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* McCullogh-Pitts (1943)
)
= ©
1ifY wx >0
~1 otherwize
40 ¢
20+
-60
0, 10 20 0 10 50

time {ms)

* Hodgkin-Huxley

av

Cn E :_gL(V - EL)_ gNam3h(V - ENa)_ gKnA(V - EK)+ I
(:T';”_a (V)a—m)-

dh _ a,(V)1-h)-
dt ,_,Na
%—a V)1-n)-

|4 m, h(Na), n(K):
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Delta/LMS

Gradient-Descent (D, 1)

X Xx) <X (x>
w,
= UNTIL DO
Aw; 0
FOR <x, {X)>in D DO
x s o

FOR w; DO
Aw; < Aw;+ r(t - o)x;
w; < w;+ Aw;
= RETURN w
Delta

nonlinear activation functions (

(e.g., 0.05)

transfer functions).




Delta/LMS ( )
X2 X,
+
. UNTIL DO
. - . Lo VE, W]
2.W w-rVED[wT
X1 + X + RETURN w
" D ( online)
UNTIL DO
Example A Example B Example C FOR each <x £X)>in D, DO B
1. VE,[w]
: 2. Wew-rVE, W]
= Example A: RETURN w
= Example B: ; delta s 3 1 - , 1 ,
" ampec:  dea Efi)- | T etx)-ole)? | £ Jetx)-o(x)
w= xeD x<p
L] Lw oE
= Delta error= (i.e., oW )
Output Layer .
gradient
. : .Sg‘/.7(W'X)' Hidden Layer, VE[W]E O0E ,E,___, 3
. activation 1 sgn " ow, ow, ow,
Multi-Layer Networks Input Layer "
. : Multi-Layer Perceptrons (MLPs)
. multi-layer feedforward network R R
input layer, hidden layers, output layer Aw = _’VE[W]
. o (eg. 1 =2 ( )=3- (ANN Aw. —_rE
. ( ) ow,
- oE o |1
MLPs: , :f{fz(t(X)—O(X))z}
- ( ) ( ow; ow; |23
= 3- multi-layer ANNs NP-hard (Blum and Rivest, 1992) ( o [,
= | (t(x)-0(x))-—(t(x)-w %)
MLPs: Zl;[ ow;
. = 2 [(t(x)-0(x))-x,)]
. -intensive x<b




OE OE OE
ow, ow,” " ow,,

2<%[6§ )0l |

, = VE[W]E[

E _ 0|1 o)
aw,’aw,{zm%g,(x) ol

X!
=
~
[
]
| =

col¥) - cotre). ofa)i-ofs)

- 3 [it(x)- (%) (o(x 1~ 0(x))-x,]

ow; %,£(X))eD

GE O o, 2, E _ o Eo 0, o

oW, do, oz, oW, W, coltpur(n) 02 00, 0Zy OWj

6 =0,(L-0)(=(t, —0,))

Error-Backpropagation Algorithm

. Train-by-Backprop (D, r)
- . X 1) <x, (x> -
. w;
= UNTIL DO
FOR each <x, #x)> in D, DO
x s o(x) = o(net(x))
FOR k DO
8, =0, (x)(1-0, (x))t,(x)-0,(x))
FOR j DO
8,=h,(x)1-h,(x) 3 v,3,
: w=u;; ngpﬁs w=v,(a=0)
Wotart-iayer, end-tayer <~ Wstart-tayer, end-fayer * A Wstart.tayer, end-layer
AWotart.iayer, end-tayer < I Send-tayer dend-iayer
= RETURN lu v

(e.g., 0.05)

E 01 ) ok _
W, . =W. . =135 X; = = t -0 =0y
i =0 0o, 00, 21-6%:‘)5[1 ) oz,
—_(t — 0z,
(tk Ok) ﬁ =W, ,
h
0 do(z,) 5
8,=0,1-0,) w5 00 _09(Z) _y 1 o o0,
" " " keo\%&(h?.k ‘ 0z, 0z, (€ ) Tn =0,(1-0,)
W, j =W, =176,
o, _ 0 Wy, . a2, O Wi _
OWj oW, ! Wy, oW,
= Backprop (BP)
. ANNs backprop ( )
= Backprop:
. ( )
. momentum .o 1 (e.g.0.95)

Awstirt-layer, end-layer (" ) =r 6end-layw ond-tayer T al W start.layer, end-layer (" - 1)
?

. : D ( epoch )




Feedforward ANNSs:

feedforward ANN
Boolean function @ " . AND-OR )
bounded continuous function ( ) [Funahashi, 1989;
Cybenko, 1989; Hornik et a/, 1989]
basis functions;

= ANNs : Network Efficiently Representable Functions (NERFs) -

[Russell and Norvig, 1995]
ANNs
. I ( weight space)
. ( )

( heH , heH sie, )
( )
backprop (BP) ( )
( ):
stochastic gradient descent :
; mixture

ANNs Bayesian learning (e.g., simulated annealing) —

natural gradient [Amari, 1998]

i ANNSs

Error

Truiniog set crror <
Test setemmor  +
« N h , worse on D, better
5
"y
LE N Mwmm
- 0.03
L 002 [
(cross-validation: holdout, 4-fold) oot b
. : weight decay 0
0 1000 2000 . _301_’)(] . 4000 5000 E000
Error versus epochs (Example 1) Traiuioyg itertions
T Error versus epochs (Example 2)
s Training set error
a0 . Tosl st orror +
0.008 b
0007 B
0.006 hl
—
0.005 Pttt B
0004 %"Wa% 4
0003 | i S — 1
WMN»@M‘«W.«MWM
oo e, Ty
0 2000 4000 6000 8000 10000 12000 14000 16000 LE000 20000

Training itcrations

ANNSs

(“underfitting”)

NN
12
attribute subset selection (pre-filter wrapper)
cross-validation (CV)
Weight decay:
/ : random restarts: s addition and deletion




E(w)

E(w)=>

Z Z(tk,d — 04 )2 +j/;wj,i2

deD keoutputs

(tk.d_ok.d)z+ﬂ z [atk'-d B

i oyl
deD keoutputs jeinputs aXd aXd

;

= ANNs

Feedforward ANN: (¢ + 1) = net (X(9)

[Jordan]
[EIman]

X<t Ut+1)
COAESD AL+ 1)

ANNs
. Elman, 1990; Jordan, 1987
. Principe and deVries, 1992

fcen

()

() Feedforward network

fen

x-1)  eAr-1)

-1

S

(5) Recurrent network

Neuroids [Valiant, 1994]

spiking neurons [Maass and Schmitt, 1997]
temporal coding

rate coding

[Stein and Meredith, 1993; Seguin, 1998]
spiking neuron model

. Mozer, 1994; Hsu and Ray, 1998 ©@Recumenvetwork D 77
unfolded in time
]
Input Output
10000000 - 10000000
01000000 - 101000000
00100000 - 00100000
00010000 - 00010000
00001000 - 00001000
00000100 - 100000100
00000010 - 00000010
00000001 - 00000001




Input

10000000 - = .89 .04 .08 @ -
01000000 - | |.01 .11 88 |-
00100000 |~ | |.01 197 27 |-
00010000 |~ | |.99 97 .71 |-
00001000 |~ | |.03 | .05 .02 |-
00000100 |~ | |22 .99 99 |
00000010 |~ | |.80 .01 98 |-
00000001 . | |60 94 01 |

Output

10000000
01000000
00100000
00010000
00001000
00000100
00000010
00000001

0.9
0.8
0.7
0.6
05
0.4
0.3
0.2
0.1

Sum of squared errors for each output unit

Higklen unbi encoding tor input (00000

1000 1500 2000 2500

Weights from inputs to one hidden unit
T

500 1000 1500




left strt right up

Ift stt riht up

Bayes

* ANN

. knowledge analytical learning ~ ANNs
- Knowledge-based neural networks [Flann and Dietterich, 1989]
. Explanation-based neural networks [Towell et a/, 1990; Thrun, 1996]

. uncertain reasoning ANN
ANNs
. [Pearl, 1988; Heckerman, 1996; Hinton et a/, 1997] —

= ANNs

= Markov chain Monte Carlo (MCMC) [Neal, 1996] - e.g., simulated annealing

. - ?
= ANN

= ANNs

rule extraction
. decision support KDD [Fayyad ef al, 1996]
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