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Z7F ArE o] gk}, A RE old = AW A A EF GIFe] wo]=
540l glo] A4t AAHe & FAE AAA S B AFA = AgtE
=1 W Al(restricted Boltzmann machine, RBM)¥} #& 2R3 7]
FH 27 G842 890& Ha= sges HE golsta ¢ Yol

M2 A3 v 2 2] (phase change memory, PCM)9] AW o] dglo] &
o]Fo]z spike neural network-restricted Boltzmann machine
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multiplicative noiseE 7FA& A2 dAsa MNIST 2 3 858
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F80o] : A3 W 2 (phase change memory), TE2EEYE AFEH
(neuromorphic computing), Al'‘#¥ A& (synaptic sampling), 1/f
=90 Z(1/f noise), ¥l (pattern recognition), x=o|=Z x4
(noise model), A gd B =7 # 2l (restricted Boltzmann machine)
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(linearity), & A (symmetry), endurance, retention 52 4
GtH[17]. 3], AFAF PHAP L dtso Wty AES A
S ol wEEY AFEY Ay AEE T8 84ot[18].

g8y gAE Ay Az g2 ofd 21 NVM Al Y2 A= &
2 A9 =9l Z(noise)E 7FA L Ut PCM3¥} RRAM GolAl S35
(frequency, f)ol ¥®HH]#3}+= power spectral density’} @A

(1/f noise), °o]&= AY¥W2Y 7FAE 9S W(read &2 o= Z 3l
H2 A AYH2A7E A2 9t [19-21]. o]# gk ofdZ 1 NVM
AP Aol o]z EAL wREY HFHAA gFo Q4%+

multi-level AYEAE AH3sl= Qo =w zgs = Ar}. wabsd &
42 gFE 8l ofd=a NVM AlY 2 &xbe olzx XS &3
T 32 dAe EelA HAsE e ATV JPHJAG[22-23]. =

olz25 A= AFTES WA composite FES] AAE A FEAY
E3E el AR AEe ve T ARY Vhes T olHA 1
ARE wolz== Z2HE af 5Aol7]el OK 2=7F obd o] =71y 3k
SAolth v oHd o] fFERE ddl ofdE T NVM AW Axpe] w0
=22 oAeA ¥a o3y FEREY AFY dAakd ogsE AFERE
ARbE AT [24-27]. A H2=9 75 A7 shbe] gro] ofd dAE FE
B ¥ E 7}A &= Bayesian neural network® RRAME] 1/f noiseE A&
3to] 31 MRAM A AF9] energy barrier® Z4d3dte] Eo0]o = ¢
27 AEe W Felo A2 sdEdom zda= Ay AsEY
th, a8y R dwA APddTE & H <5 (on-chip learning)o] o}d
o malel o] A H AL *‘X]Oi FEGANAY ALEEHATE S
7F EA190aL artificial neural network (ANN)ell =gtd AGF+HA ), FEsH

EJ—L
FowA AgdgE ofgdEI NVM &xe] molz 54& FW
selectorel] AL3lg 7)o 7] AlW2mr =089 v Avo 377}
A HAE7 grolA = A7 A E A

ode] ¢ ATE B obdR 1 NVM &xe] wol= 54o] FEA
(stochasticity)S 273t 574 neural networkoel]l &32<l ol



getgla, ol 54& AWaw Agsiy #2714 Ao T glo]
Eas 748 5 Ag Aole dgan
o)

kA 2 AT A= gFste )
G AgE E=wk HAl(restricted Boltzmann machine, RBM) W E
Y] obdEIT NVM AW 2749 wmojz= 548 #gHrth ofgd=
AW 2AEE PCME AMEdlom HAAdA e (amorphous
state)oll A 1/fell Wl #sl= =ol= S54(1/f noise)= ©]-&3th. ol =1L
A2 o] wol=2E AFEE UES AT A4t 7hedA Zlshr] ¢
gl RBM 729 AlEdHo|HE AF&3te] MNIST = 3 &5 2 F8 4

g QA o, RBM AEdolHE A4 s=slol 543 f13)

A AA R ARG o2 Bal X AT A4 PolAE ABD 5
&< A4t

AlEY ol A38S F3 RBM FRo|A9 ofd 21 Al o]z H
9 AFAEe WA shebgon wol= Hibe] wel MNIST #& 4% 2
g, % deelde] JoEl debd e selgrh Y, o= mdl A
o 7% RBM txold A 8d te mass 9w shgel o)

3
global minimum®. 2 7}A %3F1 epocho] XA F= A7 746

= LAV S Y. & Aol oy d A dds
Asta HA3 74 (optimization)s Aldste] ofg =1 AW Ax}e
rolz BEAES AFESHA] & 7S Rd vt A5E RS A
th o]lE &3] wol= Rdo] FUAQl I EE AMESHA] Feve HA
oA 329l FH(clock), &=3tola W= (frequency) HAEE H| 1}
7€ RdET ¢ dquxHoer g&49 ndgls Il 3 st
& dst= d Ao wHe &84 Aol Z4ZA<QA RBM F300 A
2 AFY wolx Rdo] e w3l &S sigmoid FEY gEH
71ak Ael R Akt = Q=R 243 numerical Al E OIS F &
31 ST



A3l w22 (phase change memory, PCM)&= W E 53 &£4- =2
AE, EEAQ AdY ARE AW Rl At fHe SRR
A AA $H[28-29]. ey POME HAAE AHoA wol= sue

]
2] % (noise spectral density)”’} F3<=(frequency, f)oll uwkd] & 3}+=
FAIE Fogle U/f o]z 5Ao] Qo] ofd = A YA AR AL E
= Aoz e thFig 2.1)[30]. PCMe] o] =& wxa gt
< v HAAA AT gho] obd WA AYHAE ATt} o]

=

= PCM9 multi-level A]|W 2= F3E Aa)sle] ojd =z Al WA A2

A PCM= AHSE do) a3l wREE 5d ddbs Wi

=2 I A= (scalability)9} wWE 2 £EE Hole ARzt B
SbeTez> PCM &8 =04 F5al 9l =20t [31-33]. HIZAA 4
Bf o] ShyTesoll = 1/f o]=7}F 9o o] two-level system(TLS) ©]
ol A% daA dv. 5 22 ol Esfi(trap)e] #HEe= <
d e dEEE 7= F A 54 ZH AolE ®Esks 4ol U
vy ofe] TLS AH 2302 1/f wol=7} of7l¥= Ao [34]. &

sk PCMol A #3F A3t #F E4Hfinite normalized variance of
current)S AW3t7] Y& A F3(cut-off frequency)& F713F &
22 13 mo]=(finite noise)= °o]AAA = A FoFE AT 5 3

tH35].
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2.2 Agd ExdF A

221 F9= Y ES=

F2d= U EY A(Hopfield network)®= 19821 John Hopfield”} A<t
3 neural network@A EE jrelo] FkAd o] AlWAE VAT e
TZo]th(Fig 2.2)[36]. Content addressable memory A &< 7}A 11 &=
25 HEQA: 549 7teAE 1A BRE Adsty & A
gel ¥ dHeolgrl ol Ao dUuAE HAsbst= dHE Fobrt
= EAo] gt} T YEYAY FHE F8 AHeHthreshold)d 23l
T2 (2.D)F 2 vtolyg AHE 7HA L AT FEE UEYSAY 57
2 AW A= A (2.2)8F 2ol AAEM 2 (2.3)9 dY
A7y HAE7E He wegor F7)4 dgo] o H At

z; =1, if Y wz; > 0,
YET) 7 (21)
z; =0, otherwise

Wi; = 2(222'—1)(22]' —1) (2.2)

5,7

E== Zzz’bi - Z.Ziz Wi (2.3)
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| 7
- f —-—Present Model

----Linear Modeling

| |
0.0 0
Membrane Potential (Volts) or "Input"

NEURONS
Mean Firing Rate or "Output"

Fig 2.3 25 HEYAE o|F& wdo U3t &&. Present
T

Model®] 1827} FH= HEAND = 558 [36].
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2.2.2 Ex% Al

=7 W 21(Boltzmann machine) 19859 Ackley”Z} A<t neural
network®=A FHE= UE=S} o] BE rddo] FAFAHL AWAE
ZEA AL e FEolAIRE " o] gE4Ql hidden FwHOE o]

2 7 zo|th(Fig 2.4)[37]. Hidden FH< Al9ja 7] FAL

o]E 7} 501 9= visible w#Holgta 2w hidden 7w visible
)

RS
i

o] HolEHY BEIXE o =3 o
7} A3 e Weko g o] AEgE =Y Exw vl oA =
2l (2.4)x ¥ visible 772 ¥ hidden FF#H e F&Eo] 9L ¥ SI

9215 F s,

=2
A

Mo o o 9

E(v,h) =— Zvibi - Zk:hkbk - Zvi”;'wij - Zklvihkwik - ;hkhlwkl (2.4)
7 1,7 1, ,

o)

ol =] 3Eell 7]ukste] visible @ hidden Fwele] AdHE
(joint probability distribution)© 2] (2.5)xH Yed 4 i
&% ¥ (marginal probability distribution)E %3l 7z} 7o &S <o}
)
=

+ e,

e—E(v,h)
p(v,h) = —Ze_E(m’”) (2.5)



Bz Wiy Fgd= vEYA g ZF AojHe FEA
(stochasticity) & U E o] 714 grt= Aojth, B=uk vjale] st 7
7, A7 kAT AEHE HAE W pnh)E AAT Foz Forgl

T AT

ARt visible 77# 2 hidden 7wl Z+7te] &2 AAHA &
[38]. ©l& local minimumel] ™=2 U+
minimumo.% 7FA 3k s o]l "y Fig 23049 Aol &&54
T SA4S "HA Jdo T2 HAY oAm el frrlo] ®
o Stk
Al Hde delH e 7HsE(ikelihood)E # s}
b= WEor oA 5 R Jheke  AMeA R (gradient
descent)= AHEET. ol& A o= AHestwW =AF FE p(hlv)OH
sk A $+49] expected gradient &3 Aol BE A gk
AZSE p(myn) NIA T4 expected gradient 1"’%% 2 UEA
Wefgk o Adtel Bashr] Wi AXHoRE EIle
st o] sfZAsty] Yal mtEmE Ao EH 712 EMarkov Chain
Monte Carlo, MCMC) W2lo] AF&¥ATH[39]. o] visible wH 9 ¢
g 543 goz 143 F(clamped) HEYIE 3|AIA Alfree)
visible 7# ¥ hidden o] AFEE A vtRAom HHE F
a ko Alzdlo] b4 sty = Aol aH Y B2

wwale) ey
MCMC AE3e] 342 Bys Aug 2 s 47 a7 9

= &l g0
df EE T AFE B 727 5
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2.23 Agd Exv HAl

2231 A" Ex% 1Y Fx 9 EF

A sty B=uF wAl(restricted Boltzmann machine, RBM)& 19864
Smolensky”7} 7] EZ=% WAlo] dt5S FHdstA sV §&) A<kst
neural networke]th[40]. E=wqF WAl 7} H]$=3} 7 visible 7% 2 hidden

w9 F F(layer) o2 yFol Jda FEAHS 7w SHAS HAAT
visible?} hidden layerel] A+ £ 7 7w Alolodl= AW A
Axo] A grhFig 2.5). ol AH 22> T/ ¥ Alolo] AZo] gl
t}= Ao A] bipartite graph model?] Z9] dy

A= o Zow g4 (2.4)] Bl&) kel

- Zvibz’ - ;hkbk - Zkvihkwik (2.6)
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Fig 2.5. A|gtd E=wF Wl Fxo] BAE W
gl A2 91" dolE 7l o7t visible w7 d

ol =M A& hidden 7HE L3t
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Ao Hlzetrte AolA g
ok oA R Qs
o] tea s}, Visible w3
2l 3l A9 TFSAE HQHOE o)
= 27] 1489 d89%s 8 MEY S constructione] 2t skal U E
Jary AFEA WEHEE I}AHS reconstructiono] kil 3k},
wde] BXE(p(mn))E
HAAH ER7]el ol =4
& ¥, Hinton Contrastive Divergence (CD rule) ‘ﬂo“j,j% 27\ ske] o]
Hok TAE AP TH[41]. 25 B BEXE 4] S F3o] S
= T8E a7t va P FEHe ko AEH FEE T
7beshs At o]y d &35S CD-k rule °]gta v Hinton

Heol AEZY(CD-1)e2% RBM F+&7F 5#3] ol ¥ HoFh

O
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2.24 £3vola 7w UELZ 7|5t A

2.24.1 £37o]la w&E Y EHA

72 Ul E 9 A(spike neural network, SNN)+= A 9o Al
Ae "UHsA Ewele HEYAE dek e A4 W(artificial
neural network, ANN)¥} T =27 A7t AHRE X33t 5EAS 7HA| L
UTh ZFolaE 7o g FRr7}E olFsty] wiiEol] F7]4<Ql AlZhwt
AR7} AGstE= Zo] ol 8w A Y (membrane potential) 7} A <]
Hels wivt b5 So2 AHE Adets 5HS 7HAL ok wde
’\7H5] A3l E3] leaky integrate and fire (LIF) ®do] AA FH e A
=54 A fFAstve AoA FEa v LIF 7 2de o] Fd
7+ (pre-synaptic neuron)l Al 2= A9 2] F(integrate)d} #|5=&4=4
o= A= A Freaky), £8 AYgS dAdS A5 M2 &
A5 Wsl(fire)sts oz AFs, @)t
A9 (reset potentia) & Eo} 73 ms @99 FA|7
g B3 A9t WaskA 2 /e Mtk SNNe Fe 54 F @
s ELA AA7E 54 o|METE 9

ojZ7} v TR HYo] Holx T rrlo] W3lstA] o A[xH
= AEE A4S A e ol g FHelA SNN2 th&E ANNH
27 dx7t 3ugk(sparse) MEH A FEHE 7HAH st=foj&2 74
st A9 AdY 2 o] 7testtkeE G ol

3
%
1o
L)
2
do
rr
1- |

N9

—~
-
)
—n
=
a
O
—+
@)
=

<
=
©)

N
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2.2.4.2 o] E 7|48k CD rule

SNN¢| 223 RBM F+x2& d#AIZl SNN-RBM 271 Aty
lal ol¢} 7 71¥E RBM ﬁl}_«l Stevdagso=® AHEHE CD rule
o] Wste E7F9FT[42]. Fig 2.6°014 & 4 AdXo] AEZA<0 CD rule
< visible 77 ® ¥ hidden w9 ¥4 AMEd S &3l construction?
reconstructions At =2 1 8sl7] wjtol SNN#Z 22 ALA Q1 Azt
ol AF *]ig]oﬂfﬂb E7hs g WA ot

olgfgt FAHS FEs A UENZY recurrent 52 T3 AlHx
7t ‘?ﬂﬁ—.\—x—ﬂli Ade]Ex = olWlE 7]¥F CD rule(event-driven CD
rule)o] A¢tE A TH[42]. Fig 2.70] oW E 7|8k CD ruleg 7FeFslA 1.
Ath. Visible & #} hidden F7#o] 14291 A7k Sholl Al A&

WA AMEHS sl 5 Ao]E AlZ(gating signal)oll whe}
7V %7} S 7Hconstruction) =& ZA(reconstruction)dl= &
ATt 53] 7FsA7F F7F8t= long-term potentiation(L'TP)
3} long-term depression(LTD) A& & AA| Al WH2oA &4
spike timing dependent plasticity(STDP) WAl o2 FdIAFES &
T Uk
STDP fHlelE WAL 2uto]=8] AIZE xpolof] wrapa Al W29 LTP
o} LTDE 3sl= wpaloz T 7% 9 ~A3lo]aE o] 83l pair-based
STDP7} F=2 AF&H Il JUtH[43]. 53] AA AlHzoA SAHE A=
of EAolgt= HelA HE EWdtes wEEY AT olids KAt
o]z Jr¥(visible neuron)®] s} AJgko] o] % Jr#l(hidden neuron)?
st AlZF 574 time window el o] Exjstal o wi=thd LTP
7b dojupar, olef witE ol el syt u =g A ZEdod

=

ot N
K

Mo o o
[»
lo,

b i
al

E
e rz JW

>,

r2 iﬂ £ oo
&

o{c

LTD7} dojup= w2ajelth. STDP W& 3 AlW=e fdueoEs =
glol 79 AEzgoz dojur] wtol local learning® 35S Wil

o)
PIS
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Aw o (vh)data — (VFA*)recon

Fig 2.6. A% %A <2l contrastive divergence rule (CDy rule)?]

e U [42]

— ] (data)

A

post™ Vpre

—1 (reconstruction)

d
dt

Fig 2.7. oJWlE 7|9t CD rule® A= w2

EAE [42],

§E
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e

X

ar
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o
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=0
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o
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il

ols} ThEs €5 o]z

A7E AT

&

o] A7 AAE=

askel 4

i
=

2 white noise term=

=

°|

o

A3k Aol

22

ol
<
o
=0

i)

il

(2.7)

—gu; +L(t) +0€(t), u;(t)e(—0,0)

d%
dt "’

leak 719

a9, g,

o}
ol

o] ) 3 Al
09 =7

=

(4714

white noise term, [i(l‘)"i‘ A

7HA =

=
=

©
T
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RBM %o A+ visible layero| %t 918 AF{7F Eoje 7] wjio] AW
g A F(synaptic current) L(¢)7} ol® layer¢l Aol wel =274 74
@}, Visible layerol 1 378 9 L(#)$F hidden layerel 9= wd
79 L) A7 e 2ol AT 4 glrh
L) = [(t) + [(¢) (2.8)
d N,
S I'=—I+ qhﬂh]-(t) +q,b, (1)
i=1
L(t) = I'(t) (2.9)

d h__ h
Tongp b =4 2, 00+ ayy ()

(3714 [Ut)= <18 dlolel, [{t)E hidden layerd] A Zolo= AR

)

[]-h(z‘){— visible layerollA] w0l = AR, r, & AW A ¢&=

syn
AW 2e) 7VE A, b, (t)$F b,(t)= 242 visible layer$}t hidden layer?]
Hlolo] ~ & Fdsli= Fold 23lolA traino|th.)

T4 (2.8 (2.9%F T E wHo o= W A Fro] dH#H
So] N Aol o Adult= AL Fold = 9 =4 (27)S
Fokker-Plank 4 2& o]&3] &AstH 7

deE 2= AT
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0—u,
olug) =, + rmﬁﬁm"_@o dxexp(z®)(1+erf(x))] " (2.10)

Oy
(1714 p(u)E instantaneous firing rate, u, = I/g,= LA AF [

7 oEolge o

2
2,

d919 dAS d9Igk, r,+ refractory time,

s 2 2 -

Tm: C/gL% @_}Q/] }\]ZJ:)E}‘{’:7 %rsl‘t 57] ﬁ%, OV:O-/gLC7 W’f':
)

error functiong ¢]n|slt},

(1, =4ms)

250 [ .
(r+v ' exp(—B))
* p(I)

- p(]) apsy

(-
N
Ul

_20_

4-&of ot 5



232 449 Y32 32E o]&F IF xol= TH

g APATolM= RBM 729 &4 wilg 737 Al o5
wolz2® Ay 9= 3] E(random walk circuits)E T+&3HtH46]. Fig
2.90] yef %ol A mHed AZE A 2~E(linear feedback shift
register, LFSR)E A}-&3lo 50%9 &&= F 7H¢<9 #Yd HE F 3}
s 7hetar 1ol Agste] w7 3z 7 AE "HHEeks AHIAE
(capacitor)®] A3tE Fd = WHAA Y.
SNN-RBM %% %&a}z 828 3= Mgt sl=9o]= Fht
Bob 2709 A= offHA Sl 6T2R

1 d g4

A7} A2 %= forward LIF, hidden 7@ oA visible wH oz ~Aufo] =
7} AE ¥ back LIF (BLIF), o]l 9 CD ruledl wel AW
Aulo]EstE STDP 7|5S @9 dth AlY=e 49 PCMES A48
o PCM¢ LTP¢ LTD7} HW?‘W*, H ) 3 A o] ghi= o] Aol A X
A7) witol 271 l

7}y 7} 9] E%HX]iEi—g visible 7F# oA hidden wH o & 23}
7]

] 25 &3l differential sensing &2
AREEITE S oY JHY Y AE A2 HE ojYo] FRE ujA| st
BEA dite] Jhsete s '6}93‘\ C WHYAE oF wolz=® o] g}
AA 6T2R 7 3t=9ojolA MNIST F& A3 233 A7} Fig
100 Yok 9lom epocho] Fagol wpel HBwrt Hit 7592 FA

[1

O
2 2 o ot r\r m

01

dol & mud ABdHE Aol of
421 NVM A]w A9 ol mEE AL MNIST F& 4
8

€2 34 A9 el AAe] dwd

ol

£
o

A o]t}
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RiNDET ¢ i i I i T

Membrane cap.

voltage E'I'ime
—>

Fig 2.9. LIF wd 3 =2 ¢ gL 3= (a) LFSR
= %@k%%HL_%@ﬂQﬂ%éﬂﬁﬁé%ﬂzﬁﬁ

A 3= (o) dEA= 3= T2 o] [46].

90 —— Moving average of 6 epochs
|°\_°. 70 v e 3 . . : g _
8 60; h
2
s 40f
5 39— ;

20¢F -

10} -

0010 20 30 20 50' 60 70 80
Epoch

Fig 2.10. 6T2R 3t=4lo] oz A3 sk MNIST &% A3 [46].
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RBM 39 &4 s5e A el 9% wo|=& 71ste] &
AE Fosts A ool m Alfzae BEH 240E FrietE A7 A
P ATH47]. Fig 2.117 Zo] o]z FAoA ~delas E4 &

synaptic sampling

& + glo]
WEGe] wATL sl AWE AEd y
AWz A #8 TAES FA AEY
al

machine, S2M)o. & ™ w3t} L
WAl 3L o2 A o] sparsedt Al AEIS 71X

9 Aofakiin e 9

[e]

Preslydr;aal:r)ct]iﬁ Zore(t) L LLLLL L L1
Stochastic £(t) 1 0 10001 11 1011
Synapse &(t) — - | i ;
Postsynaptic Upost (1) A~ o~ ~A_  ~A_
Neuron ™ Zpost(t) | :

Fig 2.11. A1¥g A2 #AG2Me 72 3 &2 W29 o [47].
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Mg Ao A= S2Mo] RBM¥I} wpa7A 2 4= Y ES Fo FEX
LAE =YY E FF Ie o2 RBM¥e #AS wlugdvh(47]

multiplicative Xo]%9] X d A blank-out A

W AE
H—= il
MESZ el AvY dege 0o FAAY ved &

w lt+1] = Zé{;[t]z [t]ew;; + 0, (2.11)

j=1

(e 7] A gfj.[j]eo,lg 35 pE JMIA = HZ2Fo] ZZA2=(Bernoulli
process)o] L b= Hpolojxolt}, z e wft] > 0¥ WS JFew v
E "ol g gs 7HxH)

grlt]e N amg YA @40y wite FAFAY] we} &

T2 N3 0,10 434 F= pE 7HAAL dud #2 21D= t=

o 2o 7F9-AoHGaussian) 0.2 T T 5 9},

[t +1] ~ Ny, [t], 67 [t]) (2.12)

[t =0, +2pw2] z; o;lt] =p(1— p)Z(wUz][l‘])

wE, F b e g5 Py t+1] = 0|7t]) W o= 424

gom 4 (2.13)AH £dE Ut
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Plu[t+1] = 017¢]) = %(1+erf( 6,/;][;]5 ) (2.13)
b.
Zwi]-zj[t]-i-—z
1 . p 7 b
= Larers(f5ets e )

= S2M FZoA FHe A3t 4= sigmoid &7} oW error

functiono]#}+= #o] EAQH error function® rescalings =3 =#
¥ 3(logistic function)et WHsIoh & & ATk @A S2M
Zv BT WAy F5% BAE 7HAI om o]l Tk A o A

()
CD rule®] H&o] +a2TS vt

JJr1 TE HEYIAA AEY AE" 9 wH

AQN
mm,_.
ﬁm

quru

=

S o]
w3 FES —’F’%”—?QE Axker 4= A[47]. =4 (2.14)+= 4 (2.7)3%
i3 e}

H] 2=3} %] ¥} white noise term ©] = AL do1d 4 9},

C ot =—gu; + L(t), u;(t)E(—0c0,0) (2.14)
AWE AF L) 9A $£4(2.8), (2.9)9F vs=atA gt A H 2ol A S
g} o]

ol dojupr] wEel WEFo] ZRAAVE F7EE AL Blo]o] A
w7 obd 54 goew AgH AT
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L(t) = I(t) + ¢t) (2.15)

d N,
TsynE[iy:_ Izﬂ—’_ gz,ji(t)qh.h] (t) +bv.
J=1 g l
L(t) = I'() (2.16)
i h____ th
syn dt [ [ + Zév iy C]U Uz bhj

T2 (2.15)¢F (2.16)5 Tl S2M Al el &
gol gEgtEel AFH Fe AeE AL FAF
=
o

=]
2~ I=IhvA
ofF HiE

[(t)=p+op(t) (2.17)

(3714 5(¢)= white noise process, vie ol el 23 gdES ¢

e

TAao W AY AL Ornstein—-Uhlenbeck process®t H|<=3lth+= A
oA 2 (2.18)8 2L 7FAl¢ X2 Yed 4 Qi o] E 7|Hko
2 S2Moll A FH e w3l sStES 4 (2.19)% Zo] AL 4 Ao
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(2.18)

(2.19)

1 A3 SNNo &
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3.1 xo]2 2d& 53 MNIST g5 ¥ FE 249

3.1.1 A&l EA

AlgdelH = 2.3.248004 AFd 6T2R st=9 o

o]t}. SNN-RBMT%& E#3s= 6T2R H&
Fig 3.1 #& f9 A& 7FA 3 ¢lal Visible layer, hidden layer$}
37 PCM AW 227 222 v ofglo] g FAE gt o
gol= FAHE 6T2R A A A2 7ilah AWart A= WajshA S
S¢H o LIF, back LIF, STDP B4& Aasl7] wjio] uE7|=o|
o BE AL AAke]l Jheetth Wl Ao HA AlWAE Gpet Gme =
2Z = 2719 PCM &A=z 7450 A PCME reset IAo A 2] 1
3y EAS 93letr] Y& differential sensing B2 (G=Gp-Gm)< A}
&3

b
%
rok
>
e
hva)
o
m _,

=] ©
He

3T1R(-) 3T1R(+)
e = "'“: e ——— ——L- BLIF_WL
: T — LIF_BL G,| I
: L ~LF BL G, | &
: g A4 =2

— —g ] 1 —®
: T ! ; &
] H —
I o) i ! | R
T 1 =STDP_BL | o5
“EN e s—, v r Lt a1 ____ N v r 1 18 4
BLIF_BL G, |LIF_WL BLIF_BL_G, | LIF_WL

STDP_WL_G,, STDP_WL_G,
Visible layer

Fig 3.1. 6T2R PCM AW~ o] 7hefet sl2r [46].
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3.1.1.1 Al &l ¥ R &F

RBMT7%9 AlEdolgE zH7F 832719 7S 7FA & visible layer}
hidden layer®Z %o 2t} MNIST test& $3ll visible layere
MNIST Ao RS = 78471(28 x28)2] olu]x|(HolE]) ¢, A
=38t (supervised learning)S 13 4070(4x10)e] =22 o=
FlaL 2z layerdl= Hpoloj =9 kS =gk 8719 nfo]o]x
X s o] dok e rrio]l 107h7F obd 407HQ1 o]+
(training)ﬂ A E Fole AW olygt FE(inference) A
7ol 7hsAES Eol7] Aol

G}E-‘?ﬂoi s It ® wbEoX AlE#HolHe s HolA "2 Hol
(pulse width)u} 2z} #7749 A AA|Hdelay) S HF2 AT
. 3 PCM %49 SET(=LTP)3 RESET(=LTD)®] Z7|& 77t
Aot FAATIAY A2 fJHOlE Vke 2HE ¢ Qv &
Tl A= MNIST 35y 2 8 43S 918 1 epochd 100074] el
Z](100 images/digit)& 3t5Al

dE50]

i :lr

9
g, o

(=

o
7)a1 F2 g 1000719 T2 oW A&
AA st Aes s vk 24 PCM AW~ &22HGpek Gm)e 0%

.
10 Abole] AYEAE AR 5 e AHelA 77t

N
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A %
visible 79 ¥} hidden wH¢ 7l
(N, N,) 832, 832
ehl e TR 40
nfolo] 2 jrale] A 8
7] NHE 7FsA(Gp, Gm)el =3
(N.x ) N(5.0,1.06°)
g g 8 ouA 4 100
refractory time 4 ms
leaky time constant 1 ms
1 epochell Zd A ZH 100 s
AW 7hEX] o] W9 [0, 10]
el 27 A% 0V
Wl 2 A9 1V
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7} Fold BZ Y ~Auto]lA train® AAE Huoj 2

gkao] WrAsk MNIST olm[ Ao 49 Aarstd JA ulol 0.5 o] &4
Bgewt 2utol=rt yYe = uHiolye Ao r FAI. st=slof g
A 2 Al E Y olB = SNN-RBMT25 7FA L gl7] wi&el o|aE
719 CD rules gH5dugFoz ALE3th 2.2.4.240 A4 AF 3k vl
olatH ALAI Aol IE A|WAE HHOJE S17] fsiA AlolE 4l
s7F aga o= T Yl Fig 3.334% s=solet A Ewoly
= dlo]H w@A(data phase)?} 29 @A (model phase)E A& & HHE-5)
o A7) gtk AlWxol LTP7F dojuys= doly ©A e LTD7}

dojuvb= Bdd @Al g ofH| A& SsAl7I=H 42 g i S5k
o= 2.2.3.240A A|AlE wle} o] CD rules 3 WUk =

= Aol 71 TS Holy @A e Bdll whA Alolnt
Al(transition phase)’} EAst=d ol @A7F A ), 3=~
ol AR gk AW GHOEE WAz}t UEL A ~

o] XJAMLﬂ%(steady—state)i 7FA k7] f1§keltt.

= 3 gFo] B9 T FE FAAA AEHIE = AFA AAE oH|
A5 Bil Adgs 253 Hed g8 oA Ao w M we

of
Go) avfolart U gl Awtow A HT,
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Training v I
824 Bias 8

v N — POiSSO“
Hidden ) . spike train
N T4 for bias

Visible,//- 7 NN

Y L3, ' Y
Image 784 Label 40 Bias 8

3 £

L,/ Poisson spike train Poisson spike
é-( for image and label train for bias

[Data phase] only

Inference f I
834 Bias 8

> N Poisson
Hidden () spike train

— = - for bias
Visible,/ AR

ooooooooooooooo

b g Y

Image 784 Label 40 ' Bias 8

A} 4

1| Poisson spike Poigson spike
d{ train forimage train for bias

Fig 3.2. 6T2R A Edoly RAE 2 3H3 F2 3
ol 2ute] Az o7k WA [46].
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epochl | epoch2 | epoch3 | epoch4

; tr . ——data— tr . model -~

Fig 3.3. atute] o|wA & stsA]7]= W, LTP7F dojub= dHolH
SA 9 LTD7F dolus mdl whA, Al2eo] AAANE R 717 93
7] GAR ol FAA U=
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3.1.2 wolz Bl M7 2 A8

6T2R A EdolEol = Ll

ok S2M¥} vlszgk JEjE WA AARE A n

7)‘101 O]']d ;\(j%ﬂ}\_; ;(do?/] OO]:, é OE‘]D]»Q/] .\?j‘]-i %a]_cq }\]uﬁ.‘li %}1\4

(W) 918 AA7EE A3 Qo) o5 ABHHoR TH 7

98 multiplicative =o]= WAL o] &

o] 1o]x FF=HA7F 02 HFEZANA W
A

W ke FaE A

—a-
s A2 gk T2 3}

x N(1.0, 6%) (3.1)

Ao @ Ho
He')

S
7,
>
3
c
T
T
2
"

O -= N(1.0,02)

Fig 3.4. 6T2R Al=dlolg o] T3 wmo]= Edlo

B e

_34_

iﬁ-! -k"::|- ]—-li ""l. T]'I_



3.1.2.1 ¢}7] T& e o

W,a® 89

=
=

H 4,

O

,_lryl

o
-

{
o

frat

Aol A =

boh

S

3] Z(read circuit)® %4 7}5

-
) .

2 dl o] A

Atk 3 A

19}
A
<]

AR

1062 11

A

7k

2

u ¢ o}

o

Ed
109 o2 A

= Al

7]

=
=

W, A 9

e
=

read circuit

T
T

°|

2ol ). Fig

274

=
=

‘(1)4
»3to] 3¢ A (propagation) &iLg]

H
=

W;’ead'o/] ‘a BH
ol w}

oj
s

=
-

= K

l

o

-
-

)
1

1y 242w}

B

¥ E )

g%

/gx

ol
o
o
el
HH
o

Vise) #kol 1

W;ead (

14 10 epoch® MNIST

3

7}A mdof o
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0.05, 0.1, 0.5 9] 57}# A$-2 U+

o= 0.001, 0.01,

ol
b o,

H
5

A2

==
i

B

gﬂ

o] =
3}
=

-
-

S
=

7 x1E
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Algorithm. Algorithm of Noise model (Modell, Model2)

Input: Spike spk, Noise simga o, Model m >spk: MINIST data
>m:1or2
Output: Firing Spike new_spk
Initialize:
Viem €0 > Membrane Voltage
Vioise € 0 > Voltage applied to noise
Vi€ 0 > Initial Voltage
Va€1 > Threshold Voltage
W & N (5.0,1.06%) > Weight value of synapse
W, € 10 > Maximum value of Weight
W.,.€0 > Minimum value of Weight
a< 0.1 > Normalizing factor for voltage
new_spk € false [> State of new _spk
1: procedure SPIKE PROPAGATION
2: | while spkis true do
3: | | Vieie& Wx N (1.0,0%) x
4: if Vi, pice < Wi, X a then
5: Vnoisee Wmin xa
6: switch m do
7: case 1 > Model 1
8: if Ve > W, X a then
9: Vigise € W, o X O
10: end if
11: case 2 > Model 2
12: skip
13: | | end if
14: | | Viem € Viem * Vaoise
15: | | if Vi om 2 Vi, then
16: new_ spk =true
17: | | | Vinem € Vi
18: return new_spk [> Return new_spk’s time
19: | | end if

20: | end while
21: end procedure

Fig 3.5. kol= Hdlo] m& Avjola HAd Ao daugF
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Z] o
b N 4

—
fi%e)
o
o
M

P
il

_37_



Al g ol A

h -

3l Numerical

o] o
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i

o

d9 =2 3

< 2.3.249

o 5hi= A
7}, 2.4.14 ] W

SNN-RBM 229

JE

j .
-

obd @1 NVM AWz 24

s

R

ATl 3

=
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To-

ojo

il
NJ
N

of
Cl

£ (firing rate)
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5
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A dele] A
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numerical A E# oA Fig 3.6
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0
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—
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X
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fo=T0Hz=2 AP}, FolF: F3xo 74§ X2uola Alole] 314
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Random walk step y B
(+0.06, -0.06) 171.6 2.6853
(+0.05, -0.05) 138.5 2.8752
(+0.04, -0.04) 111.6 3.0665
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Abstract

Pattern recognition using the
intrinsic noise of phase change

material as stochastic synapses

Suyeon Jang
Department of Materials science and Engineering

The Graduate School

Seoul National University

In neuromorphic computing research that mimics the neural
network and function of the human brain, breaking away from
the existing Von—Neumann structure, analog non—volatile
memory devices have been proposed as synaptic devices to
implement the size of small cells and express the weights of
various levels. However, analog synaptic devices have been
considered a big problem in the calculation process due to the
intrinsic noise characteristics of materials. In this study, we
exploited noise property of analog synaptic devices as
stochasticity in that neuromorphic computing structures such as
restricted Boltzmann machine require stochastic factors.

First, we designed a model with multiplicative noise of normal
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distribution MN(1,6*) using the simulator of the spike neural
network—restricted Boltzmann machine (SNN—RBM) system
consisting of phase change material (PCM) synaptic arrays, and
confirmed computational feasibility through MNIST on—chip
learning test. Also, we found the optimal noise distribution, which
was between 0.01 and 0.05, and improved the MNIST learning
accuracy of the noise model to 79.7% by optimization. And then,
by analyzing the noise measurement results depending on the
actual PCM cell size, it was confirmed that a value between 0.01
and 0.05 1s a noise distribution that can be implemented in
hardware. The noise model in this study shows comparable
performance to the random walk model using the SNN—-RBM
system, which is the previous study, and 1s more
energy —efficient in that it does not require an additional circuit.
Finally, we performed numerical simulations to investigate the
stochasticity of the noise model and confirmed that the average
firing rate of neurons has a sigmoid function. As a result, it was
shown that the noise property of analog devices, such as the
intrinsic noise of PCM, can be advantage rather than a

detrimental factor to the neuromorphic computing system.

keywords : phase change memory, neuromorphic computing,
synaptic sampling, 1/f noise, pattern recognition, noise model,
restricted Boltzmann machine
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