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

How to C.ompufe gra.dicnf oF Complex ﬁ)nc‘rions?

Initialize weights E [ug, ity s W |

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



Back propagation - computation graph + chain vule

4 steps: () decompose into composition of simple
@ derive derivative of each Simple.  function
@ Corpute intermediate outputs and

@ mul tiply derivative s
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How 4o verify that gradients are corfect?

On a Ssingle (?,y) data. point:

where

@ compute ':I;E' = Calc Gradient (E,Y‘ we.ights)
A
@ Compute approximate g% Using predict () function
4=
ji. = loss (Iﬂl predic+ (:Tc", weights + €-d; ))
'_T'." = loss (y, predict (X, weights - €-4;))

@ check that J = _jd_:_?,
oW dw
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Goal: train a neural network classiFier

Model NN classifier
Loss CE

Optimizer mini-batch GD



[Fodel

Dens:

Nevral

Runm'nj €Xample :

X -——-> linear
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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
(-]
# layers and layer sizes are design params
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Comments : © clementwise nanhnear:tj
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Common nonlinear activation Function s
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Softmax
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Loss | L y <
| Cross En+ropy loss - ICE TN 'go (- 2, Yic'log (ic))
| ) - c=1

a

where  C = # output classes
Yic 2 2. r iF Yi has class label ¢
O otherwise

A

A
Yic = predicted prob that
-x_‘ I.S C,ass C

Comments: o ¢ y,=¢C, lossi'- - 103 (g;‘c.)

°© common boss For clas_f."{ﬁ‘ca.ffon tacks



Oph’mize::j

: - el ) T (2)
initialize Weig(nts ® [- Wm. b W b J

for i in range (numlters) :
grad = calc Gradient (-:-)
We,tghts = Weights - . grad

aJ J T a7
How to Calculate 3w gf“’ , mm 3 m?



Consider a single iraining example (x,y):

F0 (N FA 2= é}'
— - 1xs IXS, IX52 Ex
'R,:{Kso————‘a lmearf l;_ 3@] ':I ‘3 I:I *“?{;oFﬁ‘anJ ;F; 51—9@
33w PR Jz2) 9a
R ™S RS R'* 52 IR'X52
® @ ® ©
<

ba cl;‘;r;p ;gaﬂon




	Slide 1: Neural Networks (part 1)
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13

