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McCulloch and Pitts

= 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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» ¥E#4& (Hopfield/Boltzmann)
= HHEHEE (recurrent)
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= Spiking neural nets
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BB 18: McCulloch and Pitts

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 Bl

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

w “What fires together, wires together”
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LTEILTBIEVNS—BREGEZIE, GKALLRT
W3,

Hii-13#8&: /\—t T A Perceptron

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

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

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 52
MIT Press. Reprinted by permission.)
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. “Perceptrons" DEVWT. CONBFORERI20EEFLIE
LS.,

" if\ﬁ%: D.E. Rumelhart, J.L. McClelland, eds., “Parallel
Distributed Processing: Explorations in the Microstructure of
Cognition”, MIT Press, 1986.
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Rosenberg 1987.)
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Rumelhart et al [Parallel Distributed Processing]
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fBHE #5454 (Boltsmann machine)
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w 2120, FEMEE(0,1) DEFILHEELY
» RIRLE—FDHRAN, EINT SHE0
« COFEETIE, KEITRBLEITZDT.
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fHE S E (recurrent)

» ERRHEEE IRBEHEM (A — < ko)
= 1 time unit . A J1{E (feedbackfEHLE &) [
HOE ROFEHEEEZRDD
 BFRINODFE, TR EBREHNTED
 FERADB:XFH) LOBEK(HES)
(feedforward TIEFFERA AIEHRALY)

» ARREEEIFRSALY

GEDEE (Elman)

S = NPVP“.”

| NP — PropN | N | N RC

| VP = V (NP)

! RC — who NP VP | who VP (NP)

s PropN — John | Mary

V = chase | feed | see | hear | walk | live | chases |
ooen
A
/\
/ ‘\
/ \

feeds | sees | hears | walks | lives
Additional restrictions:

and (where appropriate) between head N &
subordinate V

® verb arguments:

’ chase, feed ~> require a direct object
L S— see, hear — optionally allow a direct object
t context walk, live = preclude a direct object
i
— SV LIZ10,000XERLEZTSES

JL.EIman [Distributed Representations, Simple Recurrent Networks, and Grammatical Structure

N — boy | girl | cat | dog | boys | girls | cass | dogs

© number agreement between N & V within clause,
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ARTICLE

401:10.1038/nature24270

Mastering the game of Go without
human knowledge

David Silver'*, Julian , Karen '+, loa , Aja Huang,
Thomas Hubert!, Lucas Bakerl, Matthew Lail, Adrian Hnlmn' \mnn(hen hmmmlm‘mp‘ Fan Huil, Laurent Sifre!,
George van den Driessche!, Thore Graepel! & Demis Hassabis'

Al ding goal of artificial i is an algorithm that learns, tabula rasa, superhuman proficiency in
challenging domains. Recently, Alpl\nGo became the firs program to defeat a world chaupion i the game of Go. The
treesearchin ing deep neural networks. These neural networks were
trained by supervised learning from ‘moves, and by rei tlearning; .
rul;l.lgon(lunbnsed solely on reil learning, without h d: e or domain

rules. AlphaGo becomes its own teacher: a neural network is trained to il Alph:lGa s own move selections and also
the winner of AlphaGo’s games. This neural network improve

‘move selection and stronger self-play in the next iteration. Starti e AR

A LT g o B A -0 B A T 0 P AL s b S A
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« B
« —E
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« HEHE

= Deep learning network

L ocron o 79 80
X FHDIEIZADS Z2HE /\—JTrhOYy
C.Xx=D3EEIC P
= N—tTrOV: ALEETHIDELNEELTLNS
- BREMERTF RORF/F
= FEEA—tEThOY: TR . ChA KLY |
= VUEARRFRE
» VOERARRFORYNTI—Y: EBA—tT OV EFIEND. RE
HEERFORVNTI—Y: SBA—tET OV T
. Knﬁifli BEIHEWTRLE o f= ) FRISHES
= A=t Trar
= Rosenblatt 1962
= Minsky and Papert 1969
threshold
81 82
\—t kA \—t T AV DREER
/N\—t7+AY Perceptron N—TITFAVDRER
xp=1 n X,
’ 1if Y w,x, >0 . .
n o(Xy, Xz X,)= = :
;w,-x,. /\F -1 otherwise +
/ X1 * X1
- 1ifw-x>0 - -
Vi W)=
edtor % : o(%)=sgn(%,w) {_1 otherwise _
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FERA = JIEEFRA training Rule
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Hebb® %3 Bll Hebbian Learning Rule (Hebb, 1949)

TAT7: LL2BOFRFHEAH &S active (“firing”) THIIE, EAFE(LEMS S
wy=w,+ro o, BL r [ZZEFHH learning rate T. EMTHD
WREBPHIC, FE THEATVS

IR—tE TV EF T LT X L Perceptron Learning Rule (Rosenblatt, 1959)

FATT: EAARIMLIZHLTHAENEZ 5N TS0, FEEZHLMNICEHTHI LK,
LFHNEAENTELLSITHS

2{EH 7 (Boolf, Boolean-valued) Z{R5E; E—/\—tF+OVHEF

W, < w, +dw,

Aw; =r(t—o)x;

BL 1 =cx) IZEBHAE, 0 &/ 5—tTrOVOREOHHE, r FFBHRE EXRTHNLEE

THR. ITELDT, Rl /SA—tTrAVEBF7LITUXLTHE, r EFE

D HA$REISY BE T BE linearly separable THAIE, UK T 5. r B+ INSNCEERUET HHHLH

BHENILIBY 8

N—tTrar2E7ILT)X L

Bt/ 9 EM T Gradient Descent 7 LT Y X LTHD
« COTATTIE BEGRBEEAVAE, BE2T IR ST IcLEMRT
7 L3 X Ls Train-Perceptron (D = {<x, (x) = ¢(x)>})
. WEwEIVHLBEICHHETD /18— T RAVEFOIZHHMEL Th &L
= WHILE ELWMEAZELEWEHIHHS DO
FOR EhZThDBHlx e D
BREDOHA o(x) EHN
FORi=1ton
W, < w;+ r(t- 0)x;
N—t O ST T
« WE:heH OEEQHFBHE - i.c., HE S BETATHE linearly separable (LS) functions
= Minsky and Papert (1969) Perceptrons : S/ \—t T O O RB - EORAERLI=
. ERFETIE parity (1-Z 8 XOR: x, @ x,® ... Ox,) BABMARBETELL, LSO IXBEH
. g, BE{&M symmetry, connectedness & (FEB/\—EThOL T) RETELZ
“Perceptrons” MELVT ANN IR A 0FRCEN LW DML THM, ECETEEM,

Il perceptron learning rule. r is any positive #
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S) = 1ifwpx, + war, + ..+ w,x,> 6, 0 otherwise

o: BAfE

SE: D AMREISBARERE ST,
HEOBR c(x) MREDBATREL IR
®E disjunction: ¢(x) =x,"v x,'V ... v,

m of n: ¢(x) = at least 3 of (x,” x} ..., x,,") o
HEfhBY exclusive OR (XOR): c(x) = x, ® x, x
—f&D DNF: c(x)=T,v T,v ...v T,;

i T

O Linearly Separable (LS)
Data Set
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ThEERDOHZLLEDON? REMLEDOM?
BRMEOEELHNESHEDON?
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TIFOVEETLTYXLIZIRET S
3 BREMDSBRROHBIEFELLTNS (OB KAEEITHOL T - BB
Minsky and Papert, 11.2-11.3
« GEE L RERFETOFEERI?
- CEE 2 SLBREABEARETRTNEESHD DN
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o EE IIET—2RESEARETRTAE A~ T OV BT TR LIZEYEOND
HEAVMLIE. HEIEREENITBED. HELSBRAIMGL, HREGNIZBES.
FEB: LA ITHESHEAKEVFERNI LD LIEH DL, HERERIAE XS E
R ; HERBHORIT n DBFHIIFHEIZLS — Minsky and Papert, 11.10
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= BM 142 RVEMERRT 7 LT X LD
= B2 REOFNEBIIHLLT—FTIF v O
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= (Aa), (Bb), (Cc),... ELVIT—HERMEL. (A7)
EEDINFD =0 EEZD
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Hopfield vk —%
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