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Disclaimer

- Today, we do not review math-heavy parts.

» However, super important!



Supervised Learning &
Unsupervised Learning




Supervised Learning

. Learning from data of form {(X;, ;) }'_,

» Linear Regression

- Nalve Bayes

« Perceptrons

» Logistic Regression
« K-NN

« Decision Trees

¢« SVMs



Unsupervised Learning

. Learning from data of form {x;}_,

« K-Means
« Gaussian Mixture Models

» Principal Component Analysis



Anatomy of ML algorithms

« Three core elements.

» Hypothesis space &#

« Optimization algorithm

: — n
. Given the dataset Y = {(X;,y,) }._;,
we perform the empirical risk minimization:

1 n
minfgf&;; Z (X3, yi)
=1



Linear Regression



Linear Regression

- IfX € Rdandy € R, we solve

n
I T 2
min — ) (y,— W X;+ D)
weR4beR N 1
 Optimization
» Critical point analysis

» Requires some pseudoinverse

price (in $1000)
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Naive Bayes



Naive Bayes

« Given the data and “model” (likelihood & prior), maximizes the joint
probability

mng pH(Xl > V1 :n)

- Assuming conditional independence of data, this is equivalent to

1
mm log —— + log
( 121 Pe(X | Vi) Pe(YV1:n) )

- Optimization. Critical point analysis




Perceptrons



Perceptron
. fx € R%andy € {0,1}, we solve
.1 ¢ N
min — Z (fo(X) —y) - 0'x
N e

where
fo(x) = 1{60'x > 0}

- Optimization. Online learning



Logistic Regression



Logistic Regression

» We solve
1 n
min 2 (108(/5x)) ¥ + log(1 = fyx)~" )

where

fy(%) = 6(07%)

- Optimization. Gradient Descent



Nearest Neighbors




Nearest Neighbor

. Idea. For any test data X, do the majority voting (or averaging) of
k training samples with the smallest

X — x|

- First appearance of “nonparametric alg.” & “hyperparameters”




Decision Trees




Decision Tree

. Idea. Partition the input space with axis-aligned boundaries,
so that some uncertainty in each cell is minimized.

- Optimization. Greedy construction, with bagging / boosting
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until all leaf node is stopped:
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if(stopping_rule(node) = True):
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SVM

Idea. Linear model, but maximize margin; solves

2
o |lw
o5 — o IV

subjectto  y(w'x. + b) > 1
wW.b 2

Optimization. The method of Lagrangian multipliers

« Solve the quadratic problem with a solver.

Softer version, with hyperparameters

Kernel version






K-Means

« Solves
14}

. : 2
min min E ’”ikHXi — //tkHQ
{PQJ' {n%} i:=1

- Optimization. Alternating minimization
(general version: EM)

Unlabelled Data Labelled Clusters Algorithm 1 k-means algorithm

. Opecify the number k of clusters to assign.
. Randomly initialize k£ centroids.
repeat
expectation: Assign each point to its closest centroid.
maximization: Compute the new centroid (mean) of each cluster.
until The centroid positions do not change.
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GMM

With Gaussian likelihood models, solves the maximum likelihood

maXHZ - N (X | g, 20)

>
7o =1 k=1

Optimization. Expectation-Maximization (EM) algorithm.
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1. Initialize p,, 3, k.
2. E-step: Evaluate responsibilities r,,;, for every data point x,, using cur-
rent parameters g, fby, k-

_— TN (2 | g, 2i)
nk — .
Zj 7rj-/\/‘(wn ‘ K 2])

3. M-step: Reestimate parameters 7, 4, 23 using the current responsi-
bilities r,,;, (from E-step):

(11.53)

1 N
l‘l’k: - Fk Z TnkZLny (1154)
1 N
>, = e Zrnk(wn — ) (T — )", (11.55)
N
T, = Wk (11.56)






PCA

» Minimize the reconstruction error from projection:

mm—z |x; — Ux; — b||*
Ub n

- Optimization. Greedy selection of basis

- The method of Lagrangian multipliers + critical point analysis

« Reduces to the SVD.



