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Warren S. McCulloch and Walter Pitts (1943) " A logical
calculus of the ideas immanent in nervous activity", Bulletin of
Mathematical Biophysics, 5: 115-133.
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Hebb Al

= Donald O. Hebb (1949) “The Organization of Behavior”,
New York: Wiley

u “What fires together, wires together”
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= Rosenblatt, F. (1957). “The perceptron: A perceiving and recognizing
automaton (project PARA).”, Technical Report 85-460-1, Cornell
Aecronautical Laboratory.

= Rosenblatt, F. (1962). “Principles of Neurodynamics.”, Spartan Books, New
York.

f

FIGURE 1. The one-layer perceptron analyzed by Minsky and Papert. (From Perceptrons
by M. L. Minsky and S. Papert, 1969, Cambridge, MA: MIT Press. Copyright 1969 by
MIT Press. Reprinted by permission.)
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Rumelhart ct al ["Parallel Distributed Processing
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Activation

Rumelhart et al [Parallel Distributed Processing

Word Level

HEHLE&EELICETHIE
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BHEFFESE (recurrent)
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S = NPVP*“."
NP — PropN | N |
| VP - V (NP)

N RC

RC — who NP VP | who VP (NP)

N — boy | girl | cat | dog | boys | girls | cats | dogs
PropN — John | Mary
V ~ chase | feed | see | hear | walk | live | chases |

HEER D
ik 4k

ok
xist intransitive (always)
Lesp
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ke
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| Jeeds | sees | hears | walks | lives on - ANIMATES
n ooen Additional restrictions: agen
_— * number agreement between N & V within clause, ™ humans
/A and (where appropriate) between head N &
/\ subordinate V NOUNS
/ \ © verb arguments: "
- chase, feed — require a direct object oc INANIMATES
3 C—— see, hear — optionally allow a direct object o fond
’ J— walk, live — preclude a direct object e
‘ " breatable:
) S— = N - 2z F:
- “SUF LIZ10,000X ERLFEESE S PR (UARFE) 0758 e
00
J.L.Elman [Distributed Representations, Simple Recurrent Networks, and Grammatical Structure J.L.Elman Language as a dynamical system Distance.
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JLElman Distributed Representations, Simple Recurrent

Networks, and Grammatical Structure
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= Rosenblatt 1962
= Minsky and Papert 1969
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n
1if Y wx; >0
n 0(Xy, Xz X,)= =

= /_\F -1 otheonmse

e i e

18—& 7B Perceptron: BE—=—2—OVODETIL

= B4 #$RZEAEFRF Linear Threshold Unit (LTU) or Linear Threshold Gate (LTG)
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= MANITHELTH H%EF 2B E F1ELEIH activation function EFFS

18—t F AV F YT —24 Perceptron Networks
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= Multi-Layer Perceptron (MLP): D7
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= MEEEIEL (McCulloch and Pitts, 1943)
= eg, BBGREETAND(x,X,), OR(x,x,), NOT(x)
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Hopfield vy kT —%2
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SOM Self-Organizing Maps

. EDHRF(EROF) . ANRF (ERORK) RIS, HEER
(F73LN.

. RGBIEZEANT B (EALERFF#EL, ANFIRT)  SAERFFRE
BIDBDH, SOM [EFRLBERDHEIET B, LML IRTERE2RT
ISHF> TN D LEEIEHD.

. ARIFZHDER, EHE—EORFIZHIET 5.

http://www.ai-junkie.com/ann/som/som1.html

B4 Kohonen ¥

s (RHRID) 2HRTDIYT.
s AAIF3IRITELZ, RGBICHIESE THRR.
o HE GRIT2RTEDRIS) [FTF L.

a) ANZEM

: e b) DTy T
c) mgw v

(a) (b) (¢)

KOhOHen? \\Jjo Sample appiet

s DANYIL—LIZKDTE

inputvalues: 10 learning cycle: 1792
inputlayer: 3 neurons Iearning rate: 0292987414306
mapsize: 9x0 newons  activation area: 0.499879749070
welghts: 243 elapsed ime: 48141 sec

| | Reset | Parameters | it

(You might need to click on "Reset" first)

http:/fbim.fh-regensburg.de/~saj39122/jfroehl/diplom/e-sample.html
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