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Review: Fully Connect Feedforward Network
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Full implementation of training a 2-layer Neural Network ~ 20 lines

import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1008, 100, 18
X, ¥ = randn{N, D_in}, randn(N, D_out)
wl, w2 = randn(D_in, H), randn(H, D_out)

for t in range(2000):
h=1/{1+ np.exp{—x.dot{wl)))
y_pred = h.dot{w2)
loss = np.square(y_pred = y).sumf()
print(t, loss)

grad_y_pred = 2.0 % (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)

grad_h = grad_y_pred.dot(w2.T)

grad_wl = x.T.dot{grad_h * h = (1 = h))

wl -= le-4 % grad_wl
w2 -= le-4 * grad_w2
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Full implementation of training a 2-layer Neural Network ~ 20 lines

import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1000, 100, 10
X, ¥ = randn{N, D_in}, randn(N, D_out) Define the network

wl, w2 = randn(D_in, H), randn(H, D_out)

for t in range(2000):
h=1/{1+ np.exp{—x.dot{wl)))
y_pred = h.dot{w2)
loss = np.square(y_pred = y).sumf()
print(t, loss)

grad_y_pred = 2.0 % (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)

grad_h = grad_y_pred.dot(w2.T)

grad_wl = x.T.dot{grad_h * h = (1 = h))

wl -= le-4 % grad_wl
w2 -= le-4 * grad_w2
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Full implementation of training a 2-layer Neural Network ~ 20 lines

import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1008, 100, 18
X, ¥ = randn{N, D_in}, randn(N, D_out)
wl, w2 = randn(D_in, H), randn(H, D_out)

for t in range(2000):

=1/ {1+ np.exp(-x.dot{wl)))
Move forward

y_pred = h.dot{w2)
loss = np.square(y_pred = y).sum()
print(t, loss)

grad_y_pred = 2.0 % (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)

grad_h = grad_y_pred.dot(w2.T)

grad_wl = x.T.dot{grad_h * h = (1 = h))

wl -= le-4 % grad_wl
w2 -= le-4 * grad_w2
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Full implementation of training a 2-layer Neural Network ~ 20 lines

import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1008, 100, 18
X, ¥ = randn{N, D_in}, randn(N, D_out)
wl, w2 = randn(D_in, H), randn(H, D_out)

for t in range(2000):
h=1/{1+ np.exp{—x.dot{wl)))
y_pred = h.dot{w2)
loss = np.square(y_pred = y).sumf()
print(t, loss)

grad_y_pred = 2.0 % (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)

grad_h = grad_y_pred.dot(w2.T)
grad_wl = x.T.dot{grad_h * h = (1 = h))

wl -= le-4 % grad_wl
w2 -= le-4 * grad_w2

Calculate gradients
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Full implementation of training a 2-layer Neural Network ~ 20 lines

import numpy as np
from numpy.random import randn

N, D_in, H, D_out = 64, 1008, 100, 18
X, ¥ = randn{N, D_in}, randn(N, D_out)
wl, w2 = randn(D_in, H), randn(H, D_out)

for t in range(2000):
h=1/{1+ np.exp{—x.dot{wl)))
y_pred = h.dot{w2)
loss = np.square(y_pred = y).sumf()
print(t, loss)

grad_y_pred = 2.0 % (y_pred - y)
grad_w2 = h.T.dot(grad_y_pred)

grad_h = grad_y_pred.dot(w2.T)

grad_wl = x.T.dot{grad_h * h = (1 = h))

wl -= le-4 % grad_wl .
w2 -= le-4 % grad_w2 Gradient descent
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How to calculate gradient?

Network parameters @ = {Wl, WZ,...,bI,sz...}

Starting 0
6
Parameters

VL(0)
OL(0)/ow,
OL(0)/ow,
8L(6?:)/8b1
oL(6)/ob,

1 .
- O :92 > reeens

Compute VL(HO ) 0' =6 - nVL(HO )

Compute VL(HI) 0’ =0"— nVL(Hl)

Millions of parameters ......

To compute the gradients efficiently,
we use backpropagation.
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Convolutional network

Convolutional network P
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Better Solution: Computational Graph + Backpropagation

f:W Li = )., max(0,s; — sy, + 1)

s (scores)
@ Jort

R

A4
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Review Chain Rule

Case 1 y=g(x) z=h(y)

dz Ozdx 0Ozdy

\A / ds_ﬁxder@de
¥4
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Backpropagation ﬁ_» NN 97

0 ety

i 0L(9) = 01m(6)
L(o) = Zz ) map = —

n=1
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Backpropagation

X1 Wi . 4+ _ @ ...... @—y1
/)

/ Z = X1Wq +x2W2+b
& L—».

Forward pass:
0l 0z 0l Compute dz /0w for all parameters
ow ow 0z Backward pass:
(Chain rule) Compute dl/0z for all activation

function inputs z
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Backpropagation

X W1 E @ @ ...... @—Y1
/|

W2

/ Z=X1W1 +x2W2+b

xz L—
Forward pass:
0z 0l Compute dz /0w for all parameters
BW ow 0z Backward pass:
/(Cham ru Compute dl/dz for all activation

Local function inputs z
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Backpropagation-Forward Pass

Compute 0z/0dw for all parameters

0z/0wy =? X1 The value of the input
0z/0w, =? X; connected by the weight
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Backpropagation-Forward Pass

Compute dz/dw for all parameters

0z 0z
ow adw ' ow
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Backpropagation-Backward Pass

Compute dl/0z for all activation function inputs z

= Wy e Z @Cl
/'T a = o(z)
b

0l  0da 0l
0z 0z 0a

m) o'(2)
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Backpropagation-Backward Pass

Compute dl/0z for all activation function inputs z

% Z a4 ws Z
g L BQi W .

/’ A
,/
’

/1 a:O'(Z) Z’=ClW3+°°°
b
xz/ _____ B

dl  da 9l al 0z ol 9z 0l

- (= — = Chai |
07~ 9z79a 9da 0adZ ' daag omne

W ? W ? Assumed
3 4 it’s known

!
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Backpropagation-Backward Pass

Compute dl/0z for all activation function inputs z

W1 Z o W3 ‘ z < E“)
*1 : _II_ ol @X/’; _AI_ 0l
/ b 0z

0z’
WZ W4_
/ ZII
x,” T * T Py @_'
ol ) ol 0z"
9z B ME 6‘2 o
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Backpropagation-Backward Pass

a'(z)

h
ol I\ 7 . 0l
9 - 07
o'(z) is a constant because zis ~ ___\ —,
already determined in the forward pass. o0l
ol ol 0z"
=0 \Z)|WwW
aZ ( ) [ 3 aZ //]
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Backpropagation-Backward Pass

Compute dl/0z for all activation function inputs z

!

W1 Z 2 W3 ‘ A
i ] @\ """ SENTI St
/b 0z

9z’
W, Wy
/ ZII
X7 T T al @— %
Case 1. Output Layer 5,
Z

ol dy, ol  dl  dy, 0l oo
9z 0z dy, 07" 0z"0dy,
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Another Simple Illustration

2
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Another Simple Illustration

£

“local gradient”

2
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Another Simple Illustration

£

2

“local gradient”

“Upstream
gradient”
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Another Simple Illustration

“local gradient”

z
“Downstream -
gradients oL
% 0z
“Upstream
gradient”
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Another Simple Illustration

“local gradient”

Z
“Downstream ¢ >
radients” B
9 oL
9z

“Upstream
4 8 . b}
gradient
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Another Simple lllustration-Chain Rule

“local gradient”
X O
X
oy a\ o
11 '2'
Downstream >
gradients” - —
9z
“Upstream
gradient”
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Backpropagation-Backward Pass

Compute dl/0z for all activation function inputs z

Case 2. Not Output Layer

aZII
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Backpropagation-Backward Pass

Compute dl/0z for all activation function inputs z

Case 2. Not Output Layer

A ;l @a\WS ,,,,, 1 2‘} S—
: ﬁ E E
— We
SO O
0z" a
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Backpropagation-Backward Pass

Compute dl/0z for all activation function inputs z

Case 2. Not Output Layer Compute dl/0z
recursively

Until we reach the
output layer
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recursively

Python program to display the Fibonacci sequence

def recur_fibo(n):
ifn<=1:
return n
else:

return(recur_fibo(n-1) + recur_fibo(n-2)) nterms = 10
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Backpropagation-Backward Pass

Compute dl/0z for all activation function inputs z
Compute dl/0z from the output layer

dl dl dl

9z, 923 dzs

Z
o 50

7 ;) 7
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Backpropagation-Backward Pass

Compute dl/0z for all activation function inputs z
Compute dl/0z from the output layer

o a a
074 023 02z
X1 V1
X Y2
ol ol ol
0z, 0z, 0z
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Another Example- A little bit more complex

1
f(wam) = s E—{wﬂxu+w1¢1+w2}

w0
x0
wi
: + @ @ @ 1/x
w2
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Another Example- A little bit more complex

1
f(wam) = s E—{wﬂxu+w1¢1+w2}

w0 2.00

exp +1

©

®

Syracuse University

Built Environment
Science & Technology




Another Example- A little bit more complex

1

1 + e (woo+wiz1+wy)

f(w,z) =

w0 2.00
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Another Example- A little bit more complex

1
f(wam) = s E—{wﬂxu+w1¢1+w2}

w0 2.00

1.37 @ 0.73
d
s B = fla) = - Y
N o T
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Another Example- A little bit more complex

w0 2.00

flz) =¢€"
7)) =nx

f(w,z) =

1

1 + e~ (wozo+wiz+ws)

-1.00 @ 037\ 137 A7) 073

3 N 1.00
adf - 1 df 2
2 =e f@) =~ - T =1/z
df df
o R f(@)=c+z = ﬂ_l
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Another Example- A little bit more complex

1

l14+e —(wozg+wyxy+ws)

f(w,z) =

Upstream Local

gradient  gradient

e _{1

1374

w0 2.00

(1.00)(—= ) = —0.53

100 A\ 100 2N 037 /1187 N 073
Ve 4 w N Ta8 ) 100

flo)=e* - z= | [0=1 . -
fo(z) = az — %:a J.lx) =€+ e gzl
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Another Example- A little bit more complex

1

f(w,z) =

14+e —(wozg+wyxy+ws)

w0 2.00

037 /N 137 0.73
- 1/x
0 -0.53 / 1.00

d
f(z)=¢€ -~ é =8 f(=) = % -
fo(z) = az = %za f.(2)=¢e+a

Syracuse University




Another Example- A little bit more complex

1

l14+e —(wozg+wyxy+ws)

f(w,z) =

w0 2.00

Upstream Local

gradient  gradient
~ ;

(—0.53)(1) = —0.53

100 1037 N 137 | 073

@ 053 \__/ -053 1.00
_ af _ . 1 df
f(z)=e 3 o i flz) =~ — - =-1/a’
df df
fo(z) = az =3 o f(2)=é+a — E—l
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Another Example- A little bit more complex

w0 2.00

1

1 + e~ (wozo+wiz+ws)

f(w,z) =

100 28 037 |73\ 137 g 073

@ -0.53 -0.53 1.00
o il df R, 1 df 2
f(z)=e i flz) =~ - —=-1/z
df df
fo(z) = az o i fz)=2e1+2 - %_1
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Another Example- A little bit more complex

1

l14+e —(wozg+wyxy+ws)

f(w,z) =

w0 2.00

Upstream Local

<0 -1.00 gradient  gradient
. /

(—0.53)(e~1) = —0.20

wl 3,00
x1 -2.00 et a1 e
w2 -3.00
df 1 df
B i A T = - I . 2
flz)=e — e il f(z) =~ - ——=-1/z
d
fu(@) = aa - Do | f@)=c+o - =
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Another Example- A little bit more complex

1

14+e —(wozg+wyxy+ws)

f(w,z) =

w0 2.00

100 A7).c100 Lo 037 ()37 073

-0.20 053 \__/ 053 \_J 100
e - df e 1 df 2
flz)=e . e flz) =~ - ——=-1/a
d d
Iolz) = - d—f;:a fl)=c+e 5 41
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Another Example- A little bit more complex

1
f(w!m) = 1 _|_ E—{wﬂzu+w1$1+W2}
w0 2.00
Upstream Local

<0 -1.00 gradient  gradient

S /

(—0.20)(—1) = 0.20
w1 -3.00

1.00 -1.00 037 o\ W8T o\ 078

x1 -2.00 0.20 -0.20 o -0.53 \”j -0.53 \1{)(/ 1.00

w2 -3.00

fla) = i T | -1 -+ LAY
fulz) = aa - Joa|| f@=c+e S . A

Syracuse University




Another Example- A little bit more complex

w0 2.00

1

1 + e~ (wozo+wiz+ws)

f(w,z) =

4.00

1.00) /47 -1.oofe;p\ 037\ 137 A 073
0.20 020 \_/ 453 \_/ 95 \_J 100

w2 -3.00 -
f(z) = e
J.(2) =
Syracuse University

d
-l BRCES b o
d
—diza f(z)=c+z — g=1
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Another Example- A little bit more complex

1

14+e —(wozg+wyxy+ws)

f(w,z) =

w0 2.00

upstream gradient] x [local gradient]
0.2] x[1]=0.2
0.2] x[1] = 0.2 (both inputs!)

100) A\ 100 20N 037 3\ 137 @ 0.73
020] \_/ -020 \9 053 \__/ 053 \J 100

= I % d f(z) = ;15 - -Z—i— =-1/a’
Jo\E) =0z = %ﬂl f(@)=c+z — %:1
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Another Example- A little bit more complex

1
f(wam) = s E—{wﬂxu+w1¢1+w2}

w0 2.00

1.00 47\ -1.00 @ 037 /7). 137 @ 0.73
020 \_/ -020 w 053 \_/ 05 \ ./ 100

flz) =€" - g =5 f(z) = % - % = —1/z?
fo(z) = az =* Z—i=a f(@)=c+z — %:1

Syracuse University

Built Environment
Science & Technology




Another Example- A little bit more complex

1

14+e —(wozg+wyxy+ws)

f(w,z) =

w0 2.00

= [upstream gradient] x [local gradient]
S wO: [0.2] x [-1] =-0.2
x0:[0.2] x[2] =0.4

wl -3.00

400 /N 0697 /_;1\ 137 (1/2). 073

x1 -2.00 ' 020 P05 \ 03 1.00
w2 -3.00
0.20
T df . s 1 df 2
flz)=e — o f(z) =~ - ——=-1/z
d
fo(z) = az —$ %za f(x)=c+z =R %:1
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Another Example- A little bit more com
1

plex

f(w :c) = Computational graph
? 1 + e~ (wozo+wiz+ws) representation may not
be unique. Choose one
w0 2% Sigmoid 1 where local gradients at
function o(x) = 1+ e-=| €achnode can be easily
M expressed!
wl -3.00 SlngId
1.00 /;“1\ 100 0.37 @ 137 1073
x1 -2.00 020 | \J 020 )05 \ T 083 1.00
w2 -3.00
0.20
i ' do(x e * 1+e ™™ -1 1
Sigmoid local (z) _ _ - _ Y= l—sliet)
gradient: dx (1+e77) 1-4-& 1+e
Syracuse University BEST Lab 50
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Backpropagation-Summary

Forward Pass Backward Pass

B 0l
X 9z 0w

for all w
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Any Questions?

bidong@syr.edu
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