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Recap
How +o fi+ o model +o data,? Gradient Descent

How fo compute gradient of complex functions? Backpropagation

Initialize weights E [, iy, oo W |
for i in range (numlters) :
grad = calcGradient ()
Weights = weghts - vy. grad

Backpropa,ga.f‘ion = computation spaph + chain vule
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Goal: +rain a neural network classifFier

Recap
Model| NN classifier
Loss CE
Optimizer mini-batch GD
! Mode ]
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initialize Weights = [ Wm. 'E(') ; W(z) ; EIZ)J

for i in range (nowhters)
qrad = calc Gradient (...)
Weights = weights - y. grad
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Consider a single iraining example (x,y):
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Consider a single +rainin3 example (x,y):
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Note : because g is one-hot
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Summarﬂ;

° forward prop = calc intermediafe outputs § prediction

© bd.CKPrOP - calc grad;ﬁn‘i“‘s



What is mini-batch gradient descent ?

Batch GD Mini-batch GD

split dataset intp
Foreach epoch: - Mini~batches

foreach minibatch:
grad = calc-grad (minibatch)
wts = wfs - Y- grad

foreach epoch :
grad = calc-gr‘ad (dataset)
wts = wts —X-grad

ubui-r:h S5i1ze = N
° [ update per epoch

4 reliabie grad estimate
~ glow to train

Comments: = pick K as lafge as will fit in GPY memory
Sredu ceg +ra.|'m‘n3 time

° shufFle +ramfn3 ata. Qfter each epoch
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° vecCtorizgtion 5peed5 up +rai4iﬂ3 Snigniﬂmnﬂj
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" Mini-batch @D speeds up training signiﬁ‘caﬂﬂy
° Tr“rz.fm‘ng Process

0 split data: train, validation, test

@ tain model for N epochs <— | epoch = | pass thru +rain data_
@ per.‘cdica[[y Méasure performance on validarign datq

@ Stop Jrra.,iﬂiﬂj" when valid loss Stops .‘mproums
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Backpropagation through linear layer
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