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Figure 10-1. Biological neuron’
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Figure 10-2. Multiple layers in a biological neural network (human cortex)’



Computing with the brain

An engineering perspective

- Compact

- Energy efficient (20 watts)

- 85 billion Glial cells (power, cooling, support)
- 86 billion Neurons (soma + wires)

- 69 billion Cerebellum neurons (soma + wires)
- 103 104 Connections (synapses) per neuron
- Volume = mostly wires

General computing machine?

- Slow for mathematical logic, arithmetic, etc
- Very fast for vision, speech, language, social interactions, etc
- Evolution: vision = language = logic
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Artificial neural network

Birds inspired us to fly, burdock plants inspired velcro, and countless
more inventions were inspired by nature. It seems only logical, then,
to look at the brain’s architecture for inspiration on how to build an
intelligent machine. This is the key idea that sparked artificial neural
networks (ANNs). However, although planes were inspired by birds,
they don’t have to flap their wings. Similarly, ANNs have gradually
become quite different from their biological cousins. Some
researchers even argue that we should drop the biological analogy
altogether (e.g, by saying “units” rather than “neurons”), lest we
restrict our creativity to biologically plausible systems.
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Artificial neural network

ANNSs are at the very core of Deep Learning. They are versatile,
powerful, and scalable, making them ideal to tackle large and highly
complex Machine Learning tasks, such as classifying billions of
images (e.g., Google Images), powering speech recognition services
(e.g., Apple’s Siri), recommending the best videos to watch to
hundreds of millions of users every day (e.g., YouTube), or learning to
beat the world champion at the game of Go by playing millions of
games against itself (DeepMind’s Alpha-Zero).
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Threshold logic unit

Output: h,,(x) = step(x” w)

Step function: step(z)

v Weighted sum: z = x"w

Figure 10-4. Threshold logic unit
Perceptron = binary classifier

;
Wi X1
Wo X2 T
Z=WiX; + WoXo + -+ + XpXm = | Sl =wx (1)
W Xm

Threshold logic unit (TLU) or linear threshold unit (LTU)

hw(x) = step(2) = step(w'x) 2) 53



Threshold logic unit

Output: h,(x) = step(x" w)

Step function: step(z)

v Weighted sum: z = x"w

Figure 10-4. Threshold logic unit

Common step functions used in Perceptrons

0 ifz<0 —1 fz<0
heavyside(z) = { 1 otherwise sign(z) = :)_1 g;;vsise

3)
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Perceptron algorithm

Computing the outputs of a fully connected layer
hwp = ¢(XW +b) (4)

Perceptron learning rule (weight update)

Wij = Wi+ (Y = 9j)x (5)
Outputs
N Output
\
TLU ..... H |ayer
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Figure 10-5. Perceptron diagram
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Deep Feedforward Networks



Multi-layer perceptron algorithm

Fioure 10-7. Multi-Laver Perceptron
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Activation functions and their derivatives
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Figure 10-8. Activation functions and their derivatives
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A modern MLP (including ReLU and softmax) for classification

"\ Softmax
/| output layer

\\\ Hidden layer
’,’ (e.g., ReLU)

Figure 10-9. A modern MLP (including ReLU and softmax) for classification

10/32



Deep feedforward networks

Deep Feedforward Networks, Multi-Layer Perceptron, or Feedforward
Neural Networks

- Fully Connected Multi-layer

- Feedforward = Feedbacko| gi2
(Feedback 0| = AlAQt: Recurrent Neural Networks)

- Nonlinear Activation Functions

- Rumelhart (1986) 2| Backpropagation 2 TZ|Z 0|& =& o3
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Deep feedforward networks
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Nonlinear activation functions

Logistic sigmoid function
1

o) = e (6)
o' (2) =0(2)(1 - 0o(2)) (7)

Hyperbolic tangent function

e? _ o2

¢(2) = tanh(z) = ez (8)
¢'(2) = 2¢(22) — 1 (9)

Rectified linear unit function
ReLU(z) = max(0,2) (10)

0 ifz<0

1 otherwise

ReLU'(2) = {
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Nonlinear activation functions

Sigmoid activation function
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Figure 11-1. Logistic activation function saturation
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Nonlinear activation functions

Leaky ReLU activation function

Leak
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Figure 11-2. Leaky ReLU
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Forward propagation



Deep feedforward networks
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Feedforward propagation
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Feedforward propagation

For [-th hidden layer

My

z, =y wya " a, = o'(z,) (12)
j=0

7l = Wlal=1! al = o'[(zl) (13)

. z',e: layer [2] unit k2 E0{2 &= activationE2| weighted sum
- Wy layer (I —1)2] unit joilAM layer (2] unit k2 TH= THEX]
- Who: layer (2] unit ROI| CHEF bias

. al’.*lz layer (I — 1) 2| unit jH|M LI = activation Zt

- ab: layer [2] biasofl CHE (= 1)

- al: layer [2] unit k2| activation Zk

- ¢': layer [ 9] activation function

+ M_y: layer ({ —1)2| hidden unit %=
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Cost function
Cost function: cross-entropy
1 N My
E= 7N th logyj (14)
n=1 j=1
exp(Zk
Ye= % (@)

2j=1exp(2)

ti: x2| class label (target value)

K: &8&9| unit 4= = classQ| &, M, =K
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Stochastic gradient and backpropagation

SGD weight update rule

OE

Wij <= Wij = 5= (16)
ij

W« W — nVwE (17)

Credit assignment

- Weight 2t=0| Z2x =A7| mHZ0i| Cost 7} 2
= [}2tM 2= weightO| A I weightZ} cost 2t4H0f| 7|0t BHE A
gradient £ Hi B8 FT= A

- 27 weight £0| 0f2{ S0i| 2AE/0f Y20y, 2t H2 HIMH

St=0| 2 2 Hi 2 HHH 0| Hhe5tX| 248 — backpropagation algorithm
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Backpropagation



Backpropagation

2 E layerof| M weight W =

Bl Q2 E7HK| %z

(@)

I2 M
Lo

0l
m 4

Local gradient (or error of neuron)2| & 2|

- Layer [ 2] unit RO||A{ error, EE

= Sk A
Zoz Mzket 4 9l

- Activation a}% 7]
ZEStEE R 7| 022

HH & gradient

RO L}, nonlinear &
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Backpropagation: output layer 1/7

Z =0 M2 local gradient of Al A
OE OE 0y,
Sb=22" — — =
kT ok Z y; 0z, ‘@‘
- Softmax gt = 74, 25, ..., 2 Of| 2| & v
C MRt gl HEL yi, Y, .., k0l 2F
gt @ @
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Backpropagation: output layer 2/7

%)
a2 A k=0l &

" @, O

oy, 0 exp(z)

oz, 0z}, 3 exp(2) > @‘@‘e
iz (1 ovia) ) v
)
(9

~ Y exp(z) > exp(z
= V(1= i) (23) (k)
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Backpropagation: output layer 3/7

o] A Ak kR +jOI AL

Ly e Q. ® O
Agéél _ 9 exp(Z; )
oz, ~ 07, Tyonnla) 2 @“0‘@
_ expz)  exp(z) (25) v
>_iexp(z;) > exp(z))
= —YrY (26) @ @
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Backpropagation: output layer 4/7

From definition of local gradient

B 1 8y,

& = 5.ZL = Zt}a logy; = Z Y, 0z, (27)
tk 8yk t} ay/ (
=—=Zf_\N 21727 28)

Y 0Z ; Y; 0z
t t
= =YL= ye) = D L(—viy) (29)
Yk Rl
= —tp + tpVr + Z Giyr (30)
J#R
K
= -ty + Z Ve (31)
=1

—(th — V&) (32)
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Backpropagation: output layer 5/7

In matrix form

OE oy\' [OEF
t=—r=(5%) (5 33
7= () (3) o
071 071 0z, dy1
e o ay o
= 87)2 672;1 372;: By, (34)
R VA T B 5
- Oz« 0zk gz 4 L Oy -
M OE Oy 7] - -
21 3y 72 ~(t1 — 1)
) :
=% gyE, 62 =1 —(te—Yr) (35)
pE LY —(tk = ¥k)
L Z/ ay/ Ozk L J
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Backpropagation: output layer 6/7

With vector form

y = (2 (36)
oy\' (o

- (%) (5)

= (¢/(2") V,E (38)

=—(t-vy) (39)
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Backpropagation: output layer 7/7

%ﬁjel Al Ak
M1
Z, =Y wya ! (40)
j=0
ozt
—k —qaq! (41)
oWy,
OE  OF 0z} _ _
R (w2

anl — asL gl
8ij 0z, 6ij

J2{2 Z weight update rule2

OF

Wi < Wi = 115 (43)
]

=Wy — néﬁa}@‘l (44)

= Wiy + 1tk — Ve)a (45)



Backpropagation: local gradient propagation

From 6}*1 to 6}

oF oF aZHI o7+
[ _ _ _ ] [+1
5’? - a? - Z aZHl 32 - ;Z azl 6] (47)
H‘l Z +l l Z H—l l (48)
aZHI
] [+1 '/l
oz,
dg{e=z
S =o' Z wirlsr! (50)
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Backpropagation: weight in layer [

BE °| A&k
M1
Z = vv’k}-a}_1 (51)
j=0
a7t
— = a}’.‘l (52)
avv,?}-
E E 07
OF _ a[ = sa (53)
ow 0z, aw,”
J2{2 Z weight update rule2
OE
| l
Wi = Wy — N—— 54
kj kj nﬁWL,- (54)
_ [ =1
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Backpropagation: summary

1. Forward propagation: Zt & [ =2,3,...,L0f| CHSH M CI=2E ALt

2l =Whal"! al =gl(2) (56)
2. Output error §': E2150f|M H|28H42 0|23} local gradient
ALt
ot=—(t—y) (57)
3. Backpropagate the error: %Q%-‘?‘-H HEZ Ctx A2 ALt
S =o' (z) Y witeirt (58)
j
4. Output the gradient: ZF weightof| CH3H gradient | At
P slat (59)
6ij
5. Update weight:
Wi <= Wi — 16,0, (60)
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Backpropagation: summary

al-! layer 1 +1

6{+1

N
Fat, k™ neuron of layer [ W

8 = al'(zf)x

Wl(_new) - W)éE-OId) _ n‘sllc ;

K 7
k
-1
%
a};} I+1(new) - I+1(old) _ shigl
Wim = Wim ey dm
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