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Training neural networks - regularization
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REGULARIZATION

Topics: L2 regularization

QO) =2 i 2i 25 (Wi(,lj())2 = >k IW 2

- Gradient: Vyyao Q(0) = 2WK)

» Only applied on weights, not on biases (welight decay)

= Can be interpreted as having a Gaussian prior over the
weights



REGULARIZATION

Topics: L1 regularization

QO) = >\ i Zj |Wi(,lj()|

- Gradient: Vyyao Q2(8) = sign(W )

» where sign(W®);; =1 — 1

(K)
Wi,j =0

 Also only applied on weights

(K)
Wi,j <0

 Unlike L2, L1 will push certain weights to be exactly 0

= Can be Interpreted as having a Laplacian prior over the
weights



Neural networks

Deep learning - dropout



DEEP LEARNING

Topics: why training Is hard
» Depending on the problem, one or the other situation will

tend to prevall
Q-l
P4 ({

« If first hypothesis (underfitting): use better optimization

» this Is an active area of resg)arch Q
I O
- [f second hypothesis (overfitting): use better regularization
» unsupervised learning —=> (GA N )

» stochastic «dropout» training
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DROPOUT

Topics: dropout

« |dea: «cripple» neural network by
removing hidden units stochastically

» each hidden unit is set to 0 with
probability 0.5

» hidden units cannot co-adapt to other
units

» hidden units must be more generally
useful hh(x)

 Could use a different dropout
probability, but 0.5 usually
works well
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DROPOUT

Topics: dropout

« |dea: «cripple» neural network by @ @
removing hidden units stochastically S
W AN LB®

» each hidden unit is set to 0 with
probability 0.5

. . h®(x) @

» hidden units cannot co-adapt to other \

units

» hidden units must be more generally
useful

» Could use a different dropout

probability, but 0.5 usually @
works well




DROPOUT

Topics: dropout

- Use random binary masks m®)

» hidden layer activation (k from 1 to L):
h®(x) = g(@™(x))

Dropout ol (s#

» output layer activation (k=L+1).




DROPOUT

W= 0,1 QO . =
Topics: dropout <.._..’..__.. / 1; 7= o C

« Use random binary masks m®) @ @ oL 1
» layer pre-activation for k>0 (h©@(x) = x) WVE \‘ b3
a® (x) = b® + WK RK-1(x)
h(2)
Deopout oV | B @
» hidden layer activation (k from 1 to L): \

w2

h®(x) = g(@®(x)) © m® oo @) - O
» output layer activation (k=L+1): W ) b(l) 0 K P + 1x (1_1))
o Q

h(L+1)(x) = O(a(l—+1)(x)) = f(X) @ @ @ — 1 i P 0'3



DROPOUT

Topics: dropout backpropagation
 This assumes a forward propagation has been made before

» compute output gradient (before activation)
Vaw+1(x) — logf(X)y = —(e(y) —1(Xx))
» fork fromL+1to 1

- compute gradients of hidden layer parameter
Vw — log f(X)y < (Va(k)(x) — log f(X)y) h(k—1) (X)T
Vo —10g T (X)y <= Vaw g — 10gT(X)y

- compute gradient of hidden layer below

Voo — 109 F(X)y <= V(O (Vato o — 10g F(X)y)

- compute gradient of hidden layer below (before activation)

Va(k—l)(x) - |Og f(X)y < (vh(k—l)(x) — IOg f(X)y) O [ - g/(a(k_l)(X)j), ar
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DROPOUT

Topics: dropout backpropagation
 This assumes a forward propagation has been made before

» compute output gradient (before activation)

Vawr+nxy — 10gT(X)y <= —(e(y) — (X)) includes the
» for k from L+1to 1l mask m&-1
- compute gradients of hidden layer parameter ¢

Vw — log f(X)y < (Va(k)(x) — log f(X)y) h(k—1) (X)T
Vb(k) o Iog f(X)y < Va(k)(x) = Iog f(X)y

- compute gradient of hidden layer below

Voo — 109 F(X)y <= V(O (Vato o — 10g F(X)y)

- compute gradient of hidden layer below (before activation)

Va(k—l)(x) - |Og f(X)y < (vh(k—l)(x) — IOg f(X)y) O [ - g/(a(k_l)(X)j), ar
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DROPOUT

Topics: test time classification

- At test time, we replace the masks by their expectation

» this Is simply the constant vector 0.5 if dropout probability is 0.5

» for single hidden layer, can show this is equivalent to taking the geometric average
of all neural networks, with all possible binary masks

= Can be combined with unsupervised pre-training

 Beats regular backpropagation on many datasets

» Improving neural networks by preventing co-adaptation of feature detectors.
Hinton, Srivastava, Krizhevsky, Sutskever and Salakhutdinov, 2012,



Batch Normalization
Ju Z =XW

“Batch Normalization: Accelerating Deep
Network Training by Reducing Internal
Covariate Shift,” loffe and Szegedy 2015
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