019'0 - 13 ANNIN


http://localhost:8000/assets/lecture13_slides.pdf

N'Nlin nT'N721 a'ya [INND )'7aN

Data Collection

:

1]

Data Inspection

Q

Problem Definition:
The Task & Evaluation Method

Q

Train | Validation | Test Split

-
)

K Selection of Method, ] ‘

__Hyper-Parameters & Learning Approach

(

Data Pre-Processing
& Feature Selection

‘

Model Fitting - Learning

‘

Validation & Anlysis

K (On Validation Set) J /
[ Performance Evaluation I
(On Test Set)

-




n'yvin NT1an

.y = h(x) "NTN NIXN7 n011 T'nn supervised learning 2
07N MY 2 127190

19101 070’ T classification): y) airo nrya .

.9'¥1 regression): y) n’oman nrya e

7172 V7§ 7057 D'ANINN DAI'ND 190N DNl DA7N DRy
-Multi label problem ?anaiT .Thxn



D'VIX'] Novin

D2 wnnwa? ax1l naw (cost) v'nnn NPY7IId NN V)
:NIXAN VAN NYX7AI9 102 A7 JUXTRA DX Va7

C(h) = E[l(h(x),y)]

.(risk) j1>’o nrP¥7aId nndn at a10n NPX7AIS
(loss) To®nn N¥7AID n1dIn [ A’Xj71190

1 YNNI 1IX 117 YIT' NNN]Q X7 x | y 7@ A1'7'90VY [1'DN e
.0'YIN'2AN NN Jyn7 '17D1 n7ninal test set



Nixiva (J1D'0 NI'X7119) TOON NI'X7AID

Common For Loss Name Risk Name Loss Function Optimal Predictor
Classification Zero-One Loss Misclassification Rate Ly, ) =I{y £y}t I (z)=arg max pyjx (y| =)
Regression L, Mean Absolute Error Ly, 1) = |y —vs Median: i* (z) = §

s.t. By (9] z) = 0.5

Regression L, Mean Squared Error (MSE) [ (y1,%)= (i — %)’ h* (z) = E[y | x]
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Discriminative vs. Generative
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Cross-Validation
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Timeline

1950

Deep learning

1960 1970 1980 in ML 1990 2000 2010
— =+ 3 : : ' ' ' '
Learning machine ML by A. Samuel ! ML in comm&nr‘cah‘on ML by T. Mitchell ' Deep RL
by A. Turing networks
1800s Linear models
1/ G L) -
Least OLS in machines MaxEnt, Logistic regression LASSO Deep
squares .Neural Networks (NN) e Key issues* BP Connectionism® GA PSO learning exponential growth*
S s
Hebbian learnig  Perceptron — SLP, MLP DNN CMAC CNN SOM, RBM  TLFN, LSTM DBN
Non-parametric models RNN REN
/) '
k-Nearest Neighbors ~ KDE
(k-NN) Bayesian Networks (BN)
............................................................................ 'S .
NB  HMM Dynamic BN
Centroid models
-
k-Means
Markov Decision Process (MDP)
O o0 O O
POMDP FALA, CALA D TD(A) Q-learning SARSA DQN
Decision Trees (DT) Ensemble DT
/ i Fany i)
\—y g T Y S N \—y
@ General technique AD THAID ID3 CART | REPTree MS, RF MART  Extra-Trees XGBoost
O specfictechnique @ REct2ton Maximizstion (EM) - -
----- Predecessor Baum-Welch
<> Milestone Ensemblefl\earmng s

* Stagnation. Overall, the progress of Machine Learning (ML) was minimal in the 1970s
' Resurgence leveraging both Backpropagation (BP) and Connectionism
# Boosted by both the increment of available data and the increasing capacity of computing resources

WMA, Bagglngb/\daBoost SGBoost
Boosting .Support Vector Machines/Regression (SVM/SVR) -




Empirical Risk Minimization

e Problem type: Regression (Classifcation)
e Approach: Discriminative

« Optimization problem:
argmin 3, [(h(z";0),y")
0



Linear Least Squares (LLS)
(also known as ordinary least
squares-0OLS)

e Problem type: Regression with MSE risk

e Approach: Discriminative

« Model: h(z;0) =0'x

« Optimization problem: 6= arg;nin L5020 —
y1)?

e How to solve: Closed-form solution: 0=
(XTX) 11X Ty.



Ridge Regression
(LLS with Tikhonov Regularization
(i2))

Problem type: Regression with MSE risk

Approach: Discriminative

Model: h(z;0) =0 =

Hyper-parameter: Regularization coefficient )\

Optimization: 6" — argmin % Zi(HT:B(i) — y(i))2 + \||0]]3
o

Question: what is the motivation for the
regularization?



Least Absolute Shrinkage and
Selection Operator (LASSO)
(LLS with /; Regularization)

Problem type: Regression with MSE risk

Approach: Discriminative

Model: h(z;0) =0 =

Hyper-parameter: Regularization coefficient )\

Optimization: 0" = arggnin L5020 — )2 4 ADi105

How to solve: Variants of gradient descent
(were not presented in the course).



K-Nearest Neighbors (K-NN)

Problem type: Classification (and also
regression)

Approach: Discriminative

Hyper-parameter: Number of neighbors K.

Properties: Required amount of data that is
exponential in the dimension. Good for low
dimensions with a lot of data. Slow runtime.

 Questions:
o What is the training process?

o What is the main difference between this
method and other parametric methods we
have learned?



Decision Trees

Problem type: Classification or regression

Approach: Discriminative

Model: A tree with nodes that threshold a
single feature.

Hyper-parameter: Number of nodes.

e Optimization:

o Classification: Minimize entropy or the Gini
index.

o Regression: Minimize RMSE.

How to solve: Add nodes in a greedy manner +
pruning.



Decision Trees - Cont.

e Properties:
o Very efficient runtime.

o Usually overfits but can efficiently be
combined with bagging or boosting.

o Can work with categorical features.

o More interptable (without ensembles).



Hard SVM

Problem type: Binary classification

Approach: Discriminative

Model: h(z) = sign(w’x + b)

Optimization:

1
w”,b" = arg min —Hsz
w,b 2

st (w2 +b)y >1 i

How to solve: Numerical convex optimization
solvers.

Property: Requires the data to be linearly
seperable. =



Soft SVM

e Problem type: Binary classification
e Approach: Discriminative
e Model: h(z) = sign(w’ = + b)

e Hyper-parameter: The slack penalty term C.

Optimization:

N
: 1
w0, {6} = argmin S |w|*+C ) ¢
w,b,{&; } E i=1

..yl (wTaz(i) -+ b) >1-& Vi
& >0 Vi



Soft SVM - Cont.

e How to solve: Numerical convex optimization
solvers.

e Property: Can be very efficient when combined
with the right kernal using the kernal-trick.



Histogram

e Approach: Generative

« Model: Piecewise constant probability
function.

e Hyper-parameter: Bin edges.

e How to_solve: _Count relative number of
samples in each bin.

e Properties:
o Not very useful for supervised learning.

o Required amount of data is exponential in
the dimension.

o Great for quick visualization.



KDE

e Approach: Generative

e Model: Linear combination of N shifted kernel
functions.

e Hyper-parameter: The kernel function

e Properties:

o Required amount of data is exponential in
the dimension. Good for low dimensions with
a lot of data.



Linear Discriminant Analysis (LDA)

Problem type: Classification

Approach: Generative

 Model: p, (z|y) = \/(271r)d|26_%(m_ﬂy) 2 (z—p,)

Optimization: MLE (or MAP)

How to solve: Has a closed-form solution.

Properties:
o Linear separation lines.

o Good when each class is concentrated in a
different area of the feature space.

o Can deal with classes with very few
examples (even 1). 26



Quadric Discriminant  Analysis

(QDA)

Problem type: Classification

Approach: Generative

« Model: p,, (z|y) = W;)d'zy'e—ﬁ(w—uy) 5, (z—n,)

Optimization: MLE (or MAP)

How to solve: Has a closed-form solution.

Properties:
o Quadric separetion lines.

o Good when each class is concentrated in a
different area of the feature space.



Logistic Regression

Problem type: Classification

Approach: Probabilistic Discriminative

efy(??;oy)

* Model: p,.(y|z) = softmax(F(;0)), = ;i

Hyper-parameter: The functions f,(z;0,).

Optimization: MLE (or MAP)

How to solve: Gradient descent.



Linear Logistic Regression

Problem type: Classification

Approach: Probabilistic Discriminative

OT:I:

 Model: p(y|x) = softmax(Ox), = ZGL

=
600 x

Hyper-parameter: The matrix 0.
e Optimization: MLE (or MAP)

How to solve: Gradient descent.



Multi-Layer Perceptron (MLP)

e Problem type: Either

« Approach: Probabilistic Discriminative /
Discriminative

e Model: A neural network of fully connected
layers.

e Hyper-parameter: The number of layers and
their width + activation functions.

e Optimization:
o Classification: MLE (or MAP)

o Regression: ERM

e« How to solve: Stochastic Gradient descent (and
variants) + backpropogation. 0



Convolutional Neural Network
(CNN)

Problem type: Either

Approach: Probabilistic Discriminative /
Discriminative

Model: A NN of convolutional + fully connected
layers.

Hyper-parameter: The architecture.

Optimization:
o Classification: MLE (or MAP)

o Regression: ERM



Bagging and Boosting
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... Google is your friend
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.Kaggle -


https://www.kaggle.com/competitions

DINNA 720 'an

NIN-7NA7X N7
I'f7N'Y DIN)
I'l'7 M1y

'NN |IN

11N W

1'7ND'N NN

NN QAN e
7O N7VIN o
VIA721 N e
MNTIO 7N"T o
N1DW AND e
1IN0 2’2’ o

17 V9D o



... DNINIY DNPN



