Review of Lecture 9 e Gradient descent
e Logistic regression £
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- Initialize w(0)
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e Stochastic gradient descent

e Neural network model

e Backpropagation algorithm
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©

GD minimizes:

Stochastic gradient descent

NZ;,_z

(1—|— —Ynw X’n) <~ in logistic regression

by iterative steps along —V E,:
Aw = — Ui VEm(W)

V E, is based on all examples (x,,, y,,)
"batch’ GD
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The stochastic aspect

Pick one (x,,,y,,) at a time. Apply GD to e (h(Xn)7 yn)

=2l =

“Average’ direction: E, |—Ve (h(x,),y,)]|=

= -V Ein

randomized version of GD

stochastic gradient descent (SGD)
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Benefits of SGD

1. cheaper computation

2. randomization MJ

Ein

3. simple

Weights, w

Rule of thumb: \‘

0.1 ) randomization helps
n = 0.1 works
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Remember movie ratings?’
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Outline

e Stochastic gradient descent

e Neural network model

e Backpropagation algorithm
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Biological inspiration

biological function ——  biological structure
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Combining perceptrons
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Creating layers
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The multilayer perceptron
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3 layers

“feedtorward”
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A powerful model

A A

N

N N

/

Target 8 perceptrons

2 red ftlags for generalization

©

and

3

Pa
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_ \5

16 perceptrons

A
X

optimization
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The neural network

nput x hidden layers 1 <[ < L output layer [ = L
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How the network operates

1 <[ < L layers
wg) 0 <i <d'"Y inputs
1 <j <d¥ outputs
d(l—l)
(0) _ 0y _ (0) .(1-1)
T —9(8]- ) =10 Z w;; T,
1=0

Apply x to ZC§O> e ,CL‘EZ%) — — ng) = h(x)
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linear

e

hard threshold
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Outline

e Stochastic gradient descent

e Neural network model

e Backpropagation algorithm
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Applying SGD
All the weights w = {wg)} determine h(x)

Error on example (X, ¥) s

e (h(xn),yn) = e(w)

To implement SGD, we need the gradient

0 e(w)
9, wg-)

Ve(w): for all 2,7,
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Computing
()

0 e(w) _ .
We can evaluate 1) one by one: analytically or numerically
0 w,;
J
A trick for efficient computation:
de(w) de(w) 0s
ouwl) 950 9wl
1] J iJ
0 sV _
We have —{5 = CEEZ b We only need: 2 e((l“;) = Y
0 W, ; 0 S, J
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0o for the tinal layer

s _ 0 e(w) For the tinal layer [ = L and 7 = 1:
J 5 S;l)
st _ 9ew)
1 0 s§L>

0'(s) =1 — 6%(s) for the tanh
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5(L—1)

© Creator: Yaser

Back propagation of o
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Backpropagation algorithm

—

N

(00)

~Initialize all weights wg-) at random

fort=20,1,2,... do

Pick n € {1,2,--- , N}
()

Forward: Compute all x;
(1)

Backward: Compute all 9;

(1) (1) (I=1)

Update the weights: w;; «— w;/ —n

[terate to the next step until it is time to stop

- Return the final weights wg-)

65(l>

J

©
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Final remark: hidden layers

learned nonlinear transform

interpretation’
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