Multi-Layer Perceptrons and
Back-Propagation
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Logistics

« HW1 Is going to be released tonight / tomorrow morning.



This Class

« Multi-layer Neural Networks

 Training Neural Networks with back-propagation



Multi-Layer Perceptrons



Traditional Computer Vision Pipeline
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Neural Networks

» Learn the features automatically instead of designing manually
 Learn the features and the classifier end-to-end together

« Using multiple layers



Multi-Layer Perceptrons

* Linear classifier: f(x) = Wx

» 2-Layer Neural Network: f(x) = W, act(W;x)
2 layers of weights W, and W,
e act Is an activation function which leads to the nonlinearity

e x € R, W, € RU*¢ W, e R*M
* d Is the dimension of input data, h, Is the dimension of the hidden
layer, c is the dimension of output class



Multi-Layer Perceptrons

 2-Layer Neural Network: f(x) = W, act(W;x)

» Why non-linearity between W; € R"*4 and W, € R¢*"?

« Without activation function, we can have a simple weight W = W, W,
Instead of two sets of weights

« 3-Layer Neural Network: f(x) = Wy act(WZ act(Wlx))
« x € R, W, € RM*¢ W, € R%2*M W, € RE¥M2



Example: Training network for CIFAR-10

« 2-Layer Neural Network: f(x) = W, act(W;x)

Wi 7
X " hy " C

3072 128 10

- x € R3072 W, € R128X3072 7 e R10%X128 (3D % 32 x 3 = 3072)



Example: Training network for CIFAR-10

 2-Layer Neural Network: f(x) = W, act(W;x)

Wi 7
X " hy " C

3072 128 10

Learn 128 shared templates instead of 10 separate ones

plane car bird cat deer dog frog horse ship truck




Activation Function

« Sigmoid function: .

o(x) = 1+e™*



Activation Function

e tanh function: i
sinh(x e* —1
tanh(x) = () _

cosh(x) e2x¥ +1



Activation Function

* Most commonly used: RelLU function:

max(0, x)



Activation Function

« Sigmoid function: .

1+e™*

o(x) =

e tanh function: i
sinh(x e* —1
tanh(x) = () _

cosh(x) e2¥ +1

 ReLU function:
max(0, x)



MLP = Fully Connected Network
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Training MLP with Back-Propagation



The computation graph of MLP
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« Update the weights with SGD:

Wk (_Wk

de
“ow,

* How to compute 2¢_for each layer?

oWy,

hy
 ——— e



Back-Propagation

 1-layer case

The chain rule:

X =—>

(&

W1 X

~

h

)

doh,
oW,

—— — e
de

dhy

e =L(hy,y) = L(W;x,y)

de

de 6h1

oW,  0h, oW,



Back-Propagation

hy
- 1-layer case x — Wix — —
N J e

dhy dhy
ow,
L2 loss example: e = (y — hy)?:
de d0hy
oh, —2(y — h1), aw, =X
Using the chain rule:
de de dhy
= =2y — hyx

oW,  dh, OW,



Back-Propagation

I 4 I
hq h;
« 2-layer case x — Wix [ Wiy | €
N J 9 ) 2e

o, Ohi  op on, Ohe
oW, oW, dhy
* Easy one:
de  de 0h,
oW, dh, oW,

de
* How to compute — ?
G)A

de de dh, de dh, dh,

oW, 0h, 0W, 0h, dh, OW,




Back-Propagation
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hy
« 2-layer case x — Wyx — Wyh,
N e
dhy M on,  on,
oW, oW, oh
L2 loss example: e = (y — hy)?:
de dh, oh,
= 2(v— — LW _
oh, (y — hy), oh, 2 oW,
de de dh, dh
2L = —2(y — hy)Wyx

oW,  dh, d0h, dW,

de

dh,

X



Back-Propagation

hy h,
« 1-layer case x— Wix —— o — - €
_ ) oe oe
oh, ohy  gp,  Oh
oW, dhy

de  de dh, de Oh, dh,

oW, dh, OW, 0h, 0h, oW,

L2 loss example: e = (y — hy)?:

de ahz ahl

— = —2(y—h,), — =0'(hy) = a(hy)(A — o(hy)),

on, dh, -

ow,



Gradients of RelLU function

oe B oe fh _ /
dh,_. oh, = k1

% _ s fhe . <0
Ohey -1 = N

RelLU

oh,



Back-Propagation with MLP
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Back-Propagation with 1-layer

de  de dhy
oW,  dh, OW,

de de 0dh,

dh,_, 0Ohy Ohp_;

g Compute Oy A
oWy,

Layer k

dhy

Ohg-1 /

Compute

\

oh,



An example for Back-Propagation

http://cs231n.stanford.edu/, https://slazebni.cs.illinois.edu/fall20/



http://cs231n.stanford.edu/
https://slazebni.cs.illinois.edu/fall20/

w0

2.00

flx,w) =

1

1+ exp[—(wpxy + wixy + w,)]

©
©



1

f(x' w) = 1+ exp[—(Woxo + wixq + WZ)]

w0 2.00 de ahk oc

Ohy—y Ohy_y Ohy

X0 -
Gradient from
the higher layer

wl -

o U de w
Ohy_4 / /
w2 -
ohy de
Ohi—s ahy
ahk / 2
T (1/x) = -1/x




1
1+ exp[—(wpxy + wixy + w,)]

flx,w) =

w0 2.00 de  dhy Oe
Ohy_y Ohy_q 0hy

X0 -

wl -

- se \__/ 053 '/
6hk_1/ /
w2 -
Ohk Oe
by dhy
de de
= 1% —



1
1+ exp[—(wpxy + wixy + w,)]

flx,w) =

wl 2.00 de  dhy Oe
Ohy_q Ohj_q 0hy

X0 -

wl -

x1 -

w2 -

Oh ,  Oe
dhy—_y ohy,

exp(—1) * (—0.53) = —0.20




1
1+ exp[—(wpxy + wixy + w,)]

flx,w) =

w0 2.00 de  dhy Oe
Ohy_y Ohy_q 0hy

x0 -1.00

wi

X1

w2




1
1+ exp[—(wpxy + wixy + w,)]

flx,w) =

w0 2.00 de  dhy Oe
Ohy_y Ohy_q 0hy

wi

X1

w2

de

Ohy-1




1
1+ exp[—(wpxy + wixy + w,)]

flx,w) =

w0 2.00 de  dhy Oe
Ohy_y Ohy_q 0hy

x0

wi

X1

w2

0.20 Ohg , ~ Oe
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wi
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2.00

0.20

flx,w) =

1

1+ exp[—(wpxy + wixy + w,)]

de  0dhy Oe
Ohy_q Ohj_q 0hy

0.37 @ 1.37 /4,0 073
053 \__/ -053 \ 100
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wi
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2.00

0.20

flx,w) =

1

1+ exp[—(wpxy + wixy + w,)]

de  0dhy Oe
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w0 2.00

w1 -3.00

flx,w) =

1

1+ exp[—(wpxy + wixy + w,)]

de  0dhy Oe
Ohy_q Ohj_q 0hy

de
a_hk = 0.2

dhy
e =wl=-3.0

de  0dhy Oe
Ohy_q Ohy_q 0hy

= —=3.0 *x0.2 = -0.60
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w0 2.00

flx,w) =

1

1+ exp[—(wpxy + wixy + w,)]

de  0dhy Oe
Ohy_q Ohj_q 0hy
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flx,w) =

1

1+ exp[—(wpxy + wixy + w,)]

de  0dhy Oe
Ohy_q Ohj_q 0hy

0.37 @ 1.37 /4,0 073
053 \__/ -053 \ 100



Good practice

 Derive the 2-layer network case yourself

* Good through the example and compute the gradients yourself

O
®
7

« Homework



Next Class

 Convolutional Neural Networks
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