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Polynomial model

Goal: e« Extension of a linear model “engine” to poly-
nomial models. The polynomial model is very flex-
ible, i.e. due to the Taylor expansion theorem.

o [llustration of generalization principle.

The N-degree uni-variate polynomial model is
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3.3 Overfitting and underfitting
. : 4 3';
Goal: Two common and fundamental © VINok in ma- Lk, &
chine learning. A
Owverfitting when model is too complex, i.e. have too
many parameters.
I\r =10 « Too many hyper-parameters relative to the number
of observations. o 3 I
« Follow the training data very closely. ™ ,;?'ZJ
« Fail to generalize well to unseen data. . )
Underfitting happens when a model is too simple. s>
« Unable to capture the underlying pattern of the LS PG

data and hence misses the trends in the data. sl cow
+ Performs poorly on the training data and fail toew? &
generalize. PX)rex o3 x
Overfitting and underfitting arzcomplimentary and bal-
ancing between them is key to building robust machine
learning models that perform well on new, unseen data,

i.e. generalize well.
Hyper-parameter optimization The order N is

the hyper-parameter of the polynomial model. Selecting
the most appropriate hyper-parameters value is called
hyper-parameter optimization.
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Goal: Trial and error approach to quantify generaliza-
tion performance and overfitting-underfitting balance.

The cross-validation is also termed performance assess-

ment.

e First step of any following technique is resample
the dataset into the random order.

N=3
Yy = wp+uyxr+ w2x2 + w3x3

IGSJ lw . Fold 1

A0k +
Big dataset (tens of
train/validatign{_ﬁgs} e -
Split into three distinctive datasets:
4)- Training (50-80%): used for learning of model pa-
rameters, e.g. weights w.
)« Validation (10-25%): used for assessment of model
hyper-parameters influence.
3) o Test (10-25%): performance assessment that is sup-
posed to be an estimation for the generalization
error.
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variance M_train =10; é“‘\'“ 'L“/"é
sigma=0.1; &¥?2 e (
x_train = random('Uniform',0,0.6,M_train,1); X~ U lo, 9-53
N—] b_coeff = [0.1310.2 0.01]; luts)
y_the_ory_train = poly\{al(p_goeff,x_train); . 2001
y_train =y theory train +sigma*randn(M_train,1);< ¢ %>
L %y = X1 + 3*X1.A2 + 0.1*x1./3 = k)
N M_test = 100; 4est

Noptimat x_test = random('Uniform',0,0.6,M_test,1);
y_theory_test = polyval(p_coeff,x_test);
y test=y theory test + 0.1*randn(M_test,1);

p_coeff =[0.1310.20.01];

AN

p(xX) = p1X" + pox™ 0+ pax + P

L‘(“\= 0.014+0.2x + X2+ 3x> 4+ D1 x‘l - 3=l/\c»¢\ + B2

e o> -Aain/ sienf D‘/‘L\ID

function [yh, w] = polynomial_regression_weights(x,y,N)
NN & M =size(x,1);
X = zeros(M,N+1);

fork=0:N
X(:,k+1) = x.”k;
end
w = pinv(X)*y; % Isgminnorm(X,y)
yh = X*w;
end

function yh = polynomial_regression_values(x,w)

M = size(x,1);

N = length(w)-1;

X = zeros(M,N+1); 5 _ _ Nis

for k = O:N i '
X(:,k+1) = x.°k; ¥

end 1.4

yh = X*w; 14

end
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X= zercv)s(li/l,'l\l+'1); ‘ _ N=3

fork=0:N
X(:,k+1) = x.2k; ey
end 1.4
yh = X*w; Ll
end
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