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Before we talk Deep Learning ...

Check the regression notes on:
> revise on sigmoid and tanh function
> revise on logistic and softmax regression
» Then we talk about neural networks and multilayer perceptron
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Feedforward Neural Network in a nutshell

We begin Feedforward Neural networks, in a nutshell, comprised of the following steps:

» Feedforward

FX) = fi(. . (1 (% 01);82) ...),60,)

> The objective is to minimize the overall cost:

1 n
L(O) = >~ Uyin (X 6)
i=1
> To put it in a gradient descent framework, i.e.,

of
01+1 — 0[ _ - ol‘
’7‘89( )
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Something about 25(6")

We know all about it already from high school mathematics:

» Product rule:

O (1(6)9(0)) = 1(0) 259 (0) + ~1(0)9(6)

» Derivative of sums:

2 (1(0)+ 9(0) = ~51(8) + - (6)

» Chain rule

of 0

— = —f (... 6(f1(X;01);02)...),0

20, 89,L( H(f1(X;01);:62)...),0,)
_ Ofp Ofi_y  Ofip Of

ofT  of, " ofT a0]
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Multivariable Chain Rule

We know all about it already from high school mathematics:

» Product rule:

2 (1(6)9(0) = 1(6) 559 (8) + 5.1 (6)9 (6)

»> Derivative of sums:

O (1(0)+9(0) = 1(8) + 2 g(6)

» Chain rule

o _ a%fL(. B(A(X 61):62) ... ),6,)

90,
_ Ofp Ofi4  Ofip Of
Cof L, oft, T ofT a6
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Look at Neural network systematically: Feed Forward (1)

§=UTf(Wx+b)
=UTf(Wx+b)=UTa
N——
z

——
a

let ¥ be a scalar score instead of
a softmax this time.

Input Hidden Output
X1 —
X2 — \
7
X3 — /
i —

. - wyp o wyp o wyg | [ X by
y=U f| |war wox wog| |Xo| + |b2
Wi W Wz [X3 b
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Look at Neural network systematically: Feed Forward (2)

21 =W X+ by => " Wy X + by
i

=W X+bo=> Wo;Xi+bp
i

73 =Wy X+b3=>_ WsX+bs
i

Therefore:

Vv(index of a,index of X)

Input Hidden Output
X1 —
X2 — \
7
X3 — /
i —

. - wyp o wyp o wyg | [ X by
y=U f| |war wox wog| |Xo| + |b2
Wi W Wz [X3 b
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Neural network: Backpropagation

Input Hidden Output
§=UTf(Wx+b)
=UTf(Wx+b)=U"a X1 —
——
z
~ J/ \
a X2 —

Careful of their dimensions: . -—'S

X3 — /
by _ oydoa = oz
AW~ dadz oW
N — N——~ i —

column vector ~ row vector

= (U f(2) x X

column vector oW vector N - wir wiz o wyg| [ X4 by
J=U"f| |wer wa wes| [Xo| + |b2
W31 Wz Waz| | X3 bs
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Backpropagation for W ;

If dimensionality of derivative of W is too hard to
see, then we perform derivative one element
W, ; at the time:

I/V(index of a,index of X)

If we were to compute 25 :
s

oy oy oa oz

ow da oz oW
ay oy da; oz
oW, ;  oa; 8z OW,;
= Uf'(z) X
N —

8

= Uf' (WX +b)X
N e
5

Output

Input Hidden

X1 —

X2 —

X3 —

. T Wiy wig  wig] [X by
y=Uf Way Woo  Woz| [Xo| + |b2
Way W Waz| [ X3 by

important to remember:

z= W, X + b = (WX + b),

of Richard Yi Da XuYida.Xu@uts.edu.auWechat: aubedata https://«

Neural Network Learning basics


https://github.com/roboticcam/machine-learning-notes

Backpropagation for W

If we were to compute V‘%: Input Hidden Output
W _ WX+ b X X1
I/Vi,j \—7,_/
]
X2 —
Us /(W] X + by) — ¥
5= |Upf' (W, X + by) X3 —
Ust"(Wy' X + bs)
=Uof(WX+B) PR
o 01X, 6 Xo 61X
Q = [02X7 02Xo 2X3 R - W11 Wi2  Wi3 Xq by
W 15Xy 83Xo 63X J=UTf| |m2r weo was| [ Xe| + | b2
Wi Wi Waz| | X3 bs
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Something about §

Input Hidden Output
U /(W] X + by)
5= | Upf' (W, X + by) X1 —
Usf' (W, X + by)
=Uof(WX+ B) X2 \
> N },}
N SXi 6 Xe 61X
% = [60Xs 60X oXs X3 —
0 03X1  93Xo  03X3
>4 1—

» ¢ is the error signal, i.e. oy

. ooz wir wiz wg| | X by
> ¢ involves the derivatives of all the J=UTF| [wer oo wag| | Xe| + |bo
activation function {a; = f(z;)} Wy Wa  Waz| | Xs bs
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Backpropagation for b

Input Hidden Output
a;’ ! T
— = U;f' (W, X + bj)1
ob; *;)« X1 —
5j
=6
X2 —
L =
X3 — /
1 —

. - wyr o wig wig| [ X by
y=U"f| |war wa woz| |Xo| + |b2
Wi Wap Wz | [X3 bs
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Backpropagation for x;

Note each x; is contributed by all {a;} Input Hidden Output
0y _ -0y 03 Xt —
ox; 4 da; 0x;
_y-2UTass X2 —
= Oa; 0x; —
23: y, (WX + b) X3 —
= i
i=1 9%
3 1—
oW, .x
= > Uf'(W.x+b) —==
‘ X;
P —5,_/ (j
. ' . . wyp o wi2 wyg| [ X by
_ T y=U | |we wop w3l |Xo| + |b2
=D oW =35 W, wsr  Wwa  Was] [ X3 bs

1
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Backpropagation for two layers with respect to W)

20 — x (input) p=UTf (W(Z)f (W(1)XJr b(1)) + b(2)>

20 = wMa® 4 p() (linear)

o7
a = (z(‘)) (non-linear) y__ Uf'(z)X;  (one layer case)
Wij ~——
S;
2@ — Ww@a0 L p®  (linear) oy U (z?) a?
U )l

a® ¢ (z<2)) (non-linear)

oy @ ,@T e e
—— =6§“a where §'“ = U © f'(Z
7=UTd®  (outpu) = W@ ©rET)
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Backpropagati

a® = x  (input) y=uTs (W(z)f (W(')x + b(‘)) + b(z))
—uy't (2) (1) (1) (2)
20— w0 4 pM (linear) =U f( w f( WX + b ) +b )

20

al - f (Z(‘)) (non-linear)

2@

2® = w@aM 4 p®  (linear)

a® —f (2(2)) (non-linear) oy — uf (W(z), (W(‘)x + b(‘)) 4 b(z)) wo ¢ (W(‘)X 4 b(‘)) X
awm ~—— ~
e ) XU
9y 040 o 240 245
g=U"Tad® (output) 2.5 8. 8.

ay 0a® 8z aa) 5z

2a® 8z(2) galt) az(h) aw)
SN——

50

= s@Aw® f/(z(z)) X
—_—
S0
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Generalisation

Putting them in the “correct” form of the matrix operations and generalise:

= (W(2>T5<2>) o F(z@)xT

s

— s = (W(z)T(;(Z)) o f(2?)

S 1() (W<I)T5<I+1>) o f(z0)
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Backpropagation in action!

o . » step 1: compute § of the last layer L:
a0 = x (input)
sW=ve Y

. N —
20 = wg® 4 p® (linear) from feed-forward

() — () i
(z ) (non-finear) step 2: Generate the whole sequence of {5()}+

20— W@ | 5@ (inean 50— (W(/)T6(/+1)) o M
a® ¢ (z<2>) (non-linear)

> step 3: compute gradients at each layers { (L RE

3ww
g=UTa® (output) .

BY() 50T
awl

To generalise this:

(1) becomes available.

Note tha

s — (W(/) PG ) o f/(z )
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