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Predicting the future with labeled data.
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Supervised Learning is the
foundational engine of the
Al ecosystem.

Artificial Intelligence

Augmented intelligence tackling
complex logic.

Machine Learning

Algorithms that learn from data
without explicit programming.

Supervised Learning

Training models on labeled datasets
to map inputs to precise outputs. The
dominant paradigm for enterprise Al.

' Deep Learning

Utilizes multi-layered neural
networks (often supervised) for
complex tasks like Vision and NLP.
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Machine learning operates 1n three distinct paradigms.

Supervised Learning

Ngai[a07o]= The Teacher

Archetype:

Labeled (Answers are
provided)

Input Data:

EEGIE LB Learns by comparing
predictions to the known
truth

Predict the future based
on historical precedent

Objective:

Unsupervised Learning

The Explorer

Unlabeled (No answers
provided)

Input Data:

VEELIE M Scans for hidden
structures and anomalies

Objective:

Describe, group, or
organize data (e.g.,
Clustering, Dimensionality
Reduction)

Reinforcement Learning

The Gamer

Archetype:

LsNAEI=E Dynamic Environment

(Rules and constraints)

WEEGIE M Trial-and-error driven by
positive/negative
feedback

Maximize cumulative
rewards over time

Objective:
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ML Lab Dashboard

The anatomy of a prediction relies on features and targets.

The Inputs (X): The “Features”.
These are the independent
variables you use to make the
prediction (e.g., Age, Income).

\

The Output (Y): The “Target”.
The dependent variable you are
actively trying to predict

(e.qg., Purchase behavior).

)

i

Age HH Income

1

Purchase —

! 38 $60K

2 25 $30k

YES =3

NO =

The Engine

The algorithm that learns the
mathematical relationship
mapping X = Y.




ML Lab Dashboard ‘

Every supervised model forks into one of two operational pillars.

ATITR
S

Classification Regression

Data Type: Categorical (Discrete labels) Data Type: Numerical (Continuous values)

Objective: Objective: Estimate an exact quantity along a

Sort inputs into predefined buckets spectrum

ILCRIES O Which group does this belong to? IENESIE S How much? or How many?

Examples: Spam vs. Not Spam, Customer Segments,
Purchase vs. No Purchase

Examples: Next month's house prices, Diamond
valuations based on carat
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ML Lab Dashboard

Classification algorithms draw boundaries between categorical states.

Age

Categorical Target
(Y = Purchase)

New Unseen Data Point (X_new)

<4——— The Decision Boundary

The Logic: 9 out of 10 similar
customers made a purchase, so
the algorithm classifies this new

HH Income

profile as a likely buyer.




ML Lab Dashboard

Regression threads a continuous prediction .
; g models are wrong,
through numerical variance. Qe are usefey
— George Box
s : = e
15k '
a Predicted price for a 1.5- e
— carat diamond is ~$10,000 x Error (Residual)
2 *
- 10Kk ® o 0 T »
o © \
o © Line of best fit
@
5k .
The Logic: As the feature (X: Carat)

moves up or down, the target (Y:
0.5 1.0 1.5 2 0 2 5 | Price) adjusts along a continuous

: : mathematical relationship.
Diamond Carat Weight sl AL
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ML Lab Dashboard

Different data structures require specialized algorithmic tools.

LINEAR_REGRESSION

[ Continuous ]

Maps continuous trends and
numerical relationships.

LOGISTIC_REGRESSION [EeEiCGI[oIglex]

1.

0
A statistical model estimating the

SUPPORT_VECTOR_MACHINES RE&-1IE

Finds the optimal hyperplane that
separates data points in high-
dimensional space.

probability of a binary outcome.

DECISION_TREES /

K-NEAREST_NEIGHBORS
(KNN)
®
© @
@

Classifies new data points based on
the majority class of their closest

neighbors.

RANDOM_FOREST

, AR
s [

Splits data into subsets based on

feature values; forests combine

multiple trees to reduce overfitting.

Versatile

T Germint Motebook



ML Lab Dashboard

Models require strict isolation between learning and testing.

RREP

SCOPE

20% |

| TEST DATA
Hidden from the algorithm
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ML Lab Dashboard

The engine optimizes by relentlessly

hunting for the lowest error.

A

Error

The Objective: The model trains
by minimizing the Cost Function |
(e.g., Log Loss: J = -log(likelihod),
representing the gap between
between predictions and reality.
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Cost Function
Surface

_b_
Lowest Error

(Global Minimum)

Regularization
Penalty | §

(+aR) | R\
N

,.f—[ The Trap (Overfitting) ]ﬁ

A model with low bias but

high variance has
memorized the trai

ning

data perfectly but fails on

new unseen data.

Overfit
Model

f—[The Fix (Regularizatiun)}

Adding a penalty term forces |
the mathematical "slope”
coefficients to shrink,
balancing bias and variance
for a robust model.

. Reqularized
¢ Model

y.
o

A
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ML Lab Dashboard

Deep learning scales supervised mechanics
across hidden layers.

Step 1: Weighted Sum | ,. - Step 2: Activation

Inputs are multiplied by e ___ Anon-linear transformation
learned weights and function (o) is applied to
combined with a bias. process complex patterns.

» p

The Scale: A neural network's
forward pass is simply this

' supervised mathematical operation

 The Math] repeated thousands of times
h_y = 0(X_*W 1 + X 2*W_5 + bias) across hidden layers, constantly
Example: h_1 = o(14 + 0) = 0.99. corrected via error backpropagation.
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ML Lab Dashboard

Architecting the right model is a process
of diagnostic elimination.

I NO | Do you have labeled = | YES
* | historical data?

v

id Use Unéupewised ﬂ Supervised Learning.
Learning What is the target (Y)?

S ‘

Target is a Category Target is a Number
(Classification) (Regression)
YES | Is the relationship NO NO s the data highly | YES

linear?

o . Decision Trees, SVM,
Logistic Regression or Neural Networks

complex or multi-layered?

Linear / Regularized
Regression

Random Forest Regressor
or Deep Learning
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