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Regularization

A central problem in machine learning is how to make an algorithm that
will perform well not just on the training data, but also on new inputs.

Most machine learning tasks are estimation of a function f(x)
parametrized by a vector of parameters 6.



Classical Regularization: Parameter Norm Penalty

Most classical regularization approaches are based on limiting the
capacity of models, by adding a parameter norm penalty Q(6) to the
objective function J.

J(0; X, y) = J(0; X, y) + af2(0)



L%Parameter Regularization, weight decay

L% parameter norm penalty commonly known as weight decay.
Regularization term Q(0) = 1|/w/| 3

Gradient of the total objective function:

i~

Vudlw; X, y)=aw+ V,J(w; X, y).
w:=w — e(aw + Vwl(w; X, y)).

Considering a quadratic approximation to the objective function

J(6) = J(w*) + 3(w — w)TH(w — w")
Vold(w) = H(w — w*).



aw + Hw —w*) =0
(H+ al)w = Hw”

W= (H+ al) " Hw*.

what happens as o grows?



H=QAQT
W= (QAQ al) ' QAQ w*

= [QA+ al)QT] " QAQT w*
= QN + Odl)_lAQTW*,
QTw = (A+ al) 'AQTw*.

The effect of weight decay is to rescale the coefficients of eigenvectors.

The ith component is rescaled by a factor of AAW

» If \; > «, the effect of regularization is relatively small.

» Components with \; < o will be shrunk to have nearly zero
magnitude.



Directions along which the parameters contribute significantly to reducing
the objective function are preserved a small eigenvalue of the Hessian tell us
that movement in this direction will not significantly increase the gradient
effective number of parameters, defined to be
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As « is increased, the effective number of parameters decreases.




