Neural Networks (part 1)
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How +o fi+ o model +o data,? Gradient Descent

How fo compute gradient of complex functions? Backpropagation

Initialize weights E [ug, ity s W |

for i in range (numlters) :
grad = calcGradient ()
Weights = weghts - vy. grad



Backpropaga,fiofl = computation 3»@}, + chain vule

4 steps: (D) decompose into composition of simple functions
@ derive derivative of each Simple.  function
(3 compute intermediate outputs and devivativeg

@ multiply derivatives (chain rule)



Example (intvition)

Y= [In(x*+0)]*

y=h(g(f(xM)

where F(xX)= x %+
g(x)=1{nx
h(X]: xz

computation graph:
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Tx = 2 In(x*) - ;,‘;— . 2%
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3{ = h’(g(#(x))) 9‘((3(:0) £ (x)
where  £'(x) =2x

Recall ¢hain role,:
S; q(F(x1) = g)(Fe) (>
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=2 y=h(g(F(xN)



How +o veriFY that 3ra.d.'er1r5 are coffect’ Gradient checkiﬂj

On a single (?,)') data, point:

3

(D Compute %= = Calc Gradient (EFY* we.ight‘s)

A
@ r::ompuf-e approximate g-g— usinj predfci'()
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Goal: train a neural network classiFier

Model NN classifier
Loss CE

Optimizer mini-batch GD
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Runm'nj €Xample :

X -——-> linear

R

IxXs
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Network :

o loose!y based on b:‘ological neuvrons

® consi
onsists of fa.\’lers of hevrons
° each layer consists of linear operation

with nonlinear activation G.mcﬂ’an
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# layers and layer sizes are design params
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linear
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RelLU

RelU(2) = {2 . 220
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C : '
omments ¢ © eclementwise nonlinearifj

° easy to compuie
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ommon Nonlinear activation fun ctions’




So Ftmax

softmax (E) P —

ch

Comments: - maps C numbers +o valid prob distribution
l.e. Z softmax f';f-)I = |
{

0 £ softmax (z); ¢ |

= higher numper - higher prnbab.-'fﬁj

~ nhokle +hat zi 2~k ;
© Etj - £ — : k= mir.u 2, 1o avoid numerica)
a -

Used at+ last layer for classification taskg



‘ i

L %-l -g . -log (§..)
Cross En'f'ropy loss : N 20 = Yu:. 3VYic

where ¢ £ % ovtput classes

Yic 2 g ’ F Yi has class labe| ¢
O otherwise < "one. ot
A 4 ko,
l o gic Yic © predicted prob that encodms

° , X 's class ¢

Comments: o |¢ yi=c, loss = - log(é\;c)

®© Common boss For classification tasks



OPHmize;”J RS R™C RIS g ks

1 r A 7
initialize Weights B [ W(’). 'E(') ; W(z) ; EIZ)J

for § in range (nowkters)
qrad = calc Gradient (...)
Weights = weights - y. grad

How to Calculate gg oJ oJ *P)

Backpropagation .



Consider a single iraining example (x,y):
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