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Basal Dendrites.

Synaptic Terminals

The Pyramidal Cell -A Common Neurow

http://www.emc.maricopa.edu/faculty/farabee/BIOBK /neurdrwing.gif
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Hodgkin-Huxley

Cn’ % = 7gL(V *EL)fgm,mzh(V 7ENH)7gKn4(V 7EK )+1 |
dm
= (V)a-m)- B, )m | III
dh |
= (P)=h)= 4,0 " R
dn - S
E:an(V)(l—n)*ﬂ”(V)" ’ -
K —
v m, h(Na), n(K):
| McCullogh-Pitts (1943) h
' K &
e DA
O O i:
1 ifiw,x,>0 O‘L;\Q <
-1 o?ﬁerwize <:1
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Autonomous Land Vehicle
in a Neural Net (ALVINN)

"No Hands Across America

2850 50

. 70mph .
http://www-2.cs.cmu.edu/af s/cs/user/tjochem/wwwi/nhaa/nhaa_home_page.html

ALVINN

Tyl T e —ied

s
[

http: VINN.htmi

. NetTalk

= Sejnowski and Rosenberg, 1986

= Backprop
.
stress marks
= 1000
L
. 1 7- H
distributed (i.e., sparse) : 200 bits
. : (e.g., “voiced”),
= 40 ; 10000
L]
. : 1463 1024
= 78%

= http://www.boltz.cs.cmu.edu/benchmarks/nettalk.html (1999
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y2=| y2 | 3= Y
i) vs=105 )
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y y%=f(w1§.xz)
y; " vz =S (ws,x3)
vi) vi=F(wx,)
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Hopfield

Kohonen
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1if Y wx, >0

i=0
-1 otherwize
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= Rosenblatt

= AND, OR, NOT, m-of-n "
YOR if wx<OAaxePthenw« w+x
- eseif w-x>0AxeNthenw<« w—x
1, . R PN
+ + r.e., $w ("xeP njix>0-"""xeN wix
+ B}
80)
+/.
|
| |
| |
. XOR n
. 1 ,
. EW)==3(FW,x)-»)
Nr:l
|
| | n 0
L] {(x,,y‘)llStSN}
n y=F(W,x) -
1 N u
EW)==3 (FW.x)-y) E(W,)> E(W,)> EW,)> -
N'= WL W, W,y

. E w




OF

J —
Awi __77' aWj (W)
i
w/" =w! + Aw/
or Input Output
10000000 10000000
01000000 01000000
00100000 00100000
00010000 00010000
00001000 00001000
00000100 00000100
00000010 00000010
00000001 00000001
Sum of squared errors for each output unit

Input Output

10000000  — 89 .04 .08 - 10000000

01000000 - 01 11 .88 - 01000000

00100000  — 01 .97 .27 - 00100000

00010000  — 99 .97 .71 | 00010000

00001000 - .03 .05 .02 |- /00001000

00000100 - .22/ .99 .99 |- /00000100

00000010 - .80 .01 .98 |- /00000010

00000001 . .60 .94 01 |- /00000001
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[]
[ or .
[]
- X
= Rosenblatt 1962 ey =
[ ] = Minsky and Papert 1969 s &
= | oL s
- | ' i [P
| H =
H ! gl
B
[F1
il
[ame
| Xp=1 n |
X4 wy 1if > w;x; >0
Wo n 0(Xq, X5 Xy)= .Zn: o . X2 X2
Xz w2 w;X; +
o )3 ; o /:'—:\ -1 otherwise i )
: C O :
WO Vestor  : ofx)=sgn(x,w)=]' W X>0 X X
’ =SIMEWIT 1 otherwise - )
Perceptron:
Example A Example B
. Linear Threshold Unit LTU)nor Linear Threshold Gate (LTG)
. net input: net =Y wx, .
=] .
. threshold function ( threshold 6 = w)) . (McCulloch and Pitts, 1943)
. activation function = eg, AND(Xy, X5),  OR(Xy X5),  NOT(X)
Perceptron Networks
. weighted links w; = &g,
= Multi-Layer Perceptron (MLP): -
I = training Rule I i
=____ lraining Gradient Descent
. . ) .
" ) . Train-Perceptron (D = {<x, {(x) = o(xX)>})
Hebb Hebbian Learning Rule (Hebb, 1949) . w /" 0
i
. : active (“firing”) . . WHILE DO
= W= W+ o0, r learning rate FOR xeD
. . . o(x)
Perceptron Learning Rule (Rosenblatt, 1959) FORi=1ton
- w; < w;+ r(t - o)x; Il perceptron learning rule. r is any positive #
" (Bool, Boolean-valued) : . theH -ie., linearly separable (LS) functions
oW e wdw, . 969) Perceptrons :

Aw; =r(t—o)x;
t=ax) , 0 W .
.1 o r
= D linearly separable , .r

Minsky and Papert (1!

parity (/- XOR: x,® x,® ... ® X,)
eg., symmetry, connectedness
“Perceptrons’ ANN 10




= ) =1if wx, + wox,+ ... + w,x,> 6, 0 otherwise

. consistent (i.e.,
= 0
- ¢ " )-
. ) , Minsky and Papert, 11.2-11.3
oaX) . . 1 ?
. disjunction: o(X) = x;/'v X, v ... v X, v LlnearIyD:f:;r:tble (LS) - 2: ?
= mof m o(x) = atleast 3 of (x; x5, ..., X,,) 4
. exclusive OR (XOR): a(X) = x,® X, X .
. DNF: o(X) = Tyv Tov oov T To= LA fyn o A, X .
. ” o H n — Minsky and Papert, 11.10
. ? ? ) ?
. ? " 1:
- 2:
: | Delta/LMS (Widrow-Hoff)
I I ‘
gradient
. _ 0E OE oE
n VE[w]=| 2 B seees
of#)=net(#)= S w,x, bw] [5w,, oy awj :
i=0 i
T % H""‘-—-—.—.—uﬂ""
Aw =-rVE] [w]
. : D oE
Aw, =-r
. : sum of squared error (SSE) ow; -
] errory ]~ 1 3 ()0l | Y ltx)-olx)f
25 ow, ow, |23
? 0 Lo
- 5] €e)-olo) o)
. xeD| ow;
- - =2 [(t(x)-0(x))-x,)]
xeD
ie. E (w)
Delta/LMS | Delta/LMS
| |
Gradiient-Descent (D, 1) . X2 X2
. , X (x) <X, ((X)> .r (e.g., 0.05) : +
. w; +
= UNTIL DO X,
Aw, 0
FOR <x, {x)>in D DO ; - _
x ) o
FOR w;, DO Example A Example B Example C
Aw; « Aw;+ r(t - 0)x;
w; <« w;+ Aw; -
« RETURN w = Example A:
Delta :
= Example B: ; delta . 3
' . A . . = Example C: ; delta
. : . nonlinear activation functions ( transfer functions).
w= xeD
- w 0E
= Delta : error= (i.e., = )

H




.
= UNTIL DO [ |
1 VE, W]
2 - rVE ] -
= RETURN w ) - or
] ( online)
= UNTIL Do L]
FOR each <x, #x)>in D, DO
1. VE, W] =
2. W w-rVE,[W]
= RETURN w u
. =
n
.
. r
| Output Layer | xp=1
] X1
. : sgn(we X Hidden Layer X, o(*)=o{x «w)=0f(net)
activation 1 sgn
© b 7 o
. Multi-Layer Networks Input Layer \AJ
n
. : Multi-Layer Perceptrons (MLPs) X, w, net = Zwixi =wex
multi-layer feedforward network =0
hidden layers, output layer < sgn(we %)
. : .
- : (e.g. 1 =2- ( )=3- (ANN ) . ( transfer) : sgn 1
" ( ) ] S, sigmoid ofnet)= et
« MLPs: . ©.1 +e
. ( ) ( .
= 3- multi-layer ANNs NP-hard (Blum and Rivest, 1992)
= MLPs:
. ( )
. -intensive Hyperbolic Tangent
sinh(net) e™ -e ™
t)= SN
ofret) cosh(net) e™ +e ™
| E OE  OE } |
. S
w, ow, ow, OE OE 0z, 0o, 0z,
. - &=
W, keoupain) 02, 00, Oz 0w,
=)\
0, (¢(%)-o(x)y } 5, =0,(1-0,)(~(t; —0,))
OE 01 2
w, . =w, —1J X, = t,—o
B i =W O do, 0o, 2 ,(%,:,,(,,’ 2
= a
= -0,) E_,
2o,
. . do, 0oz
Si=0-0) Ywuo, L 20, ) @000
; = keourput (h) 0z, Oz, oz, g g
L] J =W, 0, R
Oz, _ 0z, _
\"-\..____‘____'_,- ow,, ow,,
w,  ow, i
.

e = Zlt(a)-olx) folakt-o(x)) .




Error-Backpropagation Algorithm

Train-by-Backprop (D, r)

|
Backprop (BP)

. s X 1(x) <X, {X)> .r (e.g., 0.05) -
. w; . : ANNs backprop ( )
= UNTIL DO
FOR each <x, #X)> in D, DO = Backprop:
x . o) = alnet(x) ) ( )
FOR k DO
5, = 1 = __ momentum Lo 1 (e.9.0.95)
=0, (x)(1-0, (x))t, (x) -0, (x))
FOR i D0 BW o ayer, ami-layar( '8 g tayer Aona-iayer + OB W.ﬂ:n-hyer, end-layer (n-1)
5= h/(x)(1’h/(x)) Z viud; ) .
=, g - - . 1D ( epoch )
: w=uy 5 w=v(a=o0y ( )
Wotart-layer, end-layer <= Wistartdayer, end-layer + A Witart.ayer, enc-layer
AW tart ayer, end-tayer < T Send.iayer end-layer
= RETURN lu v
| |
- .
. feedforward ANN . ( heH heH ‘ie. )
Boolean function “ " . AND-OR ) ( )
bounded continuous function ( ) [Funahashi, 1989;
Cybenko, 1989; Hornik er a/ 1989] = backprop (BP) ( )
. : basis functions; ( ):
= ANNs : Network Efficiently Representable Functions (NERFs) - stochastic gradient descent :
[Russell and Norvig, 1995] . mixture
= ANNs .
- ( ( ) weight space) ANNs Bayesian learning (e.g., simulated annealing) —
. ]
= 0 i.e
]
. natural gradient [Amari, 1998]
| |
L] : L]
= A h , worse on D, better " .
= . (“underfitting”)
. : NN
(cross-validation: holdout, 4-fold) .
. : weight decay =
Error versus epochs (Example 1) —— “ 12
ey Error versus epochs (Example 2)
. ]
.- . attribute subset selection (pre-filter wrapper)
) _ . cross-validation (CV)
& - — B Weight decay:
w e

/ : random restarts: N addition and deletion




2%

= eg,

( Penalty Factor w,)

IR CE R S st
(%t(x))eD keoutputs' start-layer,end - layer

- - ot (x)
t,(%)- 0, (%) +w, [L -k

Connectionist Speech Recognition [Bourlard and Morgan, 1994]

}

| focn preen

ANNs &
= Feedforward ANN: (¢ + 1) = net (x(9) )

. =0 At £

@) Feedforward network (8} Recunent network

faoes

. [ordan] %
. [EIman]

)

0
o oo
A< AE+ D) e ey )
. ANNs =1y i
Elman, 1990; Jordan, 1987 %
Principe and deVries, 1992
Mozer, 1994; Hsu and Ray, 1998 Xem e

™

(©) Recutrent network:
unfolded in time

= Neuroids [Valiant, 1994]

spiking neurons [Maass and Schmitt, 1997]
temporal coding

rate coding

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

ANN

. 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 et a/, 1996]




