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Machine Lea
Case Study
Optimization in ML
- Learning Theory

- Regularization
- Learning Algorithm

Wall Street Fintech Club (WSFC), © All Rights Reserved ,www.wallstreetfintechclub.com, A#E : 1£/R#7 Fintech BREB , 2 IERIZNER




ML - A FAVORABLE PERSPECTIVE

Traditional Programming

Data
Program

Machine Learning

Data
Computer Program
Output




ML - ANALOGY

No, more like gardening

 Seeds = A|gOI'itth
« Nutrients = Data
- Gardener = You
« Plants = Programs




earning = Representation +
Dptimization




CASE STUDY - DECISION TREE

Sunny Overcast

ﬁ Ye& ﬁ

I-]igh Narmal Strona
Nn ch Na Yes
Suppose the features are Outlook (z;), Temperature (z;), Humidity (z3), and Wind

(4). Then the feature vector x = (Sunny, Hot, High, Strong) will be classified as No. The

Temperature feature is irrelevant.




CASE STUDY - DECISION TREE

Sunny Overcast Rain

!

Humidity Yes

/

High  Normal Strong  Weak

/ N / N

No Yes No Yes

Suppose the features are Outlook (z), Temperature (z;), Humidity (z3), and Wind
(24). Then the feature vector x = (Sunny, Hot, High, Strong) will be classified as No. The

Temperature feature is irrelevant.




SGD
Momentum
NAG

Adagrad
Adadelta
Rmsprop

Optimization:

: : : : : Stochastic Gradient Descent(SGD)s:
Representation: images -> pixels -> matrices Backpropagation Momentum / Nesterov accelerated gradient
Adagrad / Adgdelta / RMSprop / Adam



ML - AUTOMATE AUTOMATION

Table 1: The three components of learning algorithms.

Instances Accuracy fError rate | Combinatorial optimization
K-nearest neighbor Precision and recall Greedy search
Support vector machines | Squared error Beam search

Hyperplanes Likelihood Branch-and-bound
Naive Bayes Posterior probability | Continuous optimization
Logistie regression Information gain Uneonstrained

Decision trees K-L divergence Gradient descent

Sets of rules Cost /Utility Conjugate gradient
Propositional rules Margin Quasi-Newton methods
Logic programs Constrained

Neural networks Linear programiming

Graphical models Quadratic programming
Bayesian networks
Conditional random fields




OPTIMIZATION

min f(x)
xeR"

5.1 elx) =1
c(x) <0




OPTIMIZATION IN ML

xeX. ye)

(x1, y1), (X2,¥2), - -, (Xn,Yn)

((h(z),y)




OPTIMIZATION IN ML

dy; : VO dimension, measures the capacity of H



OPTIMIZATION IN ML

heH



STRUCTURAL RISK MINIMIZATION BY
REGULARIZATION

This value of C here gives
the best guarantee for the
expected risk R{w).

Guaranteed expected risk R{w)

3
e
=
=
—
1]
i)
L=
[ p
i
T
[r )
:
=,




OPTIMIZATION ALGORITHM IN ML

0"t = 0% — a, VJ(0

0"t = 0" — ;,GLVJ(0



OPTIMIZATION ALG FOR DEEP LEARNING




Reinforcement Learning: dynamic

Online Learning: online convex optimizatic
Evolutionary Algorithms: generic algorithms
Big Data: distributed optimization, sparse optimization
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ML IN REAL-WORLD

Sorry
TRY AGAIN

Complication

Seme | dimensionality
. reduction
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A Few Useful Things to Know abo -
The Master Algorithm: How the Quest for the U
Our World. Pedro Domingos

Scikit-Learn: http://scikit-learn.org

An Extended Version Of The Scikit-Learn Cheat Sheet. Christophe Bourguigna
Deep Learning. Yann LeCun, Yoshua Bengio, and Geoffrey Hinton /
Optimization Methods for Large-Scale Machine Learning. Leon Bottou, Frank rts,

and Jorge Nocedal

The LION Way: Machine Learning plus Intelligent Optimization. Roberto Ba#iti, Mauro
Brunato
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