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Day 2: Machine Learning Algorithms
Summary

Note: Do Not depend entirely on this and study from the official slides
Contributed by: Hassan Mohammed Nasr



The foundation of ML. Assume the output (y) isa

Fast and efficient, but sensitive to outliers, underfit, and needs scaling

. Predicts continuous ou+pu’r
Model R g
Y =Wy + wWiTy, +Waxrg... =W I

Mean Squared Error (MSE)

BEE (Heavily penalize outliers)
1 .
J== D (- 9)?
L Normal Equation (closed form/ Analytical)
Optimization

w=(z'z) 'z'y
Gradient Descent(lterative)

Wnew — Wold — aVJ

(sum of products)

Predicts Discrete output
Sigmoid function squashes linear oufput into probability [01]

Z =Wy + WiT1 + waTs ... —wlz
A N ‘l
yzo-(z/_l—l—e*z

Cross Entropy Loss (log Loss)
(Penalizes confident wrong predictions)

T == Y lyslog(d) + (1 - yi) log(1 — 5i)

Gradient Descent(Iterative)

Wnew = Wold — aVJ

Note: for multiclass use softmax



- add penalty ferm to the loss to penalize large weights (overﬁ’r’ring) to keep them small

Jiotal = Jmse + )‘R(’w)

High lambda = huge penalty = finy weights Small lambda = small penalty = large weights = increase overfitting
Pendlty Sum of Absolute Values . Sum of squaref
Rw) =) |w Rw) =Y o?

Effect + Sparcity: forces many weights to be 0 Weight decay: shrinks weights smoothly toward zero but

rarely equal 0

Geometric Shape - Diamond shaped Circular shaped



Uses instead of learnable parameters

Lazy Learner: memorizes data and make predictions based on Local similarity

1 - calculate distance between new point and all data.
2 - pick the (K) closest neighbors
3 - Classification = majority vote, Regression = Average

Simple and no training, but memory infensive, slow inference, need scaling, and performance degrade in high dimensions



logistic regression feams foundry that fits probabilities; however, sun chooses the with the largest safety gap ( )

] y N
Hyperplane (model) Safely gap to /\

wliz+b=0 closest points

Goal: find the hyperplane with the (widest safety gap)

; ) Linear!!
min— || w H‘
2

Subject to yz’(wl x+b)>1

Hart margin: problem is real data is noisy, hard margin would crash if just one outlier existed.
Solution: soft margin, relax rules by allowing some violations but penalize them using a Reqularization hyper parameter C

penaLize errors heaviLy = narrow margin = risk of overﬁ’r’ring
ignores small errors = wider margin = better 9eneraLiza’rion



SVM finds linear boundary, so fo fit non linear separable data we transform the data into higher dimensional space * — ¢(x)

\f

Computing it is computationally expensive

Solution: use special type of functions called which compute the high-jim similarity
directly without explicitly building them

Finds straight lines Finds Curved Boundaries Finds local similarity
Good for linear problems and feature interactions Points close in distance
k(z,y) = z'y k(z,y) = ('y + ¢)*

K(o,y) = e =

SVMs are powerfull. modeling complex non-lineur relationships but not scalable, needs preprocessing and noise sensitive



Split based Try every possible split for every feature (no gradient descent)

L Split on feature that maximizes information gain by reducing impurity.

G=1-) p

Impurity metrics

H= - piloga(pi,

Simple, easy fo understand, interpretable, and does not need preprocessing. However, high variance and overfitting

L Solution (Bagging): frain many trees on random
subsets and average them

Random forests are robust, high performance, und tells feature impor’rance, however, slow inference, And memory intensive.
Moreover, doesn t learn from mistakes.

L Solution: Train frees sequentially where each tree fixes

the errors of the previous one.

SOTA performance, Flexible performance and does not need preprocessing . However, sensitive o tuning, serial making it slow,
easy to overfit especially when data is small



No model works best
tor every problem



