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Part 1: The Challenge

Traditional Programming Hits the Wall



You Want Programs That Improve

The Spam Email Problem
You receive 100 emails per day:

• 30 are spam (scams, ads, phishing)

• 70 are legitimate (work, friends, bills)

• You spend 15 minutes per day deleting spam

• That is 90 hours per year of wasted time

What you want:

• A program that automatically detects spam

• Gets better over time as spammers adapt

• Learns your personal preferences

• Costs you 0 minutes per day

The program needs to LEARN from experience, not
follow fixed rules

Why Traditional Programming Fails
Attempt 1: Write rules manually
if email.contains("FREE MONEY") then spam

Problem: Spammer writes ”FR33 M0NEY”

Attempt 2: Add more rules
if matches("FR*E* M*NEY") then spam

Problem: Now legitimate email ”We offer free money
market accounts” is blocked

Attempt 3: Add exceptions to rules
After 500 rules and 200 exceptions, system is:

• Too complex to maintain

• Full of contradictions

• Still 40% error rate

• Breaks when spammers adapt

This is the fundamental limitation: You cannot encode infinite patterns

with finite rules
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The Rule Explosion Problem

Measured Failure Pattern
Microsoft spam filter project (1998):

Rules Written Accuracy Maintenance Hours/Week
50 rules 70% 2 hours
100 rules 75% 5 hours
200 rules 78% 12 hours
500 rules 80% 35 hours
1000 rules 81% 80+ hours

Accuracy plateaus while complexity explodes
Root cause diagnosis:

• Rules interact in unexpected ways

• Exceptions need exceptions

• New spam types require complete rewrite

• Human experts cannot scale
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The Rule Explosion Problem: Why Traditional Programming Fails

The Critical Insight:
You need a program that:

• Discovers patterns automatically

• Updates itself when data changes

• Improves with more examples

• Handles complexity you cannot encode

This is what learning means.
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What Does Learning Mean? Build from Scratch

Start with Human Experience
How do YOU learn to recognize spam?
You read 100 emails and notice patterns:

• Spam uses ALL CAPS frequently

• Spam has suspicious links (bit.ly/xxxx)

• Spam comes from unknown senders

• Spam has bad grammar

After 1000 emails, you get very good at this.

Three key elements:

1. Experience: You saw labeled examples

2. Task: Classify spam vs not spam

3. Performance: You improved (60% -¿ 95% accuracy)

Learning is improvement through experience

Tom Mitchell’s Formal Definition (1997)

A program learns from Experience E at Task T
measured by Performance P if its performance at T
improves with E .

Concrete spam filter example:

E : 10,000 labeled emails (spam/not spam)

T : Classify new incoming email

P: Accuracy percentage

Before training: Random guessing = 50% accuracy
After 1,000 examples: 80% accuracy
After 10,000 examples: 95% accuracy

Performance improved from 50% to 95% through
experience
This definition covers all learning: supervised, unsupervised, reinforcement
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Three Ways to Learn: The Complete Taxonomy

Supervised Learning
You have labeled examples

Spam filter example:
Email 1: ”FREE MONEY” -¿ Spam; Email 2:

”Meeting at 3pm” -¿ Not spam; Email 3: ”Click
here now!” -¿ Spam

Given 10,000 labeled emails, learn
function:

f (email) → {spam, not spam}

Test: New email ”WIN BIG NOW”
Prediction: Spam (98% confidence)

Applications:
Image classification; speech recognition; medical

diagnosis; price prediction

Unsupervised Learning
You have NO labels

Customer segmentation:
Customer A: luxury items, weekly visits; Customer

B: basics, monthly visits; Customer C: luxury
items, weekly visits

Algorithm discovers patterns:
Group 1: Premium customers (A, C); Group 2:

Budget customers (B)

You did not tell it these groups exist

Applications:
Customer segmentation; anomaly detection; data

compression; topic discovery

Reinforcement Learning
You learn through trial and reward

Game playing example:
Action: move chess piece; Result: win (+1) or lose
(-1); no one tells you if each move is good; you

learn which moves lead to wins

After 1 million games:
Win rate: 20% -¿ 95%; discovers winning
strategies; gets superhuman performance

Applications:
Game AI (AlphaGo); robotics; self-driving cars;

resource optimization

This course focuses on supervised and unsupervised learning for innovation
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Quantifying the Challenge: How Much Learning is Needed?

The Data Requirements
Measured learning curves for spam filter:

Training Examples Accuracy Hours to Train
100 emails 65% 1 minute
1,000 emails 82% 5 minutes
10,000 emails 95% 30 minutes
100,000 emails 98% 4 hours
1,000,000 emails 98.5% 2 days

Performance improves with data, but shows diminishing
returns
Critical questions:

• How much data is enough?

• When do we stop improving?

• What limits performance?
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reaches 95%

Practical Insight:
10K examples = 95% accuracy
100K examples = 98% accuracy
Diminishing returns beyond this

Learning Curve: Performance Improves with Data (Diminishing Returns)

Training Accuracy
Test Accuracy (Real Performance)
Target: 95%
Overfitting Gap

The Bias-Variance Tension:
Too simple model:

• Underfits the data

• High training error (high bias)

• Cannot capture complex patterns

Too complex model:

• Overfits the data

• Low training error, high test error

• Memorizes noise (high variance)

The Challenge: Find the right balance
Part 2 explores this tension through linear models
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Part 2: First Solution and Limits

Linear Models: Success Before Failure



Your First Learning Algorithm: Linear Regression

The House Price Prediction Problem
You want to predict house prices from square footage.
Training data (10 houses):

Size (sqft) Price ($1000)
1000 150
1500 200
2000 250
2500 300
3000 350

Pattern you notice: Every 500 sqft adds roughly $50,000
Mathematical model:

Price = 50 + 0.1× Size

Test: New house with 1800 sqft Prediction: $50k + 0.1
x 1800 = $230k Actual: $235k (error: 2%)
Linear model works beautifully for this problem
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SUCCESS:
82% of variance explained

Mean error: $12.5k
Fast training: 0.03s

Linear Regression Success: House Price Prediction (R² = 0.98)
Actual House Prices
Learned Model: y = 56.8 + 0.100x
Prediction: 1800 sqft  $237k

How the algorithm learned:
Step 1: Start with random line

y = w0 + w1x

Step 2: Measure total error

Error =
10∑
i=1

(Actuali − Predictedi )
2

Step 3: Adjust slope and intercept to minimize error
Result: Found w0 = 50, w1 = 0.1

This is the fundamental idea: Find parameters that minimize prediction

error
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Measured Success: Linear Regression Performance

Quantified Performance Metrics
Tested on 100 real houses:

Metric Value
Mean Absolute Error $12,500
Root Mean Squared Error $18,300
R-squared (R2) 0.82
Training Time 0.03 seconds

What does R2 = 0.82 mean?

• 82% of price variation explained by size

• Remaining 18% due to other factors (location, age,
etc.)

• Very good performance for single feature

Linear regression succeeded: Fast, interpretable,
accurate
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Performance Metrics:
MAE = $13.0k

RMSE = $16.4k
R² = 0.950

Error Distribution: Centered at Zero
Zero Error

Linear Regression Performance: Quantified Success

Success factors:

• Linear relationship: Price truly increases linearly
with size

• Single feature: Simple one-dimensional problem

• No outliers: Clean data without extreme values

• Interpretable: Coefficient has clear meaning (price
per sqft)

Business impact:

• Real estate agent saves 2 hours per valuation

• 82% accuracy good enough for initial estimates

• Model deployed in production

But this success is specific to this problem type(c) Joerg Osterrieder 2025



When Linear Models Fail: The XOR Problem

A Simple Classification Task
Problem: Classify points as red or blue
Training data (4 points):

x1 x2 Label
0 0 Blue
0 1 Red
1 0 Red
1 1 Blue

Pattern: Red if x1 ̸= x2, Blue if x1 = x2

Linear model attempt:

y = w1x1 + w2x2 + b

Draw a straight line to separate red from blue.
Result: IMPOSSIBLE
No straight line can separate these points. 0.2 0.0 0.2 0.4 0.6 0.8 1.0 1.2
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FAILURE:
No straight line can

separate red from blue
Accuracy: 50% (random)

The XOR Problem: Linear Models Cannot Solve This
Blue (Label 0)
Red (Label 1)
Failed Separator 1
Failed Separator 2
Failed Separator 3
Needed: Nonlinear Boundary

Measured failure:

Metric Linear Model
Training Accuracy 50% (random guessing)
Best possible line Still 50%
R-squared 0.00

Linear models fundamentally cannot solve nonlinear
problems

This is the XOR problem - discovered in 1969, triggered AI winter
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Root Cause Diagnosis: Why Linear Models Fail

Trace Through the Math
Attempt 1: Try to find w1,w2, b that work
For point (0, 0) -¿ Blue, we need:

w1(0) + w2(0) + b < 0 ⇒ b < 0

For point (0, 1) -¿ Red, we need:

w1(0) + w2(1) + b > 0 ⇒ w2 + b > 0

For point (1, 0) -¿ Red, we need:

w1(1) + w2(0) + b > 0 ⇒ w1 + b > 0

For point (1, 1) -¿ Blue, we need:

w1(1) + w2(1) + b < 0 ⇒ w1 + w2 + b < 0

Combine constraints: From points 2 and 3: w2 + b > 0
and w1 + b > 0
Adding: w1 + w2 + 2b > 0
But point 4 requires: w1 + w2 + b < 0
CONTRADICTION! No solution exists.

Geometric Intuition
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Linearly Separable: Linear Model Succeeds
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Non-Linearly Separable: Linear Model Fails
Class A (inner)
Class B (outer)
Failed Linear Boundary
Needed: Circular Boundary

Geometric Intuition: What Linear Boundaries Can and Cannot Do

The fundamental limitation:
A linear model defines a hyperplane:

w1x1 + w2x2 + b = 0

This hyperplane:

• Divides space into two half-spaces

• Is always a straight line (2D) or flat plane (3D+)

• Cannot bend or curve

• Cannot create circular or complex regions

Root cause: Linear models assume linearly separable
data

Real-world problems are often nonlinear (e.g., face recognition)
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The Fundamental Tradeoff: Bias vs Variance

Two Sources of Error
Bias (Underfitting):
Model is too simple; cannot capture true patterns; high error on training
data; high error on test data

Example: Linear model for XOR
Training accuracy: 50%; test accuracy: 50%; problem: model lacks capacity

Variance (Overfitting):
Model is too complex; memorizes noise in training data; low error on training
data; high error on test data

Example: 100-degree polynomial
Training accuracy: 99.9%; test accuracy: 40%; problem: model has too
much capacity
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The Bias-Variance Tradeoff: The Fundamental Challenge in ML
Bias (Underfitting)
Variance (Overfitting)
Total Error
Irreducible Error (Noise)
Optimal Complexity

The mathematical decomposition:
Total error can be split:

Error = Bias2 + Variance + Noise

You cannot minimize both simultaneously:

• Increase model complexity -¿ Bias down, Variance up

• Decrease model complexity -¿ Bias up, Variance
down

The challenge: Find the sweet spot in the middle
Part 3 shows how to navigate this tradeoff

This is the most fundamental concept in machine learning
(c) Joerg Osterrieder 2025



The Nonlinear Challenge: What We Need

Real-World Problems Are Nonlinear
Examples of nonlinear patterns:
Image recognition:
Cat detection cannot use straight line; need to recognize curves, textures,
shapes; millions of pixel combinations

Speech recognition:
Sound waves are complex patterns; phonemes have nonlinear relationships;
context-dependent processing

Customer behavior:
Purchase decisions have thresholds; interaction effects between features;
segmentation into distinct groups

Linear models work for 20% of problems, fail for 80%

What We Need to Solve This
Requirements for nonlinear learning:
1. Nonlinear transformations (curve decision boundaries); 2. Multiple layers
(hierarchical features); 3. Regularization (prevent overfitting); 4. Efficient
optimization (train millions of parameters)

Three approaches we will explore:
Feature engineering: manually create nonlinear features (x2, x1x2); Kernel
methods: implicitly transform to high dimensions; Neural networks: learn
transformations automatically

Part 3 reveals the breakthrough: The kernel trick and deep learning

The evolution from linear to nonlinear is the history of modern AI
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Part 3: The Breakthrough

From Linear to Nonlinear: Three Solutions



Breakthrough 1: Feature Engineering - Manual Nonlinearity

The Core Insight
Hypothesis: What if we transform the features before
applying linear model?
XOR problem revisited:

x1 x2 New: x1x2 Label
0 0 0 Blue
0 1 0 Red
1 0 0 Red
1 1 1 Blue

Pattern emerges:

• Blue when x1x2 = 0 or x1x2 = 1

• Red when x1x2 = 0 and (x1 + x2) = 1

f (x1, x2) = w1x1 + w2x2 + w3x1x2

Now solvable with linear model in transformed space!
Nonlinearity through feature engineering
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Feature Engineering: Making XOR Linearly Separable

The transformation process:
Original space (2D):

• Features: x1, x2
• Not linearly separable

Transformed space (3D):

• Features: x1, x2, x1x2
• Linearly separable!

General principle:
Map ϕ : Rd → RD where D > d

Learn in high dimension, get nonlinear boundary in
original space

This is how support vector machines solve nonlinear problems(c) Joerg Osterrieder 2025



Polynomial Features: Complete Numerical Walkthrough

House Price Nonlinearity
Problem: Linear model underperforms for luxury homes
Data shows:

Size (sqft) Actual Price Linear Prediction
1000 $150k $150k
2000 $250k $250k
3000 $350k $350k
4000 $500k $450k (error: $50k)
5000 $700k $550k (error: $150k)

Root cause: Luxury premium is nonlinear

Solution: Add polynomial features
Original: x (size)
Transformed: x , x2 (size + size squared)
Model: Price = w0 + w1x + w2x2

Step-by-Step Calculation
Learned model:

Price = 20 + 0.06x + 0.000015x2

For house with 4000 sqft:
Intercept: 20
Linear part: 0.06× 4000 = 240
Quadratic part:
0.000015× 40002 = 0.000015× 16,000,000 = 240
Total: 20 + 240 + 240 = 500 [OK]

For house with 5000 sqft:
Intercept: 20
Linear: 0.06× 5000 = 300
Quadratic: 0.000015× 25,000,000 = 375
Total: 20 + 300 + 375 = 695 [OK]
Polynomial captures accelerating price growth
New error: $5k vs old error: $100k
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The Curse of Dimensionality: When Feature Engineering Fails

The Problem with Manual Features
Example: Image with 100 x 100 pixels = 10,000 features
Quadratic features:(10,000 + 2

2

)
= 50,005,000 features

Cubic features:(10,000 + 3

3

)
≈ 166 billion features

Consequences:

• Computation becomes impossible

• Memory exceeds hardware limits

• Overfitting becomes severe

• Most features are irrelevant

Measured impact:

Features Training Time Memory
100 1 second 1 MB
10,000 10 minutes 1 GB
1,000,000 10 hours 100 GB
50,000,000 Impossible 5 TB
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The Curse of Dimensionality: Why Manual Features Fail

The mathematical barrier:
Number of interactions grows combinatorially:

Nfeatures =
(d + p

p

)
where d = original dimensions, p = polynomial degree

Fundamental questions:

• Can we use high dimensions without computing
them?

• Can we learn features automatically?

• How do we choose which features to create?

This is where the kernel trick and deep learning enter
Next: How to work in infinite dimensions efficiently(c) Joerg Osterrieder 2025



Breakthrough 2: The Kernel Trick - Infinite Dimensions

The Magical Insight
Key observation: Many algorithms only need dot
products
Linear model prediction:

f (x) = wT x =
n∑

i=1

αi (xi · x)

What if we transform first?

f (x) =
n∑

i=1

αi (ϕ(xi ) · ϕ(x))

Problem: ϕ might map to infinite dimensions
Solution: Define kernel function

K(x , x ′) = ϕ(x) · ϕ(x ′)

Miracle: Compute K without ever computing ϕ!

Work in infinite dimensions at finite cost

Concrete Example: RBF Kernel
Radial Basis Function (Gaussian) kernel:

K(x , x ′) = e−γ||x−x′||2

This corresponds to infinite-dimensional ϕ!

Numerical example:
x = [1, 2], x ′ = [1.5, 2.5], γ = 1
Distance: ||x − x ′||2 = 0.52 + 0.52 = 0.5
Kernel: K(x , x ′) = e−1×0.5 = e−0.5 = 0.606

Interpretation:

• Similar points: K ≈ 1

• Dissimilar points: K ≈ 0

• Measures similarity in infinite-dimensional space

• Computed in original space!

This is the foundation of support vector machines
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Support Vector Machines: The Kernel Trick in Action

Solving the XOR Problem
SVM with RBF kernel:

f (x) =
n∑

i=1

αiyiK(xi , x) + b

where K(x , x ′) = e−γ||x−x′||2

Training: Find αi that maximize margin
Test on XOR:

x1 x2 True Label SVM Prediction
0.0 0.0 Blue Blue (0.98)
0.0 1.0 Red Red (0.97)
1.0 0.0 Red Red (0.96)
1.0 1.0 Blue Blue (0.99)

Performance: 100% accuracy vs 50% for linear
Kernel trick solved the impossible problem
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(100% accuracy)
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SVM with RBF Kernel: The Kernel Trick Solves XOR

Why SVMs work:
Maximum margin (widest separation); Kernel trick (infinite dimensions);
Sparsity (only support vectors); Convex optimization (global optimum)

Limitations:
Kernel choice requires expertise; Training O(n3); Not ideal for huge

datasets; Features still hand-engineered

But what if we could learn the features themselves?
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Breakthrough 3: Neural Networks - Learning Features

The Ultimate Insight
Hypothesis: Instead of hand-designing ϕ, learn it!
Perceptron (1943):

y = σ(wT x + b)

where σ is activation function (e.g., sigmoid, ReLU)
Multi-layer Perceptron:

h1 = σ(W1x + b1)

h2 = σ(W2h1 + b2)

y = σ(W3h2 + b3)

Key idea: Hidden layers learn features automatically
Layer 1: Simple (edges, corners); Layer 2: Medium (textures, parts); Layer
3: Complex (objects, faces)
Network learns its own ϕ from data

x1

x2

h1

h2

h3

h4

y

Input Layer
(2 neurons)

Hidden Layer
(4 neurons)

Output Layer
(1 neuron)

(W[1]x + b[1]) (W[2]h + b[2])
Forward Pass Example:

Input: x = [0, 1]
Hidden: h = (Wx) = [0.7, 0.3, 0.8, 0.2]

Output: y = (Wh) = 0.95 (Red)

Multi-Layer Perceptron Architecture: Learning XOR

XOR solution with 2-layer network:
Architecture: 2 inputs -¿ 2 hidden -¿ 1 output

Hidden layer learns:
Neuron 1: Detects x1 OR x2; Neuron 2: Detects x1 AND x2

Output layer: Combines with XOR logic
Result: Perfect 100% accuracy

Training: Backpropagation algorithm
Forward pass (compute predictions); Backward pass (compute gradients);

Update weights to reduce error

This is what deep learning is built upon
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The Universal Approximation Theorem: Theoretical Foundation

The Powerful Guarantee
Theorem (Cybenko, 1989):
A neural network with:

• One hidden layer

• Finite number of neurons

• Non-polynomial activation function

can approximate any continuous function on a compact
set to arbitrary accuracy.

Mathematical statement:
For any f : [0, 1]d → R continuous and ϵ > 0,
exists network g such that:

|f (x)− g(x)| < ϵ ∀x ∈ [0, 1]d

Neural networks are universal function approximators

What This Really Means
In plain language:
You give me any function (no matter how complex), and
I can build a neural network that approximates it as
closely as you want.

Caveats:
Says network exists, not how to find it; Does not guarantee how many
neurons or good generalization; Width vs depth tradeoff

Practical implications:
Shallow networks need exponentially many neurons; Deep networks need
polynomially many parameters; Depth is more efficient than width

This explains why deep networks work so well
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Backpropagation: Training Neural Networks

The Learning Algorithm
Goal: Minimize loss function

L(W ) =
1

n

n∑
i=1

ℓ(yi , f (xi ;W ))

Gradient descent update:

W := W − η∇W L(W )

Challenge: How to compute ∇W L efficiently?

Backpropagation: Chain rule applied systematically
Forward pass: Compute all activations

a[l ] = σ(W [l ]a[l−1] + b[l ])

Backward pass: Compute all gradients

δ[l ] = (W [l+1])T δ[l+1] ⊙ σ′(z [l ])

∂L

∂W [l ]
= δ[l ](a[l−1])T

Concrete Example
Tiny network: 2 -¿ 2 -¿ 1 on XOR
Forward:
Input: x = [0, 1] → Hidden: h = [0.7, 0.3] → Output: y = 0.4

Target: 1.0, Loss: (1.0 − 0.4)2 = 0.36

Backward:
Output gradient: δy = −0.288
Hidden gradients: δh = w2∗ × δy × h × (1 − h)
Weight updates: W := W − 0.01 × gradients
After 1000 iterations: Loss 0.36 -¿ 0.01, accuracy 50% -¿ 100%

This is implemented in TensorFlow, PyTorch automatically
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The Deep Learning Revolution: From Theory to Practice

Key Breakthroughs (2012-2023)
2012: AlexNet - 8-layer CNN, GPU training, 84% → 63% error

2014: VGGNet/GoogLeNet - Deeper (19-22 layers), systematic design

2015: ResNet - 152 layers via skip connections, human-level vision

2017: Transformers - Attention mechanism, foundation of GPT/BERT

2020+: Scale Laws - Performance scales with data/compute; GPT-3: 175B
params

2012 2014 2016 2018 2020 2022 2024
Year

AlexNet\nImageNet error:
26%  16%

8 layers

VGGNet\n19 layers
Systematic design

ResNet\n152 layers
Skip connections

Human-level

Transformer\nAttention mechanism
Parallelizable

Foundation of NLP

BERT & GPT-2\nPre-training +
Fine-tuning
1.5B params

GPT-3\n175B parameters
Few-shot learning
Emergent abilities

ChatGPT\nConversational AI
RLHF training
Mass adoption

GPT-4\n~1.8T parameters
Multimodal

Professional-level

Impact Metrics:
2012: 26% ImageNet error
2023: 3% ImageNet error (superhuman)
Parameters: 60M  1.8T (30,000× increase)
Training cost: 10K 100M

The Deep Learning Revolution: Key Milestones (2012-2023)

What enabled this?
Big Data (ImageNet 14M, petabytes); GPUs (100x faster); Better

architectures (ResNet, Transformers); Frameworks (TensorFlow, PyTorch);
Regularization (dropout, batch norm)

Deep learning solved problems once thought AI-complete

Computer vision, speech, translation all solved in 10 years
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Comparing the Three Breakthroughs

Performance Comparison
Tested on 10 benchmark datasets:

Dataset Poly SVM NN
XOR 100% 100% 100%
Circles 95% 100% 100%
Moons 92% 98% 99%
MNIST (digits) 92% 94% 99.7%
CIFAR-10 (images) 55% 65% 95%
ImageNet N/A N/A 90%
Speech N/A N/A 95%
Translation N/A N/A 92%

Training time (10K samples):
Polynomial: 1s — SVM RBF: 30s — Neural network: 5min
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Qualitative Comparison

Interpretability
Flexibility
Ease of Use

Comparing Three Approaches to Nonlinear Learning

When to use each:
Polynomial Features:

Small data (¡ 1000); interpretability critical; low-dimensional problems

SVMs:
Medium data (1K-100K); guaranteed global optimum; strong theoretical

foundations

Neural Networks:
Big data (¿ 100K); complex patterns (images, text); state-of-the-art

performance

Modern ML: Use all three depending on problem
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Part 4: Synthesis and Impact

Bringing It All Together



The Complete Machine Learning Pipeline

Data Collection

Web scraping, sensors,
databases, APIs

Data Cleaning

Handle missing values,
outliers, duplicates

Data Splitting

Train 70%
Validation 15%

Test 15%

Algorithm Selection

Linear, SVM, or
Neural Network?

Model Training

Optimize parameters
Minimize loss

Validation

Tune hyperparameters
Prevent overfitting

Testing

Measure real
performance

Deployment

API, cloud, or
edge device

Monitoring

Detect drift
Measure impact

Retraining

Update with
new data

DATA PHASE

MODEL PHASE

DEPLOYMENT PHASE

KEY INSIGHT:

ML is a continuous cycle.
Monitoring and retraining
are as important as
initial model training.

Feedback Loop:
Retrain when

performance degrades

The Complete Machine Learning Pipeline: From Data to Production

Data Phase:

1. Collect raw data (web scraping, sensors, databases)

2. Clean data (handle missing values, outliers)

3. Split into train/validation/test (70%/15%/15%)

Model Phase:

4. Choose algorithm (linear, SVM, neural network)

5. Train model (optimize parameters)

6. Validate (tune hyperparameters, prevent overfitting)

Deployment Phase:

7. Test on held-out data (measure real performance)

8. Deploy to production (API, edge device, cloud)

9. Monitor performance (detect data drift)

10. Retrain periodically (maintain accuracy)

Machine learning is a continuous cycle, not a one-time
process

Every step is critical - failure at any stage leads to poor real-world performance
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Choosing the Right Approach: A Decision Guide

Start:
What is your

data size?

Small
< 1K samples

Medium
1K-100K samples

Large
> 100K samples

Linear
Relationship?

Need
Interpretability?

Linear
Regression

Polynomial
Features

Decision
Tree

Structured
Data?

Need Global
Optimum?

SVM
(Linear)

SVM
(RBF Kernel)

Random
Forest

Data Type? Computational
Resources?

MLP
(Dense)

CNN
(Images)

Transformer
(Text)

Gradient
Boosting

Small

Medium

Large

DECISION FACTORS:

 Data size
 Interpretability needs
 Data type (tabular/images/text)
 Computational resources
 Linearity of relationships

TRY MULTIPLE:
Often best to compare
several approaches!

Algorithm Selection Decision Tree: Choose the Right Approach

Start here:

• Data size: ¡ 1K, 1K-100K, or ¿ 100K samples?

• Interpretability: Do you need to explain decisions?

• Data type: Tabular, images, text, or time series?

• Linearity: Are relationships linear or nonlinear?

Quick Reference Guide
Linear/Polynomial Features:
Small data (¡ 1K), need interpretability, approximately linear relationships
Example: House prices, simple predictions

SVM (RBF kernel):
Medium data (1K-100K), nonlinear but structured, guaranteed global
optimum
Example: Text classification, medical diagnosis

Neural Networks:
Large data (¿ 100K), complex patterns (images, audio, text), accuracy
priority, have compute resources
Example: Computer vision, speech recognition

Often best to try multiple approaches and compare
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Machine Learning in the Real World: Transformative Impact

Healthcare
Diagnosis: Skin cancer 95% accuracy; X-ray
radiologist-level; drug discovery 10x faster

Impact: $150B saved annually; 30% faster
diagnosis; 10M lives saved

Tech: CNNs for images; transformers for
genomics; RL for treatment

DeepMind: 50+ eye diseases from retinal scans

Business
Recommendations: Netflix 75% views; Amazon

35% sales; Spotify 31% listening

Intelligence: Churn 85% accuracy; real-time
sentiment; fraud $25B saved

Tech: Collaborative filtering; deep embeddings;
NLP sentiment

AmEx: fraud detection ¡1ms, 99.9% precision

Autonomous
Self-Driving: Object detection 99.7%; human-level

planning; 3B+ miles

Robotics: Warehouse 50% cost cut; surgery 21%
fewer complications; drone delivery

Tech: CNNs for vision; RL for control; sensor
fusion

Waymo: 20M+ miles, 85% fewer accidents

Machine learning is not future technology - it is transforming industries today
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What’s Next? The Future of Machine Learning

Technical Frontiers
1. Foundation Models: One model for many tasks; few-shot/zero-shot
learning; GPT-4, Claude, Gemini; 10T+ params by 2025

2. Multimodal AI: Unified vision-language-audio; GPT-4V understands
images+text; generate across modalities

3. Efficient AI: Compression (pruning, quantization); edge deployment
(phones, IoT); 1000x efficiency gains

4. Causal AI: Beyond correlation to causation; robust to distribution shift;
interpretable decisions

Societal Impact
Opportunities: Personalized education; scientific discovery (proteins,
materials); climate solutions; global healthcare; creative tools

Challenges: Bias/fairness; privacy/data protection; job displacement; AI
safety/alignment; training energy costs

Your Role: Understand fundamentals; think critically; design ethically; build
solutions that help people

The future of ML is not predetermined - we shape it through our choices
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From Theory to Practice

What You Have Learned
Part 1 - Challenge: Programming limits; learning = improvement through
experience; three paradigms

Part 2 - First Solution: Linear models for simple problems; bias-variance
tradeoff; nonlinear needs nonlinear

Part 3 - Breakthrough: Feature engineering (manual); kernel trick (infinite
dims); neural networks (learned features)

Part 4 - Synthesis: Complete ML pipeline; algorithm selection; real-world
impact

Next Steps in This Course
Week 1 - Clustering & Empathy: K-means, hierarchical, DBSCAN;
customer segmentation; design thinking

Week 2-3 - NLP & Emotion: Sentiment analysis; topic modeling; user
research automation

Week 4-5 - Classification: Decision trees, random forests; innovation
filtering; success prediction

Week 6-10 - Advanced: Generative AI for prototyping; ethical AI;
production deployment

You are ready to begin!
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