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Discrete to Continuous Labels

Classification

= = Sports = Anemic cell
- ~.7_ ) Science @ Healthy cell
2 News A
X = Document Y = Topic X = Cell Image Y = Diagnosis

Regression

> Y = Age of a subject

X = Brain Scan



Regression Tasks
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Supervised Learning

Goal: Construct a predictor f: X — Y to minimize

loss function (performance measure)

Sports

—_ > Science —> ::uﬁ?:c‘:f
News
Classification: Regression:
PU(X) #Y) E[(f(X) = Y)?]

Probability of Error Mean Squared Error



Regression algorithms

Training data |:> Learning a|gorithm |:> Prediction rule

Linear Regression
Regularized Linear Regression — Ridge regression, Lasso

Polynomial Regression

Kernelized Regression

Gaussian Process Regression

Kernel regression, Regression Trees, Splines, Wavelet
estimators, ... :



Replace Expectation with Empirical
Mean

Optimal predictor: f* = arg mfin E[(f(X) — Y)?]

Empirical Minimizer: fn = arg %JQ (f(Xi) ~Y;)?

Empirical mean

Law of Large Numbers:

oo

% Z loss(Yi, £(X;)] ———— 5 Exy [loss(Y, £(X))]




Restrict class of predictors

Optimal predictor: f* =arg mfin E[(f(X) — Y)?]
Empirical Minimizer: fn = argmi ! f: (f(X;) —Y;)?
P ' n — arg fE@ n 2~ i i

Class of predictors
Why? f*(x) f(x)
Overfitting! y

Empiricial loss minimized by any |
function of the form

f(:l?):{y'i‘ $=Xit‘01'i= R *0—0-0—0—

. /
any value, otherwise X;




Restrict class of predictors

Optimal predictor: f* = arg mfm E[(f(X) — y)2]
Empirical Minimizer: fn=argmin — > (f(X;) - Y;)
fe@ ni=1

Class of predictors

JF - Class of Linear functions
- Class of Polynomial functions
- Class of nonlinear functions



Linear Regression

~ 1 n
fn = arg— Y (f(Xy) — Y;)?  Least Squares Estimator
=1

F71 - Class of Linear functions

Uni-variate case:

f(X) =01+ B2X

Multi-variate case:

f(X) = f(X(l),...,X(P)) =51§}Z) _|_52)((2) _|_..._|_5px(p)

£

% «* P2=slope

,Bl-intercept‘[ e

1

= X[ where XZ[X(l)...X(p)], 5:[516P]T



Least Squares Estimator

fL = arg fmlfr}ﬁ Z (f(X;) —Y;)? (X)) = XiB
U
5= argmi %Z X6 — Yi)? FE(X) =

= arg min l(Aﬁ ~-Y)(AB-Y)
B n

x; ] [ xP xP Y

_ X _ X,é,l) X,é,p) _ Y _
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Least Squares Estimator

N

3 = arg mﬁin l(Aﬁ — Y)T(Aﬁ —Y)=arg mﬂin J(3)
n

J(B) = (AB-Y)'(AB-Y)
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Least Square solution satisfies Normal
Equations

(ATA)BE=ATY
pxp px1 p x1

If (ATA) is invertible,

8= ATA)1ATY fl(x)=x8
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