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There are three major components of a machine learning system

1. Data i'Y\ u.j- dm\’m I ?Q‘;tw
= sUP:K VSED  Lestnpn, bed s
Kn}\ A. Example Handwritten digit images and correspsAdmg label S d}
QT@N"{} B. Example: Road density and Salt concentration b
9—"‘“ fﬂ\"d C Example,_X -Y coordinatg-of poistcloud and corresponding/Z coordinate
§ 2. Models L m frudicty W =
~ L A aka — b,
3’ WMX ¥ ¢ UJA. Example: Linear model: Equation of lineor MOJ_Q_(

/ \F“"v‘ . Example: Multi Layer perceptron: Two Linear models sandwiching a non-linear
@\ % ¥ €)) activation function.

3. Learning B ﬂ C})/: O
7/;4

Pﬁ e_ALL(’u}‘ Q.O-lpeﬂ A. Example: Least t square < solution. \/_—5 —
B. Example: Grad|ent descent. —
’Lb % — o & ﬂ({l)
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Data as Vectors — — ox
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2 @ Let us consider the problem of identifying the digit from handwritten images based on
= ——E e —"——
=t data. This is called a supervised learning problem, where have a label y; (the digit)

associated with each example X; (the handwritten image) The label y; has various other
N\
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(0 names, including target, resporhsjg variable and annotation. A dataset is written as a set of
1;; T ' example- label pairs {(x‘i’,-yl y oy (xi, yi), (xn, yn) . The features
I {xl, . ,xn} are often con ' Sabig matrix X € R™*? and the .
I n h
labels y € R Tl oy T g doka x, WVMI
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3 Models as functions An
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Once we have data in an appropriate vector representation, we can get to the business of
& R’m ~———
UW constructing a predictive function (known as a predicior).
iy X Auyrsa s

Xi= #‘1 WML ] There are two major approaches: e R
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1. a predictor as a function, f : R? s R T
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Sjo’u-wj .
ke A. Example: Linear Model: f(x) = \3#% x + wy .:F('_l‘) = Myt(
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L;, PQ.LU(Z>'= 2 l’z;E Example: MLP: f(x) = \lermiadka{ W-saeadadass), where 0 : R — R™
O izco is some non-linear activation function like ReLU, sigmoid or tanh. - W o
2. a predictor as a probabilistic model. Later -o—; stk )
Gtavnou](z)> “’_____ x 0_<' 30
I+ erp(-o 2) _ . ~ o j §(’1)
I | .—==—="" Hypothesis class of functions o " 1
———ee
MLP
A predictor J : — IR, parametrized by ¢ . We hope to be able to find a good parameter
RY — R 0 L
0" such that we fit the data well, that is, f(x;,0") = y;foralli =1,...,n

![?_Q::_d? *Wq

We use the notation 3]2 = f(xi, 0*) to represent the output of the predictor.
ok (2 - Hyhrbekic Tomgent {{1) = mx«C
Loss Function for Training

{'om\f\(ﬂ = sw\k(z7 JC(_"A V= 22« /

ol .__(_Ds_h_(z_a | &’('ﬂ” 32+ D
remp(f,X,Y) = E Zl(yzagz) S_( . aj\md“
_ . = A @

,where y, = f(x;,0).

Temp(f, X,y ) is called the empirical risk.
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