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Brief review

1 Artificial Neuron

Biological neural network Artificial neural networks
Q Neurons Neuron mode}@
Synaptic Abstract .
Q Connection ' Weights
Biological _ Neural network
Neural Networks | Build a computable models
mathematical model ot
: earning
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Computational Model of Neural Network

Action

1 Artificial Neuron o

VSodIVu,m
permeability
Potassium
permeability
1 T

- Soma, Dendrites, Axons

- Function: Collect and transmit

/= signals

= - Dendrites receive multiple inputs

- Soma superimposes input
Information

- Pulses are generated when
Information Is superimposed to a
certain extent

- Single output

Single neuron structure

How to abstract?



Brief review

1 Artificial Neuron

\ \ Y Dendrite Axon

terminal

7 \ﬂ"‘ 9,{} (. button
,;\ ‘ Soma (cell body)

> %1\ Qéa

Myelin sheath

Activation function

Axonal output
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internal input

_ T _ Neuron output
Input signal



Computational Model of Neural Network

] Neural Networks

Feedforward neural network

neurons + feedforward connections

connection
neurons >

neurons

connection

Recurrent neural network

neurons + recurrent connections

connection

neurons neurons

connection

conpection



Feedforward Neural Network

Forward computing

Layer 2 Layer [ Layer [ +1 Layer L-1 Layer L

Layer 1



Feedforward Neural Network

Forward computing

Component form <
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Feedforward Neural Network

Forward computing

| Algorlthm

|

' Input Wi, at

: for [ = 1:L, run function:

r adtt = fe(wtah

| return
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, Function fc(W'ab)
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Feedforward Neural Network

In fact, FNN is a nonlinear mapping from R™t space to R™L space.

= f(wl1al 1) —f( L- 1f( L‘Zf(wL_3---f(W1a1))))
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Recurrent Neural Networks

Recurrent neural network

neurons + recurrent connections

connection

neurons neurons

conngction con

ection

RNNs ---- with feedback connections 12



Recurrent Neural Networks

Problem: how to develop computational model of the RNNSs ?
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Recurrent Neural Networks

a,(t)

a, (t)

RNNs — Computational Neural Networks Model:
{al(t + 1) — f(Wllal(t) + leaz(t))

a(t +1) = f(wzra,(t) + wyya,(t))
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Recurrent Neural Networks

Computational Model of RNNs:

a;(t+1)=f z wi;a;(t)
=t ) ) )L )
Vector form: Cﬁ CF

a(t+1) = f(Wa(t)) D

Wi1 Wln
| ale) = t The time changes in discrete
an (D] hanner.

a, (t)
W = :

Wnl nas Wnn

This model is a discrete time dynamic system.
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Recurrent Neural Networks

With expanding in time, this
networks could have infinite layers.

Time  Input Neuron

RNN could be expanded
In time dimension.
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FNNs VS. RNNSs

Forward computing al o FNNSs

""""""" ‘ ——" - Extract the spatial features
of static data

» Describe spatial correlation

Layer 1 Layer 2 Layer [ Layer [ +1 LayerL-1 LayerL

no recurrent connection
< RNNs

mrO— wWw— « Memory mechanism
'l .
bt  Extract spatiotemporal features of
~ B time sequence data
_ O ' * Describe time correlation

with recurrent connection 17
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The Learning of Neural Networks

0 Knowledge is acquired by learning.
» Three human learning models:

Learning with teacher Reinforcement learning

Learning without teacher

Learning: establishment of new connections and the modification of
existing connections

19



The Learning of Neural Networks

 Learning is to change the connections by some rules.
 Similar with the three learning model of human:

Update Parameters Update Parameters > 0PP--4l||| —
ground truth action
: oy l ide | revrd
| error — | 1ing OO ORI | ol
RS “\\ - Training LAY \"Q“{ \7 ~ Reconstruction | [ 1 3 *éﬂ'&\@k
el Network - sample A /‘\ A A sample i i ¢ 3:? N
AN output | (.} DN
environment
Supervised Learning: Update Unsupervised learning: For Reinforcement learning:
the netyvork parameters non-label samples, the Update network
according to the error between network parameters are parameters with the goal of
the target output and the updated by reconstructing maximizing rewards
actual network output of the these samples. during interactions with

training sample the environment
20



The Learning of Neural Networks

0 Unsupervised Learning

Update Parameters Autoencoders
Encoder Decoder

OO

BORE) Jerror

Training+ (ﬁ}?&”ﬁ‘{(‘\"

sample \'/
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Unsupervised learning: For non-
label samples, the network
parameters are updated by Latem’ Bnace
reconstructing these samples. Representation
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The Learning of Neural Networks

0 Supervised Learning

§ Feature: red, round u Feature: yellow, strip

—————
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The Learning of Neural Networks

[0 Supervised Learning
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Neural Networks

* Brief review
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Model Performance: Cost Function

0 Nonlinear Mapping

Nonlinear mapping

o000 080
14\ /711001
1222222022

Uy 48994494 — i
55555855 s 4 GGIHZINGS

tbebi bbbl b

e

7277727211217
§ § 237 % 87 8%
4999549294 Input Output

Problem: How to design the NN? Are there any methods to find
“000d” connection weights?
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Model Performance: Cost Function

0 Cost Function m

_ Good performance!
Ao The mother knows
“  correct answer.

Two important factors:

1. There must be a measure to measure the correctness
between correct answer and the girl’s real output. -----
Performance function (14 8EeR %) .

2. There must be a mechanism to change the knowledge
system of the girl. ---- Learning algorithm (FZ &%) .
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Model Performance: Cost Function

] Cost Function

The goal of Learning:
Network output = Target output

Training

Cost Function J(a*, y%):
E Jataset j « describe the distance between network output a”

and target output y*
» J(a*,y") is a function related to (w?, -+, wt™1)

J=Jwt, - wh1)

with labels.
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Model Performance: Cost Function

] Cost Function

Target Output Network Output

Vi af
yl=|: ak =1 :
Yn, an,

« The cost function describes the performance of the network. The
smaller J is, the closer the network output is to the target output,
and the better the network performance is.

« J(a*,y") isafunction related to (wl,---,wl™1), to get a good
performance is to find a good (w?,---, wt™1).

e To find the good (w1, ---,wt™1) is the learning of neural network.

L-1

al w aL—l w aL
Input Output
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Model Performance: Cost Function

] Cost Function

Target Output Network Output
Learning is a process such that al is close to y', - o
l.e., the cost function J reaches minimum. yi al

A cost function J = J(w?, -+, wt™1) is a function Vi, ar,
with variables w!(l = 1, -+, L — 1), thus the - -
network learning is to looking for some w!(l =

1,---,L — 1) suchthat w!(I=1,---,L —1) isa A frequently used cost function:
minimum point of J.

np
1 _
Problem: How to find out the minimum pointsof J? J = zz ef =J(wh, -, wt™h

Jj=1
] is a function of wl,---, wt=1

Learning = Looking for minimum points of J
29
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Steepest Descent Method

0 Minimum Points

General Nonlinear function
F(x),x € R"

x* is a minimum point if F(x*) < F(x)

for any x that very close to x*.

Fw) =W, —w)*+8ww, —w; +w, +3

F,(w) = (W? — 1.5wyw, + 2wi)w?
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F, Minimum F,
points
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Iteration Methods:
1. Setting a starting point x,
2.Finding a minimum point step by step:
whtl = wk + ap - py,
pr. 1s called searching direction
ay. 1s leaning rate at step k

Wk+1

ap -

Wk

Problem: how to get the searching direction py,.
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Steepest Descent Method

12 5:(‘;':':;;:%:?"'?;%..
\\‘gzv.vw: i

7
SRR )

Slowest changing direction

\\tzttﬁ

Fastest increasing direction

1.5¢ Gradient:
oF
I O T I
| gk = VE(w = —_— =
I v e | o
aWn wk
ol _ Steepest Descent Algorithm:
-0.5} Pk = — Yk
wkl = wk — g - go
! or
wk+l = Wk — g, a_F
-1.5} ow| k

Steepest descent direction
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Steepest Descent Method

[0 Deep learning Steepest Descent Algorithm:
oF

k+1 _ .k
w =wf —a, —
k- ow

wk

______________________________________________________________________________________

Updatlng welghts 5 Computlng gradient:  Construct cost function! i

« 0 «: L «
Wl<—W —a— ] A g 12(__ L)Z .
! ow i i Yj a i



Steepest Descent Method

[0 Deep learning

Target Output Network Output

- S
V1 aq
yh=|: al =1 :
L L

_yTLL_ _aTLL_

Input Output

Steepest Descent Method

B RN

at = fFWitath) = £ (Wiotp (Wi p(wiss - fwan)) )

1. Computlng
aJ : 9] 5
_J Problem: How to compute —*
owk owj;
Ji .
2. Iterating An_swer.
l l 0] Using the well-known BP method.
Wi e W:: — O+ ———

Ji Ji !
8Wji
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Neural Networks

* Brief review

 Feedforward Neural Networks
 Recurrent Neural Networks

* The Learning of Neural Networks
* Model Performance: Cost Function
« Steepest Descent Method

« Backpropagation
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Backpropagation

d]

[0 Updating welights: compute T L +1ayer
[layer  Problem: What’s Jt 5
| the relation between [ layer
! 9], |
d; and T
| Relation between &; and ﬁ
\ o ”

_ ol+1 | 1
= ; a;

aw}i
Why?
1+1
a] _ a] aZ] — 6jl+1 . a!

1 I+1 l i
awji E)Zj Owji
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Backpropagation

[ + 1 layer

O Updating weights

Problem:
How to compute 6;?

- 9
Because, it’s easy to compute & = /

L
0z;

What’s the relation between &} and
6-l+1 )
i

i =
aZ.H-l 3’



Backpropagation

[0 Updating weights

Layer [ Layer [+ 1 Layer [ Layer [+ 1 Layer [ Layer [ + 1
n; n;

+1 _ [ 1 _ l [

The relation between 6; ' and 6”1 Zji = ) Wit = Z wif (]
=1 =1
a] Nni41 a] azl+1 Ni4q 1+1 niy1 . - Ni+1

§ = 67 = z az”l (’)Jz - Z 61“ 62 = ‘Slﬂ jli f(z) = f(z) - z 6jl+1 'lei
Jj=1 j=1 j= 1 j=1

—/
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Backpropagation

[ Updating welights

Ni+1 1+1 Niy1 1+1 Niy1 Niy1
dJ 0] 0z 0z; : :
I _ J — l+1 J _ I+1 l 1y _ AN +1 .10
0; = 9z} - E : az+1 gzl § ;" azl E 6" - Wy f(Zi) = f(Zi) E o Wji

Relation between &; and &%

Nit1
L _ ¢(.,1 [ cl+1
8 = f(z)- zwji5j
j=1

[ + 1 layer
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Backpropagation

[0 Updating weights

Relation between &; and 67

Nit+1
5t = f(zh)- z 51+ wh
j=1
a/
5t =
bo0z)
If
ny
1 2
1=3) (@ =)
j=1
then,
dJ dak
L _ — (AL L j
Op = aZiL = (ai —Yi) E

= (af —yl) - f(2})

Layer 1 Layer 2 Layer [ Layerl+1 Layer L — 1 Layer L
Input layer Output layer

Backpropagation & .




Backpropagation

] Conclusion: BP for FNN ”1—f<zwu )

Forward computing: y = f(X;_, w;x;)
Define cost function: J = J(w1,---,wl™1)

forward computlng

; 0 .- .
Updating rule: w-l- cwh—a 2L \
Jt aWJl'i \ ij4
\\j\=1 L
Define 8: 6} = a]l
9
Find the relation: — 2L = 6/*" . af
]l [ layer [ + 1layer

Back propagation: 8} = ]L = (af —y!) - f(z)

Ni4q

= f(zH) - z P wh

______________

back probagation

llayer . Mty [+ 1layer
5l =) | ) whai+

j=1

Layer 1 Layer 2 Layer [ Layer [+1 Layer L-1  LayerL o



Backpropagation

1 Conclusion: BP for FNN

O i)
) |

forward computing

function fc(W', at)
forl = 1:n;44

_____________________________________

back probagation

i
:
i
.
1 1
@
Nit1

!ayer 8 = f(z}) - (Zw,ﬁ}“)lﬂlayer/




Backpropagation

0 Algorithm

The training data set
D = {(x,y)|m samples} Forward computing a

>

x: input sample
y:target output

There are two ways to train the network.

1. Online training: For each sample (x,y) €
D, define a cost function, for example, as

nr
1 2
Jey) =5 ) (ak = P)
j=1
2. Batch training: Define cost function as

=nll Z J(x, y)

(x,y)eD

Layer 1 Layer L
Back propagation &*

43



Backpropagation

0 Algorithm

Batch BP Algorithm:
Step 1. Input the training dataset D = {(x,y)}

Step 2. Initial each WU,

Step 3. For all m samples (x,y) € D, seta®! = x
forl=1:L—-1
altl < fC(Wl’al)
end
aJ

5L _-
< dzL

forl=L—-1:1
51 — bC(Wl,6l+1)
end
o L
ow;; ow; m’ '
Step 4. Updating

Step 5. Return to Step 3 until each w'converge.

and choose a learning rate a.

________________________________

fOT'l = 1: nl+1

i l+1 l
= ZWU g

l+1 — f(Zl+1 )

Relationship:

9 = §it1.

l
ow;;

function be(w, 81+1)
fori=1:n

Oy

Niyq

= f(2})- ZW 51+1

___________________________________________
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