
human language.

The Mechanism: Vectorization

Deep learning models cannot read raw
text. NLP requires text to be segmented
and mapped to numerical indices
(Vectors) that represent semantic
relationships.

| ._\:\ |
[0.42,-1.3,0.88, ..]
: I\
[1.2, 10,05, -0 7
\\“ [0.1, 0.9, 2.5, -
™ |

Applications

Sentiment analysis, named entity

recognition, machine translation, topic

modeling.
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The Tokenization Pipeline !

Transforming the sentence: "IBM taught me tokenization.’

Word-Based { } { } { |
IBM taught me] >—% [tokenlzatlan] %—
(nltk/spaCy) Tl R ‘ | g?ff'?-.:l‘lﬁ.\“q\ £| = | , :f-szi [ S I |

Large vocabulary. Assigns completely different IDs to similar words (e.g., Unicorn vs. Unicorns), losing semantic links.

Character-Based @H‘H HHH @H HH J | iy |

Small vocabulary, prevents ‘Out of Vocabulary’ errors, but loses word-level meaning and vastly increases sequence length.

F

Subword-Based [ = D =
(WordPiece / —'*[ [IBM] | [taught] i [me] [ [token] f»—c [[##nzatuon] f>—=:::->
Sentengepiece) = e e 77\ =7\ = e

The transformer standard (BERT/XLNet). Keeps frequent words intact, but breaks rare
B [ words into meaningful roots and suffixes, preserving semantics.
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The Machine Learning Workflow

\' '—-_ T::':- I

/" Feature engineering and ~\_w
"/ / handling imbalanced data. \{ A

Define objectives
and metrics.

Securing single-table,
non-null data sources.

|-||||
S~ s Moy
- i Y Yy

Writing a scoring script,
bundling prep code and model o _
object into a single pipeline, and Fitting algorithms (KNN, Validation (fine-tune), and Test

@ ( 5 St ocina ™ i ancliaTion Trees, Ensembles). (evaluate on unseen data).

' Dividing data into Training (teach),

T Cermin Motetook



Model Evaluation & Likelihood
@e Pfﬂbﬂh"ity S-Cur |

'I__

Logistic regression and neural networks use |
activation functions to compress outputs into a |
probability score between 0 and 1. |

ﬁﬂ Maximizing Likelilyg_p“gj \

Likelihood dictates how well the model predicts
Y. The algorithm automatically determines the
optimal weights to maximize likelihood for

observed values, eliminating human trial-and-error.
\ J

@aluation Trade-gfjij[l \

Data scientists must balance raw accuracy
| against scoring speed and interpretability (can
TRUE we explain why the model made this choice?).

\ .

PROBABILITY
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| Do you have a target
“label" you want to predict?

(— T, ‘1‘\?‘- s =

Number

Are you predicting a

RR\;:E.’JFH__._ ~
' Do you wantto |
group data?

YES = . a discrete category?

; Regression
p(Linear, Gradient Boosting)

 K-Means

Superwsed Learnmg

continuous number or

Category

=

PI

. Classification

i

NO, | need
max accuracy

Clustering YES s interpretability
=mmo (explaining the "why")
{ critical?

o

 Decision Trees /

_Logistic Regression

Random Fnrest!

~ Neural Networks
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