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Cisterrma: BMeambrame FPinocyilosis: Fiacsa
Synapiic vasiclas i= recyched into neasw ofF meambrarnss
braak away synapbc vaesicles, fhllsd buds off, travels
o Clstarmaa

from cistarma with mnaurrastiransmittar

e Ao 5 "Orrvopa figure™ FOTmer SYNEpae
density vesicle that has released its
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ANN(Artificial Neural Network) m—FhE T iFEIEE X
PHEIBI AT E R AR Eit BRI R AIIARINEE,
LIBRRIANAEIEZERN NG, HFENEE X EEMAZZBE
HHINFALER . EBEEEHERIIZ%. FIERH
200, FERERITA, FEIIINIEL R R HRK
REMEZadELZ R, MM{EANE SR EAIETIH A
e, AIRBAREFRIENIRAN A A —RRF A K o) 7
AR EIERFERRABRITAHBNERIIR.
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ATHEZMEANNEGEY) . BB, B4H4R. 212,
RigfEEEFEE, XANAEFHF L_L'Emﬂ'li‘ﬁl—?—ﬁﬁﬁﬂ
BATEDEFHIE, MAMEETTEHEIE (ERD
BE{TANNAREY )| 2504038, Bz KA BN AEEEERE
RIFHGER. ANEAERIARE EFIZ R BYERE HRI—
MhEERENGE, AEXIHER. 5S4, B3HTHE
THIREBNANEEERI, HEIELMEERMAHENR
AEAEEFEEKBEFEEE FHMARTR.
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(1) TRAAEREZTE LR X A
(2) i e RENME LARF A I F
T ML RN EAPZT, ARG EHMF R
A

(3) REFATHALIEF %, 121FHik AT
XK=& FRA T hE
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e Various types of neurons

e Various network architectures
e Various learning algorithms

e Various applications
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McCulloch-Pitts Neuron
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o 50K, 60FRAKFTMET/ERRosenb | attHYELENH1FA
WidrowH) Bi&N ¥ t{HAdal ine.

e 19694, Minsky%ﬂPaperté%TEZi%%]’&ﬁ¥§%§MﬂH@

Perceptron—¥,

Failure with linearly separable problems
— XOR [(X1=T & X2=F) or (X1=F & X2=T)]
— Weakness repaired with hidden layers

(Minsky, M. and Papert, S., Perceptrons, MIT
Press, Cambridge, 1969).

o SHTIHWENAIE S, N ERFITEHIELT SR
EALISEESUHEERERA, T0ERALHE WK
A 52 A TG 38R
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Late 1980’s - NN re-emerge with Rumelhart and
McClelland (Rumelhart, D., McClelland, J.,

Parallel and Distributed Processing, MIT
Press, Cambridge, 1988.
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Bias
b
4 O
X1 0 > W,
Activation
Local  fynction
\ Fl\elld Output
Input / x, © > W, g E " (0(—) y
signal v
[ ] [ ] .
Summing
. . function
KXmO W
Synaptic
weights
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* Bias b has the effect of applying an affine
transformation to u

Vv=u-+Db
e Vvistheinduced field of the neuron

Va

/ |
/// u=§Wij

2006-6-27 Chap3 fi& & W g 17




th B AR A 8 51 far

modeled by adding an extra input.

[ © > W
X0:+1 _\

X1 0 > W, Activation
Local function

Y Field
) gy )

" y
Summing
function
\ X, O - W Synaptic

weights
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Thresheld Linear com p I eXIty
|_/\_ L/ e Task specific
G aussian Slgmoid
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4 4 5 Kk &

RATE

NEURON

INPUT CURRENT

* Average Firing Rate depends on biological
effects such as leakage, saturation, and
noise
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W % 7 ok

Supervised training

Unsupervised training
— Self-organization

Back-Propagation
Simulated annealing
Credit assignment

Chap3 fi& & W g
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o JKINZAR
e x{%Back Propagation

e HIHMZRecurrent network

A AR &

e Hopfield K%
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Rosenblatt’'s Perceptron: a network of processing
elements (PE):

Input layer
of Output layer
source nodes ; of
neurons
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3-4-2 Network

Output
layer

Input
layer

Hidden Layer
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e Er=T-0
— O Is the predicted output
— T I1s the correct output
e W, & Wj+ a *|;* Err
— |j Is the activation of a unit | In the input
layer
— @ IS a constant called the learning rate

2006-6-27 Chap3 4145 s iEAE
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o)
)5 e
2(0.5) + 1(0.3) +-1=0.3, O=1

L earning Procedure:

Randomly assign weights (between 0-1)

Present inputs from training data

Get output O, nudge weights to gives results toward our desired output T
Repeat; stop when no errors, or enough epochs completed

2006-6-27 Chap3 4145 s iEAE
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LMS = Least Mean Sguare learning Systems, more general than the
previous perceptron learning rule. The concept isto minimize the total
error, as measured over all training examples, P. O isthe raw output,

as calculated by > wl +0

Dis tan ce(LMS) = %Z(TP ~0,)

P

E.g. if we have two patterns and
T1=1, 01=0.8, T2=0, 02=0.5 then D=(0.5)[(1-0.8)°+(0-0.5)?]=.145

Wewant to minimizethe LMS:

C-l earni\Tg rate
E —W(old)

TW(new)

5

9)
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e A & 24

e To apply the LMS learning rule, also known as the
delta rule, we need a differentiable activation
function.

Aw, =cl k(Tj -0, )f '(ActivationFunction)

Old New:
5 {1:ZW,I,+6’>O} o= L

=Y W 1;+0
O: otherwise 1+e !

> - Chap3 ﬁa%évl_ﬁ ng
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Processing unit

Compare effective
input to threshold
value.

Compute effective input:

V1W1+V2W2+V3W3

= = ==

Produce output
of 0 or 1.

\&
_ w,
V2
—p Wy
_ W3
V3
2006-6-27
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Input
\1\» 1
2 1.5 »| -2 5 —» QOutput
Z// 1
Input
b.
Input
\.0\¢ .35
3 1.5 »| O 5 — Output
’/‘/’///. =
Input
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?‘r T 12 % % 4.

Output

Final processing unit —

First level of
processing units
M

//// YA

Z 7D
Field of view / '/f ’; i / / /
containing sensors / ' Y ;/ ’/ / / /

/ VAVAY SV A4
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I
Output

0

Final processing unit —

0
First level of
processing units
/ \ :

0 0

//,MH/////
Field of view JIA ALY S S S
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Output
1

Final processing unit —
0 0
1

First Iev_el of {
processing units
//j/ﬁ S S S S S
////VH/HI/////
Field of view JIAAY Y YL S S S

containing sensors / a4 2',1/"1/ / / /
/ VA AV AN AN S A A
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* For example, suppose there are 4 training
data points (with 2 positive examples of the
class and 2 negative examples)

X1 X2 Class \

3 4 0 . O

6 1 1 z O

s 1 1 | =

1 2 O 0 1 2 3 }\ 5 6 7

* The initial random value of the weights will
probably not divide these points accurately

2006-6-27 Chap3 fi& & W g 38
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« But during training the weight values are
changed, based on the reduction of
‘error’

 Eventually a line can be found that does
divide the points an™ ~~"~ *h~
classification task

eg 4X1 +-3.5X2 =0

M
\/

o = N w IS (6]
I I I
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Dichotomising
Perceptrons divide data
Into 2 groups.

They have a single
output node and a

binary response for that
nnds

Bas=-1

« With 2 input variables

the decision line is
placed in a 2-
dimensional space

o = N w ES ol

The presence of a bias
iInput means the line
does not have to pass

chaps it ehEough the origin 40



= e B

 The set of weights can be represented as a
matrix, W
— normally each row corresponds to a weight vector
leading to an output node
— With a single output node there would be a single
row in the weight matrix
 The presentation of a set of inputs, X, can be
represented as a matrix multiplication W.X

— Normaly each column of the matrix corresponds to
a set of inputs feeding into the network

— This means a 1*n matrix is multiplied by a n*1
matrix producing the single weighted sum that is
the node activation

2006-6-27 Chap3 #& i s 1A 41
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* For example, a set of weights W = (1, 2, -1)
* The input values are X1=2, X2 = 0 and the
bias constant is -1
e So the multiplicative sum the node receives Is
W. X (2
@ 2 -1) 01|=(3)

1

o f(W.X) represents the application of the
transfer function to the result of the matrix
multiplication. ie f(3) and typically only makes

2006-8@NSse for a singlesvialiie st 42



= B Ae B

1. Initialise weights to zero

2. Propagate the input and compute actual output for
the node (0)

Compare actual output (o) with desired output (d)
4. Change weights if desired value not obtained using
wt+1 = wt + 1 *(d-0)* xt

— Large mn value gives large weight change (and potentially
quicker training);Small value are potentially slower. n may

be large at start of training and small at the end
— Also big errors (d — 0) cause big weight changes

5. Repeat from 2 until all inputs presented and weights
no longer change

o

2006-6-27 Chap3 fi& & W g 43
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« Single piece of training data. Input X = (1.5, -1) with
bias input X is (1.5, -1, -1). Target output is O.

e Initial weight vector W _,=(0,0,0)andn=1,Tis

transfer function, T=0
X1

0 / Output class 1

o f(W*X)Is f(0*1.5 + 0*-1 + 0*-1) =f(0) = 1.
* Incorrect so change weights
W._=@000)+1*(0-1)*(1.5,-1,-1)=(1.5,1,1)

2006-6-27 Chap3 4145 s iEAE 44
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e Present next input, say X = (1.5, -1, -1) again with
target output O.
o Compute f(W*X) with the new weight vector

W, = (-1.5,1, 1)

e Thisis f(-1.5*1.5 + 1*-1 + 1*-1) = f(-2.25+-1+-1)
= 1(-4.25) =0.
 There is now no error with the target value and so no
further weight change is needed; training is complete

(note how the decision line / weight matrix has evolved
as a search was made for the correct weights)

2006-6-27 Chap3 fi& & W g 45



A AR &

e x{%Back Propagation

e MK Recurrent network
. Hopfleld o] 2%

® Qﬂé/\ﬂy%ﬁj‘

e IR HIfEHE
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B 4% M % (BP)

e Inputs are put
through a
‘Hidden Layer’
before the
output layer

 All nodes
connected
between
layers

2006-6-27

Hidden Layer

Inpu

Chap3 fi& & W g
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#Measure error
#Reduce that error

mBy appropriately adjusting each
of the weights in the network

2006-6-27 Chap3 4145 s iEAE
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 Forward Pass:
— Error is calculated from outputs
— Used to update output weights

e Backward Pass:

— Error at hidden nodes is calculated by back
propagating the error at the outputs
through the new weights

— Hidden weights updated

2006-6-27 Chap3 fi& & W g 49



e Ermri=T;,— 0O
e Wji € Wi+ a*a* Aj
— A= Err*g{in)
— g’Is the derivative of the activation function

9
— g Is the activation of the hidden unit

o Wij € Wij+ a *Ik* Aj
— Aj=g{in) * ZiW;i * A;

2006-6-27 Chap3 fi& & W g 50
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To bypass the linear classification problem, we can
construct multilayer networks. Typically we have fully
connected, feedforward networks.

Layer Hidden Layer Output Layer
@ 1
% Ox) = =2 Wi H;
1+e
W, 1
@ Ik H (X) = _ZW ]
1+

2006-3-2$ - bias Chap3 #h&s il 48 e il 51



BP ™ %

We had computed:

AW, :(:Ik(Tj —Oj)f'(ActivationFunction); f :(1+ jsumj

Aw, = cl, (T, —O, (sum)(L— f (sum))

For the Output unit k, f(sum)=0(k). For the output units, thisis:
Aw;, =cH j(Tk -0,)0,(1-0,)

For the Hidden units (skipping some math), thisis:

AW, ; = cH (1= H )1, > (T, —0,)0, (-0, )w;,

k
; H ;
200@ Wij QapS %ﬁvvmﬁ i 52




e E=1/2Xi{(T;— O))?

- SN
oW, |

Error
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BP %

Learning Procedure:

1. Randomly assign weights (between 0-1)
2. Present inputs from training data, propagate to outputs

3. Compute outputs O, adjust weights according to the delta
rule, backpropagating the errors. The weights will be
nudged closer so that the network learns to give the desired
output.

4. Repeat; stop when no errors, or enough epochs
completed

2006-6-27 Chap3 fi& & W g 54



Backpropagation
= very powerful - canfearn any rancaon, given enough

hidden units! With enough hidden units, we can
generate any function.

 Have the same problems of Generalization vs.
Memorization. With too many units, we will tend to
memorize the input and not generalize well. Some
schemes exist to “prune” the neural network.

* Networks require extensive training, many parameters
to fiddle with. Can be extremely slow to train. May
also fall into local minima.

* Inherently parallel algorithm, ideal for multiprocessor
hardware.

« Despite the cons, a very powerful algorithm that has
seen widespread successful deployment.
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Value Prediction by BP — 1,

15000.- - el

5000.
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e AN ZRecurrent network

. Hopfleld o] 2%

»
.‘[/T
~

2006-6-27
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7% %ﬂ

Jg 2
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e A seguence Is a succession of patterns
that relate to the same object.

* For example, letters that make up a
word or words that make up a sentence.

e Seqguences can vary in length. This is a
challenge.

« How many inputs should there be for
varying length inputs ?

2006-6-27 Chap3 fi& & W g 58



G e

P 48~

Jordan network has connections that feed back
from the output to the input layer and also some
Input layer units feed back to themselves.

Useful for tasks that are dependent on a
sequence of a successive states.

The network can be trained
The network has a form of s

Simple recurrent network (S
form of short-term memory.

oy backpropogation.
nort-term memory.

RN) has a similar

2006-6-27 Chap3 fi& & W g 59
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Jordani# Ja m 4%

Output (O Oooor/

A
O O O QOeee

- W

Ly s e i 0 00 ) e

Plan State t

Figure 5.6 Jordan network.
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Elmani% va ® % (SRN)

The number of context units I1s the same as the number

of hidden units OUTPUT UNITS
| |

| * | HIDODEMN UNITS

INFLUT UNITS CONTEXT UNITS

Figure 2. A simple recurrent network in which activations are
copied from hidden layer to context layer on a one-for-one
basis, with fixed weight of 1.0, Dotted lines represent trainable

connections.

2006-6-27 Chap3 fi& & W g 61



SRNi% Va2 M %12 1L

e The context units remember the
previous internal state.

e Thus, the hidden units have the
task of mapping both an external
iInput and also the previous internal
state to some desired output.

2006-6-27 Chap3 fi& & W g 62



% Yz M 4

Recurrent Network with hidden neuron(s): unit
delay operator z-1 implies dynamic system

. Z'l >
iInput
o 21 . hidden
@ output
I Z-]_ >
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Jg 2
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Hopfield %

e 19824, HoopfieldH BE &= A
H) AR IR Bl — Bl 2 A 0 RR %
AR B2 100 386 U3 Y 4% By R AT 1 T Y
BT XK EA xR
MM ZESOVFEATE T N
oo yE, MmETEAMW
Hopfield W 2% . JX % Hopfield
1 Far M 25 A n] e 2 HAE M &Y
ARG A, A AT B I R,
R AE 20 2 1 A2 8 W 28 TP A7 15
SURBER], SEMIRZIT
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« John Hopfield (1982)

— Associative Memory via artificial neural
networks

— Solution for optimization problems
— Statistical mechanics

2006-6-27 Chap3 4145 s iEAE
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I PR RS
By p Al e iWﬁEJ '@iﬁﬂjiﬂ N |ﬁﬁiJ ¢l ;le EpY

ﬂﬁ“ Ul R s > SRRl ’ﬁ i D X{a&i_ = Y
X+, ( r“%%f?*) ’ ﬁff”' TRLy; - Wi W
W= : :
. - e
MRS ?? Wy o W
Wi (K +1) = wi; (K) + 7% Yig N
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&, E J% 28 12 fL

s i 1, 5] T, 451 [
1 Fi=j
X?Xj={ +f! !
0 =, 1#]
. l@?%'?‘wfp?‘* E X 0 IR iJﬁ?Ll'tn :
X:WXk = Y Xk - Xk +_ZkXiXiT Xk = Yy
E=

o I BURERE IS 1 ORI Rl RS R

T T
Y=Y 2k Xk +_ZkXiXi Xk =Y, +Ax
EZ

£ H[Akf@ﬁ%gu FEH [ & (noise vector)” BT “ U T B4

(crosstalk)”
. i/D%' ST l}ﬁ%ﬁﬁﬁ”\ﬁﬂl X+n %ﬂf@;(“ ﬂﬂﬂaﬂﬁ% [FIE A, gfﬁé?:fU:Eﬁ '
Y:[Xl’“.’XN] X:[Xl’...’XN]
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& 3% 8 12 1

. L (B A [_EH i g (X0 Y1) (X2,Y5)0(X3,Y5)
5 IF%E%[ ( ﬂ[ﬁ? O’LO) o= (0 011) X2 Y3

=(212)",y,=(123",y,=(312)"

W =y X] +Y,X5 +Y.X3
2 1 3
=/1/1 0 0)+|2|(0 1 0)+|1|(0 0 1)
2 3 2
x> =(0,10)

o UPBUEREES RS RL > AR 14
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. [/[l_'i]a )—EEIL 'IH Bi = EI OE"ﬂ].)_{l IEI

l

FA .

>

(1) /<

154

(2)

I '[9@1’:34

El > ﬂ ﬁf'*“‘
% ﬁﬂ N et e i

ﬁE]LLI',, VI @ (thresholding) I'] &
‘TVIﬂZI IE[ % F[ Jﬁ_E]L[I s Hl Lﬁjaj x [:H[ Elécl \ IQE[?EIFF[TJ

,F[H‘ﬁ;@f P

. lﬁftlE

current neural netwo ks) %JF J Hopfield x

EISCI

I 2 19 2 A 8 D 1 ,Iﬁmﬁa:;geﬁ

(discrete Hopfield networks) |Eliﬁ%5; ﬁmfcﬂ YR o
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Hopfield M %-

T AR ] e N N R X=X Xl 1=
folH] Efﬂ?fﬁﬁlﬁ]@f‘l\lﬂ it 2 BT Hopfield V[ﬁE‘é‘f )
Wji _1 > Xii ij Wip o Wlp
Pk= W= : ;
« HY p 1 N N
i 0;=2XWj,1=L---,p == Y XX —— |
i=1 Pk=1 P
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¥ H‘%P e
= {2

d F'_ IF‘fﬁprr, i) (e i
gifpﬁﬁj ©) > EF ¥ e

prJaJ el L N R

Xi(n+1) = sgn(Xw;ix; (n) - 0;) = sgn(u; (n) — ;)
=1

-

1 Fuj(n)>0;
=< Xj(n) :"E[[Uj(n)zej
-1 Fu;(n) <0

\

%ﬂr Hopfield “Fﬁﬁ‘f‘ LE J[Efrjjrf (asynchronization) pv =t «@El
Eﬁwmuﬁﬁgw AR %Epi PRI ‘/%ﬁ%[,ﬁ?ﬁw

)—>x(1)—>x(2 —> - —>x(k)—>x(k+1 —> -

200 [(f@ ;‘Z %EJF [filH (SV”C'HQ”%%Q#B [ SRR AL,
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% HYEI
as —I:I %E_E{_L}I_Kﬁlj: o

* F[}JFJ 7 ﬁﬁ J%EE{_\L_@ J}ﬁ fﬁﬁl}%ﬁﬁ‘ﬁﬂ?igj@&[Eﬁgﬁﬁijiﬁjﬂ; 7})%1 .
¢ H}OpflEId ‘Tﬁ??’ F\%%—Eﬂﬁ i[—(}:l Lyapunov ij“ .
—E[j'_‘ ’y [FEJ_\L_}‘&‘%&%V HOpreId Vﬁ:‘:}m FI JF :E{ #}A[EIJT‘E

E(k) = _EX (KW x(k) + X' (k)@ = ——th zleh Xp (K)X; (K) + Zé?h Xp, (K)
J_

I@?%‘Tl [ REHACE 7 e e ] K i 2 A ]
AX; (k) = x; (kK +1) — x; (k)

FS AX(K) IR o SFSRE PR BRI kL b

E(k+1 = {—5 2 2 Wy Xp (k)X (k) + Zﬁhxh(k)}

h=i j=i h=i

2006-627 {_ > jéi%\%m hlélpop %&gﬂ% %%ﬁwhu Xp (K)X; (K +1) + 6% (k + %)}



g2 J;3‘!(H0pfleld ] 28
e oA

AE = E(k +1)—E(K)

== g K+ %K)~ (0% K)

2 j#i
- Ehéiwhi(xh (K)%; (k +1) = x4 (k) x; (k)
+ gi (Xi (k +1) — Xi (k))

o FFE ISPUR R O AR jo PIEE wymwg o PRI TR
=20
o AE == 3wy (k+2)x; (k)= % (k)x; (k) [+ 6 [xi (k + 1) % (k)]

J#l

— [x;(k+1)- x(k)]{zw., (k) — e}

J#l
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% # Hopfield M -

FH 7 AxG(K) P fif BB = AE R e > 25 [R5 T = ZE
J 75T AE ! ?j
1 AX(K) = 2 ¢ ] x(k#1) = 1 = x(K) = -1
X|(k+1) — 1{'&?‘% Z Winj(k)—ei >0 ’ [—/\[LI—QAAE<O

J#l

2. Ax(K) = -2 ¢ 1] x(k+1) = -1 = x(k) = 1
X(k+1) = -1{%3 X wX;(k) -6 <0 » [HF= AE<O
j#i
3. AX(K) = 0 @ J[] x;(k+1) = x(K)
Xj(k+1) = x(K) 8 X wyxj(k)—6 =0 » NI AE=0
j#i

S Y AT - 5P AE<=0
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% #Hopfield A %-

. RERL noprield AT R E RS S AT

S PIRIF Hebbian RAIKAR@REAREE, B SR EGERERS
B MEM Y BB RBEEHENANY A, HhEE A hisikE
(Spurious states) "HIE4.

ﬁ@HwﬂMd%%mﬁﬁgﬁﬁﬁth%ﬁﬁﬁi%ﬁﬁ%p,ﬁ
CERMA 99% EREMBRT, ATHENERNENTRER TR
I E S4|E
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2006-6-27

% 4 & #Hopfield M %

Hopfield 7 1984 fF1EH Ti#E4E Hopfield 4% (analog or
continuous Hopfield networks) [11]. A& PRYEEHZ THRH

S HARBLE RS, AEEAIARBUAREH AU T 2o 75iE
T\ SR Fi ik -

du; U;
Cid— 2 WijYij— E l;

J¢| i

= o(U;)

Hoh, 5E / EAEHKSTRR, ¢ KRABBRPESYE, R 2
?HH@H%E’]%BH'E’ / Eyl‘ﬁﬁu)\%um(1&%?51515) Y, IEﬁE?EH

BITHEmEENE, v, ﬁ%%a&&ﬁ’]ﬁﬂm@ﬂ%au% AR w,; K
FE JEFEHETESE / EEMETEEE o) 2 {8

RIEIGRY S-ELEEEL
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% 8 J;‘f!LHQpﬁeld ] 28~

. $E?§ﬁ#’%ﬁ9&ealjlbm1$ (Kirchhoff equation)

1
dt Pi JilR E p- ZJ:R—
Eh REFSIMABOBAGEYE. NREMER 4
. ALUERERK T Wi " Ri
du; U; o )
C dt ZWJyJ EI i

. ERAEME BBERR

% %

>
RP%
U u; up
C; 7 Cp 1
. e o, .« e o
Y1 Yi —¥; Ip ¥p
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Hopfield M % & & Al

Hopfield ZHIGBYEFHEERE, ZEWR, B
g\ 0T fE A SE b/ B S i S8 py 2R st

5—1BE S EE 8 E BTl =2 B 2R BRI 1L B
55, T ERRRE AT R AR IS kS LY
H #Z K & (object function) =X I8 pf
Hopfield ZE % B9 Lyapunov PR, ?fﬁ?ﬁ@ﬁf
IR EE WA E ET?&TFW‘]WA%%E%
E,‘J$@tj{a’ %?ﬁﬁiﬁ%ﬁ%%ﬁﬂ'}“% A E& = U &
ZEEARE, MIkEE Hkﬁgﬁmﬁﬁmgﬁmm
IIME, Tlﬂ:%nﬂ 26, ZPIEEZIREFEEEE
fii/J\{E (global minima) .
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#e44 7 <AL (TSP)

o WMAIERET—IREmAERITIELMEER VBT, mEEEHTREEx
— R, iﬂﬁa?ﬁr@ﬁ}_?ﬁﬂj%ﬂ'ﬁﬁﬁ?ﬁo

o FRMASITTHELHER VN x NV BY%EFE, 1T (column) KIFTHRIEAIIE
F, 5 (row) XFTHHATE, ﬁ'ﬁ?El@El'Ji Bt — JRENEE#
LoTHE L, SRR T TE, EHEENE TEA 1, Al
REHTH v BF 7 ¥k

e [&E5. GzzETl_}ﬁ—ﬂ“Eif‘« B>D—>A—>C—> (B,

1 2 3 4
Al0|0[|1]0
E|l1|0|0]|0
clololol
ploli1]lolo
2006-6-4 26 * FEAI FINEE S AR ey B 2> DA C o (B) - g



#e44 7 <AL (TSP)

(1) BB R gEE—IX:

N N N
E]_: Z Z Z Xy’ixy,j

y=li=1j#i
(2) —k ABEE—{EET: N NN
o E;=3 2 3 XyiXg
i=1y=112=1
Ziy

(3) FTAHMmENERZE: -
Es=(X XXyj ~N)?

y=1li=1
K 1o OESE S s YR
(4) PRIRFEEEER IS - E4= > > _Zdy,zxy,i(xz,i+1+XZ,i—l)
y:lZ=1I=l
7Yy

0SS ey RS AR 0 g



mﬂﬂ#ﬂ £

1 4

R 944 (TSP)

AL £

0 {8l o5 23k £ AN [E] H’Ji‘éﬁ I«MEAH%FE

E = W]_El + W2E2 + W3E3 + W4E4 (36)
HPIAESE N x N EEEMEHLITH Hopfield A EREE
A TS
LY 1 N NN N
=—§ylelezljle(y.)(z HDXyiXz,j T Z_llgeyl Y, (37)

tt$§ﬁ(36)£ﬁiﬁ(37) %Z{Fﬂ{@j%ﬂl_{fﬁzi{a W o n (<) (Hr
(v, /) EERETRE (2 ) EEMSTHMEREE LURRE

0 (, , R TR TR,
b ) 25, (L= 5 ;) - 2w, (1=, ;)

Oy =

2006-6-27 5y,zé{

— 2W3 — 2W4d Y,z (5”_,_1 + 5”_1)
—2w3N

1 Yy =1z
0 QpRygy s Lo 82



#e44 7 <AL (TSP)

e T S B A FT L g BitR
161E); E%$2%757‘L4><4E|’JHopfleIdﬁﬂﬂi) g= Gy o= d,,= 4y,
=1 km, d, ,= dy/2= km, Iﬂn¥m=wz=w3= = 0.6
. %fF18E:
12 .. —2.4]
W :[W | _]: SRS : 0=0,0,,0) =(-8-8,-,-8)
16x16 (y.).(z,)) : . : = 1,72 V16 R
24 . -12

Wie16 = W(4,4),(4,4)
=—-2- 0.654’4(1— 54’4) -2 0.654,4(1— 54,4) —-2-06-2-0.6- (54’5 + 54,3) =-1.2

0|l 1]01]o0
0|l 1]01]o0
o (o 1] 0| WREMRARSERAREESM@E [0 L]0
1 o | o] o | AR FEMKEN , FEEHAKER 10|00
ol o | 0] 1 4 0| 0|01
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&) I 28 12 fu

o EEMB#4EEZIE (bidirectional associative memory, Ff5fE BAM)
E—EHITER (heteroassociation) HJEE & FEMHAAHRE .,

o ERHARFEMESEAN/@mEREE, (x,y), /=1, ...N x H
v, 7B p #E r #HmsE, HEKRZEEWNES. 7FR.

o EXMBIERMEARMENEEH TN, FEEEHIMEE®RLT

R, KI—REREBHIRARIERIZEMRRE, FEith R EHE
RO TAE.

w
(1)
: SN
() o
i T )
. I N S
: ] Wiy it
. J2
N '
b DO
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R &) J% 28 12 1L

e e R SRR T T S R e E T () (B
RAEMR X BROEHSTAEN, REBELEHZT (X )
ERE TR E IS TRV S L

X(k+1) =pWy(k)-0)

X.(k+1)§0[i W,Jyj(k)é’,} i=1---,p

-

+1 ﬁﬂ%iwijyj(k)mé?

I
N

x(k-1) R w,y, (k) =0
j=1

-1 ﬁn%iwijyj(k)w
L =1

o
2006627 X(k+1) = [xq (k + Drapaxggki#) sy (<) = [y (K)o y (], 85



&) 3£ 28 12 10

e B E G x (k1) AR B RLFY VBB R eremntlls R 1 T T 2R
TEIEMZTT (Y [E) #FHevsEmdn:

y(k+2)=pWx(k+1)-0')

P :
Yj(k+2):(0(_21W'jixi(k+1)—93) =121
i=

- EEBEE-—EREBHFETE, HEWHALE, ZEEDEIBER
LR LT 5 BRI A4S

2006-6-27

57 1 T B ¢

x(1) = p(W y(0) - 0)

5V 1 | A

y(2) = pW'x(1) - &)

5V 2 % B A -

x(3) = p(Wy(2) - 0)

Y 2 5 O

y(4) = p(W'x(3) - &)

kI2 55 g 10

x(k—-1) = p(Wy(k —2) - 0)

5y
Ej‘j

k/2 ﬁ’ﬁfjﬁfé Eﬁlﬁﬁj ;

y(k) =W x(k-1)-0)

Chap3 ffi£1
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R fa) J£ A4 12 10

X ian 223 78I

N N
W =3 xcy, wi = x(k)yjk) i=1.,pj=1..r
k=1 k=1
N - -
W'zgykxl wii = > yj(k)x(k) i=1...pj=L..r
k=1~ k=1
1r
“4=) 2 6 =0
/ 1 p ! '
91 :Eglei 91 =0

o FPIELUEWE W=W, TRED W ,7w, .
 FMENERBEMEMERSRZ XERNENKZE, EHEUTHIE
T
X(k) > y(k+1) > x(k+2) > y(k+3) > - —>

2006:6:27 x(K) = x(k +C£>ap3 ﬁlﬂééﬁﬁﬁl@“\jﬁl) =y(k+3) 87



B fa) J£ A4 12 10

o AHE%HY Lyapunov ERE(A (& TELERE, ISR
=R ) :

=60"=0

E(x,z)=—%XTWTX—%XTWx=—fo

. BMBBEE K PET— (BT EH Gl +
S 1 HE 1>+, BERERERE LT,

)
AEy :—( _leijyj)AXi, 1=1---,p
]=

2006627  AEy = —(_le'ﬁ%ip Wit ol Folawr s 0
i=



R fa) J£ A4 12 10

R E RN T

% _ )
2 i/DF/U Zr: W”yj >0 2 i/D%\[.zlwljiXi >0
P , .
X p
r _ 1S W X
-2 A Elwijyj <0 \ 2 i/[lﬁ,\glelx, <0

. HIRESHHIR,  Ax, X[ WY, FISELR Ay, F
P Wi F%E., EmiA—Eas. A AEx <O0fm AE, <0
L Bz, EGo WETR ( E(xy)> -5 50w
), FRAATLUSEIEELS A — BAM SRS RS A0EE M AR AL B R Y
e, REKNESEEBERE, TiikEER ST FIE
B, {EIS—IZEOR, BAWIE A FTiBH0 (AEHRAE By IR,
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&) 3£ 8 12 10

N [/[IE)J}[%]%%@ BAM F[fj;—"-i; 33 Jifgaé—rﬁ?,ﬁéﬁl El” ’ Z/D/:h‘(5_42)7g,
4 (5.44) ey I RS 5 TR A Firsy [
BAM (continuous bidirectional assogiative mgmory) :

[ dx; r

| —dtl ==X+ jElWijCD()’j)+ lj
dy; D '
\W: —Y +i§1Wji§0(Xi)+ |

B 1,0 1) LT
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T T S R YO Y T G Y
x1=(1-11-)"y, =(-111)"

Xa = (111" y, =(-1-11)'
x3=1L-1-D"y,=11-D'

3
W e & ] o] 0
1 -1 -1 T
-3 -1 3
-1 -1 3 1
1 -11
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&) A% «Qva fL

l/agti«_ﬂ/
) INE AR
-2 -1
X -1 6 1 X -3
X 1 Y=0¢ A=Q 5
2 1
-1 -1
}@%ﬁ‘ﬁ“ﬁ‘{ﬁi x =(-1,1,-1,-1)7 >
f yzﬁ“;‘J Tkl (] 9(0)=1)
1 4 1
X = 1—>X=go O|=|1|->Xx=0
-4 -1
» _.1
2. Y951~ HR-L Clle(0)=-1)
-1
1 4 1
X = —>y=¢ 0 [=|=-1|>X=9¢
2006-6-27 -1 ghap a‘ﬁ%‘ OB
-1

S T HE )LD fyrEsm

-1

1 |—>--

1

6 1
6 |=| 1
-6) -1
2 1
-6 |=|-1
—2% (-1



ﬂxvﬁlﬂfﬂva fL

M ] M SRR NE S =1 fa 7u£l£§_l\t\,\

 (EEEREY S~ #1905 i [20] g
o Jmin(p,r)

e BAM FIJ}[JKFJI‘E'EIF[LI%—{JTL , T\F,/E_Fl ik (Synchron|zat|on) PK/,JE*FIJ
H, (asynchromzaﬂon) p S AN ﬁ[ﬁﬂ = [F,J%é{{}qkru o

* BAM [ RN SRR (static) A &I 9 > Ff R
¥ EI’LJF"E J}{“’\ﬁ“ﬂ@‘w (Elynamlc state transitions) » BEY[IE » R FE
=N Fl - IE:_'E l[}[“’xrju[ﬂ E[ .

S1—™>Sp2 > >SN 251 >SS > >SN 251>

o S ILK IHE} R £ 1 2 rfﬁ'ﬁ”?[ﬁﬂﬂ% > Al BAM ST

LN [;[F:[LJEI+ . (81,82) (52 53) §N—1’§N)1(§N ’ﬂ) r

W = 3 s,1Sk +S1SN

1 SN > SN-1 > >352>3S1 >SN 7>

{ngﬂ(\’vy) {X=¢(\NT>’)
— _ T
2006-627 p(Wx) Chap3 Mg s il ¥y= (W " X)

93



2006-6-27

ZH LA

Rl

i

Chap3 fi& & W g

94



SOM{faj

e« Self-organizing map: BHZHZORREY}

E—MIiEFZameE 7%
e <%= AKohonenT 1981 FEFHI5Hf 3

JHANEELR LM E—MRiESHEFES].
CETESISE, BHENERHETER

« ERRK, AR, WS ARE. HRIER, BE
E’J}jﬂ o) & 1%&@4\1751{’“"” UREB AT iz
JIv FH o
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SOM{H/1: HiFh 45

e W FEAMHLE
NHER — N4 =%k
ez

o MINGERATTA
, BEIAREBn
JLZE, % A im 1t

« FTARMALG RE|
FiT 8 A% 245 R R
BEERE
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Kohonen P 2% 1| 25 50 y5=

o A H 45 R RES IR SR U R )
S5 WY AR AR AR

o« HH )= FAHRR Y 4h mRe XS S B pe 2 0 A
A A AR AR R ) 1) e Tk

i B S5 G B N AN D B St TR RE L
R fﬁﬁl e GRIEZS RO, RIS
AR 45 R B — B8 2 i AR A ORI 3

\_l
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Kohonen M 2% 1)l| 214575

o JE SRS, KRB S, K

* EUNZRR R, AMEX IR 4 RH)IE
BUEAFTREE, [R5 45 a1 R8s
25 R IE R BUE R 2

* MR IZREIHEAT, XARBa FEAME i
N, HEE G, RNSREES ST A
R B BUE T 2
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Kohonen % 4% 1| 24 /L1

1) AU . 2 AN 5 5 B 2
gﬁ?ﬁ&ﬁm%ﬁ$m%mﬁowmﬁ

2) KRB X =00 )

3) LA A XK 5 A S L 4 T I (R 1)
tOEER) djzznl(xik—vvij)2 je{12..m

1) LA e INEE B L 8 R < 9 = mindd)

jig12,...m}
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Kohonen ™ 4% i)I| 24 &3

5) %M tH 45 5L PrIESR I AUE LA AR
1, Ny

NE (t) Ij‘j E/J{FH'J AN

AW, = n(t)(xf —-W;) NeNE®) i€{12..13

EARHTE, Mt=t+1, B

6) v idA 4 AFT

2V o

N7 U TIERUE

2006-6-27 Chap3 4145 s iEAE
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Kohonen M %% )I| 24 575

o B, n@)ERARF T
RIS NI I3/ )N
FERIHEAT, A

/51

/g ’ Igjﬁ HTJ‘ I\ETJ

Waleil, FE IR
L T s REHOA /)

o Ne O BESE IR MUCSE, B ot Kt

, NE.(®={N},

R LI ZR3RME 45 A &

‘ﬂwﬂwm%%ﬁKE%ﬁﬁ FEHAK

I AR
Pa AT AT

2006-6-27

PUAR P A

Wil

] ) ZERAN [R] %L
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SOM Algorithm

Initialise Network

Get Input |-
!

Find Focus
|
Update Focus

|
Update Neighbourhood

Adjust neighbourhood size |—
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Learning

* Decreasing the neighbor ensures
progressively finer features are encoded

e gradual lowering of the learn rate
ensures stabllity

0O 00D 0 00 . oD o B5 T o
0O pP-OTo"TD-O0-CT o
o p OO o 00 do G AR OO, N
0 p.o0 p-o o din 0,0 0,878 0 &0
cncnedcqo c kb oewv e go g o
ﬂléﬂﬂ_j_doc:_o S‘Qa‘q_g"c? '5’,"?
o 0O 0000 q O .
ob aono.o.an o '-";’ "Q"’a"aﬁ’&a
©O O OO0 OO O O S S e
o o ¢ oo
Ll hexagonal

Kohonen neighbourhoods
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Basic Algorithm

— Initialize Map (randomly assign weights)

— Loop over training examples

« Assign input unit values according to the values in the
current example

* Find the “winner”, i.e. the output unit that most closely
matches the input units, using some distance metric, e.g.

For al output unitsj=1tom n 2

and input unitsi=1ton Z (\/Vij — |i )

Find the one that minimizes: 1
* Modify weights on the winner to more closely match the

Input 1
AW =¢(X! -W")

where cisasmall positive learning constant

that usually decreases as the learning proceeds
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—APBEAE VA BEALILR

R, G 1 R EROR P
O, SCMMACFETERD . K, EAEREFmETE
AR X HFERE [, 45 s PR

¢ Bre FRIREI A B BRI 1)
, H AL A0

o N RO SN IUE SR e SO LT IEC (nga]
R R MERIOHD . 0k TR SR T
RARE, Wn i FhFoR R

nj:ankek
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—APBEAE VA BEALILR

CBUE, FiI A e, dERITAA ) R ﬁ*ﬂeek

: rﬁ'%ﬂiﬁ/ﬁﬁcﬁ Eé'utﬂ“ (A=I=P

J”’“I*éui%TjJ X = 2T

VA ERE Rk MO, RIGAEKS

3 WA LT, T L PR ek
N

X; = an

\_
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=
Th
A

—PRREAE VA BENLIRL

o J14g 20 LAAN TR [ 0] SCRS AR AL
ﬁﬁ%%OWEZ@%WMﬁﬂU‘ Al
POKEEE: xx, =n R'Rn,

« RTRHJ u/\ﬁﬁﬁﬁﬁéﬁ/\

NEe ,S—FF ,|¢J : 8“20 RTR=|+8
ﬁﬂ% %E@B’Jﬁﬁﬁ rE N0, MARTR=I. X

» WLOREF T SO Z R AFAYE o

IS G T R T R 1 A5
AT, o F T Om . 5,
KT bEAEL L.
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, H \lﬂxg

» M SRR P I EFCRR, K
RN =, AR e FHER 7 1R 1 (7]
= E ISOMM KA, 228, HiE
— N EVCZE ] (Word category map
)

s ZEXANEF, BEMXAHITR W ERAE—E,
ZH R — N2, Al TRV S 0] B A Ay
‘B ol DL e E Hash i) a2,
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R

' H//\l‘:&)\( : Q}F[”IQTEI@_E%
AR

* BN ICRIER T 2 R R SR 2 R R SOR R
o WX IRANNT TSR RS R d AL E L
ULRRSR S CRARe 2 o0, fln, 1%
7N SR IR T AT T R4 1]

° ‘ﬁixi%—?%|4\l—,l X(}I‘4i$fz<{dl, N}

X _[x(d), x@ T X”—erk
oo, I o Ve it
*ﬂxf@, NTHE R, HEd=1Md=-1
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' H//\lﬂxg: jl:illéfrtj i Eji
1] 7 [

o XPRE—NA, FESCRYEES H H B I

N2 PEBE — S8 1] . Rk m] DA G
TR SRR Nz, PR E ) — R Y
15 &

o BlWINf 4R R, S H IS
W AR L “HE '5” N
, WRE X, KReg={ARt, AL G,

B
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I =1 b I 125

FHZE X Ty ok 3L

= P

o —cHh, Iw. (i=1,2,...,N) A

Ln, %Tﬂk ’rﬁﬂ/\i&

'EXﬂW%ﬁ%%Tﬁ

N

q_

-, V(VVI) [dll’dIZ’

W ~{a ) ..a0)

dy, ]

MG+ G iz . d,=0 | I=]

i i w2 5

G 1] 4

* 4]

2006-6-27

Chap3 fi& & W g
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JIXRR RN E, AE— 1> SOMM 4[]
N, ATRURISIE pleh 30 3O
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2006-6-27

think trained

hope learned

thought sglected

guess simulated

T improved

SRS - affective

imagine constructed

notice

discovered machine
unsupervised
reinforcement

usa supervised

japan on-line

australia competitive

china . hebbian

australian incremental

israel nastor

intel inductive

Chap3 ffieih47 s 0AE
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FH SOMFEA T C A B

o SRARSCAS B
o SERA SRR T LUHUN T 50

KT iR

N
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Hierarchical and Partitive

~Approaches |

« Partitive algorithm

— Determine the number of clusters.

— Initialize the cluster centers.

— Compute partitioning for data.

— Compute (update) cluster centers.

— If the partitioning is unchanged (or the algorithm

has converged), stop; otherwise, return to step 3

* k-means error function c

L _ _ T
— To minimize error function® = ; x; [ — cxll
—
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Hierarchical and Partitive

Approaches

* Hierarchical clustering algorithm (Dendrogram)
— Initialize: Assign each vector to its own cluster
— Compute distances between all clusters.
— Merge the two clusters that are closest to each other.
— Return to step 2 until T

e Partition strategy
— Cut at different level

2 clusters

__________________________________

3 clusters

........................................................................

3 ciupters

2006-6-27 Chag

18



Hierarchical SOM

e GHSOM - Growing
Hierarchical Self-
Organizing Map

layer 1
— grow in size in order /@/
to represent a O
collection of data at a OOO layer 2
particular level of %%)88
detail "P‘TCP
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Field Action y
Model

W2:Field Action Weight

Output Units

Hidden Units

W1: Field Organizatign Weights

Input Units
Field Organization Model
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