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Intelligent Machinery

A. M. Turing
[1912—1954]

Abstract

The possible ways in which machinery might be made to show intelligent
behaviour are discussed. The analogy with the human brain is used as a
guiding principle. It is pointed out that the potentialities of the human
intelligence can only be realized if suitable education is provided. The
investigation mainly centres round an analogous teaching process applied
to machines. The idea of an unorganized machine is defined, and it is suggested
that the infant human cortex is of this nature. Simple examples of such
machines are given, and their education by means of rewards and punish-
ments is discussed. In one case the education process is carried through until
the organization is similar to that of an ACE.
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B= SEHRERX

* XJFR" ERSIRIEX = [x;, x

2 xn]T

» EXBEERENHIREY = f(x)

- WRYRIrE, WSE az (
- WNRyRR™ LRYSIRE, N
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9y 9y
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dx4
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BaAR: ##ILUAN (Chain Rule)

* T EER () = f(g(x), BRISE

h'(x) = f'(9(x))g'(x) = f' (W' (x)

G

iRz =f(w) ER™, u=g(x) ERP, x€R", &}
0z B 0z
axx:a auu:g(a) xX=a
n p

A9 AN :
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» FEXAMHF:

y = o(Wyxq + wyx, + wiXxz)

* loss = (y — Yreal)z
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dL do dXx
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° Eﬁjtl:ll 5;11 5;2'5;3 € {(1;0;0); (0,1,0), (010;1)}
« HRERRRZN: IITTIRKRRAEN(MSE)
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h, In,,1 =Wy X X+ Wy X Xy + s X Xy Out,,] =sigmoid( In,,1 )
h, In,,2 =w, X X, + 1w, X Xy + W X Xy Out,,2= sigmoid( In,,z)
0 Ino1 =w, X Out,,] + wyy X Out,,2 1= OutUl = sigmoid( I“o] )
0, In, = wg X Out,,] + wy; X Out,,2 75 = Outo2 = sigmoid( Inl,z)
04 Inn3 = 1wy X Out,,1 + wy, X Out,,2 7= OutUS = sigmoid( Inu3 )
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) 5 loss
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Y1 }
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} +H3—)?
V3 } +H33—y3)°]
®

PRIESER  F AR

R lossXfw, BB :

dl dL dy, dL dy, dL dy,

W1 dW1 dyl dWl d},}z dW1 dj;_g dWl

dL dy;, dL dy, din, dOut, din,, ~dL dy, dIn, dOut,, diny,

. — . . . . _I_ . . . .
dj;l dW]_ dj?l d’”ol dOUthl dlnhl dWl dj\ll dlnol dOUch dlnhz dWl

dL _ dL dy, din, d. dL d9, din,,

w7 dW7 dyl dl”ol dW7 dW8 dy]_ dln01 dW8
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L X 2&1)||15.Demo

« A Neural Network Playground

DATA FEATURES + — 2 HIDDEN LAYERS OUTPUT
Which dataset do Which properties do Test loss 0.543
you want to use? you want to feed in? ini
Ll = a = Training loss 0.511
7 neurons 2 neurons
"
X, b 4
X, 4
Ratio of training to
test data: 50%
B —— ) p
7
Noise: 0 The outputs are
[ ] 4 mixed with varying
weights, shown
- by the thickness of
Batch size: 10 P oS
_
REGENERATE
Colors s
data, ne
¢ weight v
#
This is the output D Sho
from one neuron
Hover to see it
larger



https://playground.tensorflow.org/
https://playground.tensorflow.org/
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Demo

« Backpropagation Demo

Epoch: 1/1 Batc

h: 2/6

Backpropagation

b= -0.247]

‘X1=[2]\ ‘X2=[8]\

M

vdel

wy = -0.447 | wy = 0.026 I

Yo, = X1

a}/ 2:)(2

y = [0.5]

o,

L= -y

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



https://remykarem.github.io/backpropagation-demo/
https://remykarem.github.io/backpropagation-demo/

- 2

[ ENEHE

il
/HH}
\
/

(i

dE/dx,

SRS -

RBEUEAN, RTPILURE L5 <.y, ]
AL 7 — 1 =EAETR,
Yy
dE/dy,
L
ay| . . ay| . . Y Xy
JjEout(i) jEout(i) A
dE/dw dE/dw
Y2
dE/dy,
dE/dx,
v9

Wiz

Wiy

dE/dw

Wi3

dE/dw dE/dw

Y4

Xinput

dE/dx,

dE/dw

Y3
dEdy,
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Yiarget


https://shuaili8.github.io/Teaching/VE445/L6%20backpropagation%20demo.html
https://shuaili8.github.io/Teaching/VE445/L6%20backpropagation%20demo.html
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B MNE s B G 3E5E, HIESER| SEx, = [2;3], 7LH) st
X, = [2;1], x3 =1[1;0], FERAIMLEE ST EIE R R Gn R B AL
f(x) =sign(wix + b). HH¥I&En =1

x(2)
5 =
4 -
34 o)
X1
2 -
1 X
X7
0 X
1 1 XS 1 1 1
0 1 2 3 4 eh
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RYANEE 0 2S5 n)RR

1
ML

ORYEw® =[0;0], b =0, BRFIHREEAHER
T -
Oxfx; =[2;3], ([W(O)] X1 + b(o)) =0, 7RE5DR, HHwisb
W(l) = w(O) _|_ ylxl = [2, 3]
pD) = p(0) +y, =1
OXfx, , 2 ([WO] %, + M) <0, 43345,
W(Z) = W(l) + VoXo = [O, 2]
b(z) = b(l) + Yy, = 0
OXix,, 4rRKeHR, HEHEH
w® =w® 4y x, = [-2;1]

b® =p@ 4y, =1




H——ER =R 2E 70 25 AJR

Ox¥x,, #KIEH, Fxs, B, Xx, ik
w® =w® 4y x, =1[0;4]
b =p® +y, =0
OXfx;, RIER, XXz, £
w® = w® 4 yox, = [—1;4]
b®) = b +y; = —1
OXix,, 2RIEM, Ix,, iR

w®) = w® 4 y.x, = [-3;3]

p©® = p®) 4y, = —2
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D Xil‘xz ’ ﬁ'%’émﬁﬁ ’ X;‘I‘XZ ’ IE% ’ Xil‘Xg ’ IEB%
w® =w® 4y x, =[-3;3]

O f5 SRy
() = sign([~3,3]"x — 2)



BEHESHIR—=2RRAES

T BN EABA R ZER 2 Z AL, BRENAX = [x,x,]" , BREEAESHAMLIT
hy, hy , BRI Ay, Z WA B0

a2 W SO ReLU, Bt 2R ISR B 80, BCHEON L0, 0) = (v — 02, Uiy HARE, A2
B2 R BT LW Y 2

wggiew = [0 ', v=1-1 10, fAx =0 -7, Bk =1, WSk
RERUTW B -




Xt

HESHIR—=2 RRAES

y=-2, r=Vo(Wx), s=Wx, it5H A& &=
oc(Wx)=1[2 o]
=W =[2 —2]F
ReLUUE R £ I HG N

)

0, x<0
ag(x)={1 x>0

Ry sEGEN, B

JoL oL ay or 0L ay or
v ay agr 6VO 6y or 6V1

| =16 ol

"L dh, ds, OL 0h, dsp
X X X X
OL  |9h,  0sy  O0Wy, 0Ohy 0sg  0Wpy

GW o aL ahl 651 6L ahl 651
X X X X
Ok, X Bs; @W,; Ohy s . dW,.l

& 3
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7. (15 &) FERETEFIRNZ ZEBRMPER, TR—IRIERERITE, ETEIRE
y=1, iHHEHHENE w, Al wgﬁ@ff%fE;TLﬁn:TLBo BT A P 8] R e 44 45 AR B = AL /N
(1) ZZERRELEE

gz (D BE
1 2 3 4 5 6 7 8 9 10

w 0.6 -0.4 0.8 0.2 0.5 -0.3 0.7 -0.6 0.4 1.2

b 0.1 -0.2 0.05 0.15
(3) BUERE: o(x) = «?
(4) FFREHE: (x,x2) = (1,0)
(5) EShRss: y =1

(6) FREBUEMBITRE (MSE) : L = (¥ — §)?
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7. (15 &) BERETEFIRNZ EBRMPER, SER—IRIEREEITE, ETEIRE
y=1, itEHHENE w, Al wgmﬁ)ﬁ%%‘ﬂ%o FT A5 P 8] R e 48 45 AR BE = AL /N
(1) ZERRELEE

" B AR TNE: ¢ = 0384 (343)
g |
ot A E A - 66;7 = —0.410, :TLB = 0301 (% 34}
W10 > 5\’
X

: A5 4y, IR R B T A 40
L) RE

1 2 3 4 5 6 7 8 9 10

w 0.6 -0.4 0.8 0.2 0.5 -0.3 0.7 -0.6 0.4 1.2

b 0.1 -0.2 0.05 0.15
(3) BIHRE: o(x) =
(4) FFrREH: (x1,x2) = (1,0)
(5) EShRss: y =1

(6) FREBUEMBIITRE (MSE) : L = - (y — §)?
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O sigmoid fMitanh % sk BN SRS, I I 242 E0H 3R,

SHEM ERZIET0 o
W T - sqmoi
O i FiReLU & 13803% o 3% 08
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WA Z M4 (Convolutional Neural Networks, f##RCNN)
OCNNEL[JH T B Misb gl (B %) Bms, ERGKhE
LY N R
O FT2EEma M, CNNIESREER AT REINRHE, Bk
BRI 2% BE 5 2 Hit SR VE I Jy i R e bk
O CNNRKRE/D T A2 W% S 808
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BRI M4 (Recurrent

Neural Network, H#RNN) \IA\'/(
00— FIF AL B SR 1 7)‘\#
?ﬁ*éélﬁ]% Z; ] (t;:-l)

O e vr e MBS, =
Rl A A5 2 A\
ARG LB R MRS
AR

O &2 45 & 7 /I R
A HE R

(T) Walk:0.05
y e d
Handshake:0.95
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