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Chapter 1. A =

T252¥ 734 (Neuromorphic computing)2 ¢17Fe] 3¢ FR3F 7]
T2 B 2AAEeR Zgele], 7]EY CMOS 7|Hke] E7 et #H5F
Y (Boolean Computing)®] 3HAlo] Z=g3stHA Aoz we olds

ZFA 3 grka ®aE Qo).
E3v, AEH Ax GFxd FE xolvt GZE(von Neumann
architecture) W2 7|HF A4ke] SAE 55T F Qe 7|eE HoEy

ATt 71ES] F ot A AFHE Y (computing unit) 2} w2
p

d

Atolo]l dlolE WA = =Z(data-bus path)7} EAstA 1 oo wzl B
Axko] QEE A $dH H OEF AAHAA dolEH HAE o &3
do]E o]&(data communication)®] W& & AH(bottle neck)o] dojubd

A &3] “von Neumann-bottleneck”o]g} E#]= FAHdo] A7|H i <

agla diatRe] ¥-9% #3F® (neuro-inspired computing)”]¥ke] &}
o] ZYE, FACETs[3], Caviar[4]l, SpiNNaker[5], True North[6] &
sol H 2 d T T o, dd o AlYs AxE E9E)
© TEEY AsdE dYetr] fsiAs CMOS 7§k wiRe] Ax}o
Ao Al H=dk vl g0z 2 ETHT].

kA FEREEE AFEES FEs] Y8 2aEE Wz wg,

& A S vre 2 agv A 5o EAS ZE w3 EA X}/‘ﬂ
H2d  AAHemerging nonvolatile memory, eNVM)Eo] %At}
[8-13]

A3 A ARAlg WRE Az ON, OFFe] wielyg] e (binary

states)& FHsh= UAE APaE AMEE 5 gded &l Held e
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A of thebAl(multi leveDJ Bl E YERE 5 ATh 9EA Z}A]
Bl 27E obg R AIYE PHE AMESH HH AYdsY ge
2 % T o] gaA AY' 2 e (multi-level conductance
o QAuH14) obd = &xbe] bgaiA dYds =
T dagFolA v YEYAY 7HFA 84 (weight
element) = W¥E 4= glom A2~ ¥EQE W d(cross—point array)T
Z= 7t A @™ (weight matrix)& tH¥ste] 7154 FH(weighted sum)
W 752 784l (weight update)o] WE A4S 38 5 AH15-17]
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= =3 0]
Neurosim[21]¢] © = A WA A2 FFRE F7lsle] & A #Yd e AE
doldstR o 53] ofg2a AW AL Tk H|o]idAl EA
T HAEAd 9 aAA, Aetd AYe s AdEle] s, A HA S

28& 7}
agar 7lEe] AR EHE Fd HAsE g gEF AAF A
(Stochastic Gradient Descent, SGD) 2] o ok
Fd FAAA HASA =4S F Adve EdE™E(Momentum)[22],
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Chapter 2. ¥ A4

2.1 45 JAPNEE Al E5HolH
211 w249 %

A3 AT A EHoly ZTHEZow PRIME[25]. Harmonical26],
ISSACI[27]5 o] EaH o2 Axdl A AAY Fda4d 2 7FsAds A
SOt RAA T eNVM 2272te] Hlo]id# Q1 54 aefshA] ettt
e H-dH Fx2E IR dACdA AASHY ofdE T AW AR
o] IF Aes Hrleted BxE 4 e AlEdHely 7 a5 on
LE AH2E FHE ANN AE#H OBl =4 (NeuroSim)<& 7 2=H
npo] ettt wEAS wE UEYAY w4l 8Y, Heds BRI T
= AlEE oA ZH e, AlEdolE 9 gow wEY B,
o] Al &z Wizl WS4, EMAAE EHAEZA =I(transistor
technology node), MIE¥ = & (network topology), @ HolEH AE
(training dataset) &< =4 & F At} o]F Al&EdHoHe &% 2
3|2 GAS] AWrAQl el WA, Hol'A, 4 duyA, w4 1Y
ol Ao duEF dAdAE F AGEE AL H(Fig 2.0).
TFEASE A M A GAR B ed, WA A2 dAl(device
leveDoll A AW 2= Aazpe] 544E 1els) =

ot} w3l 3] & @A (circuit level) ol A= AW Axo] v A (synaptic
array) ¥ ¥ 3] & (periphery circuit)s©] TAHO AW FZojo] Tz}
I FAS Bl & 5 Qv viAITme R dugE dHl(algorithm
leveDol A &= 8t dag|5s 28T 4 JdoH 7]?:33.9—i Zi]%é‘% T
E® o 7

§ qmdlas 23 3

=
il 1}

2 Axge AAY S
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Learning
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" Feed 1
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Neural . = i
Network I v | X Classit
——— Classification
Set up : Back :
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Input o Output
« Different Memory types R0 ¢ Chip area
* Devices characteristics l PCM, RRAM... « Leakage Power
¢ Latency
= sl ¢ Dynamic Energy
/ ® Learning accuracy
Write H.llselCoﬂductanee model
Performance
Improvements

Fig 2.1. MLP Simulator®] #& 35X, AFEAZ)F ol 21 Al EAS
dalad wd MEYArt dAds Fd 2 BF 3A-S A dAurEel 2
S H7hsn
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212 2R A AYdE &2 54

AA obdgma A WA AxprF A= vl o] AHE ¢

=
-
oE B4 wEe A glelth WA, oA i

-

k>
N
>
R
S

=2

il
D)
rir
N
N

D B ol

<
2 A
27} F7Vek= A7) 719 (long term potentiation, LTP)3} 7}5 %] 7}
3= 7] 2 Al(long term depression, LTD) A oA &3t
(write pulse)®] 7H<=oll wvldlsle] 7t=x7F A Ao w Wl
AA obg R A olggk o] AAl ARE wEx o LTPS
LTD %7] @A A F43A Wslsl= Aol 5H 4 o|r{29-31]

e oy

QL r
£
I
o
i

2.1.2.1 Nonlinear weight update
Y AFlAE AA obdEa Az MAYAA EH AN AL
371 &l "o JfFEPel B A 5= ndstd o o

e
S5 2eH32),

Conductance for LTP

P
A
Girp = B(l—e )+ Gup (2.1)
Conductance for LTD
P_Pmax
A

ﬂ o 1]| :ﬂr T



B is function of A within range of G

B = (Gmax_Gmin)/(l_e 4 ) (2.3)

W

(714 Gmax, Gmin Pmaxe= 27} Hd 74982 A Agds a8
T A I S
2 MEE 9 etth Gmax, Gmin Pmaxi= A&AFe] 74 o] o] H o A

shel 4% gtk

lo

WebA $4 2D-23) B, g AW el EA F7H6H
BADSE FEA gRCERA AFS Fig2ld deniar. #4
2D-239) HFatE A ol o el E/E -676 Aol APl
S AV WSkl dek ARH HH0) 249 S FAHA

B oATAAE A ol MARAL
FAGNA Sge) AWs 278
A

99 AASAT,

teom uAYA olsld thE wloldHel EAE ALY el

iy
S~
ok

7§ 4= (Precision), &= A}o] # z}H(Device-to-device variation), AFo]

-

o] AAF(Cycle-to-cycle variation), &% ¢ (Dynamic range)°l tigh
A WS ofgel Akt

.ﬂ**1]|+:,u1r T
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o

Normalized Conductance

L l = | L L L L L L L L L L L 1 A L L L L 1 l. X s 1

. | . . . ,
0 20 30 40 50 60
Pulse #
Fig 22 o} 21 eNVM 279 75 RE, 7tg ] B3R A 1
AP AEE -63 6 Alo] gho = #7139 tH33]. (Adopted, with

permission, from P. Chen, et al, NeuroSim+: An integrated

o 1

device-to-algorithm framework for benchmarking synaptic devices
and array architectures. © 2017, IEEE.)
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2.1.2.2 Precision

Precision< o} =1 eNVM Ax}eo] #AYE A~ AF

el harol A
2 (2.1D)-(2.3)el A Pmaxoll &l 33},

2.1.2.3 Device-to—device variation

Device-to-device variation FEEI A9} T E Az} Alole] A=A
oW Fig 2114 &A1k vjdgdd e 7)o wef ZA| Alole] #
25 AlAFSFA

2.1.24 Cycle-to—cycle variation

Apol 23} AtolZ Ape] H
Adeize] AR, of g

2.1.2.5 Dynamic range

=74 W= Hu Adea A9 HA AYE A9 H]E(ON/OFF ratio)®=
AlAeth, o] A oz eNVM 4xbe] A2 7F5 4] ghe] Hele 0%-H
10] FojofF A9k ON/OFF ratio’} &3

s AW Ha AYdsed s
sk 7t Al #E 022 & 5 9ln

ﬂ1]|u1r ST



2.1.3 3|5 @A Az Folg ofge] Fx

AlWE 3o (Synaptic core)v FEEY HFE A 7= 7FSA
g A ABAAAY WE AMEs

AA &9 (computation unit)e]th. A|WE  Foj:=
(synaptic array)®} ¥ 3|2 u]<(array periphery)®
ojglo] FwFe 27, AY=e] Ve & MR adet
TS g5 og 33ui34].

TFEALS Al 7HA AIYHE FZoE s ed ol SRAM, UtX¥
eNVM, olg=Z 1 eNVM o] Utk IFoA £ AFoA & ofd=
O AP ETE2E AR ofdE 1 eNVM AAES AZ2~np o
dl o] (cross-bar array) T3[35]2 Fgste] 7hsA dES YEIUES
AT o] TR Zt7te] eNVM 2xb7h Fig2.39 7h= Al & sl
A= HJAWL)FH Az o] A8 HE ZJIBL)S A4 (cross
point)ell #1AI&tA Ak wef, Q1% WEZE ¢l AzeRy JdadHd
o] As7t Y= #lE Fa A4 AlWE Aol el HE gl
S B3 YUt HdA AFE Houlol AW beA 3 Al
(matrix-vector multiplication)2 WZ& 2 o2 3 4 it}

2 AT A& Fig 23 ofd 21 eNVM 2AAE A2 28 wjd s gk A
WEl FolE xR 319 o]F AT tF AlHE X, S sty A

Hmo] ofef 7he] @ a7 ¥E dZ2E 728 AAs A

o

>
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BL Switch Matrix

IArray BL

o
S
X ¥

O

| m ux
ks _Relad
X3 Clrcwt Circuit
S 8 ] ]
O | Adder Adder
Shift Shift
Register Register

Fig 2.3. A 221} o#o] Fxe wWHs 7|58
7] $1%F ol F 21 eNVM AlWE F9][36]. (Adopted,

with permission, from P. Chen et al, NeuroSim: A

Circuit-Level Macro Model
Neuro—Inspired Architectures in
2018, IEEE.)
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2.14 %0AE B : OF 9

i)
luf
i

dolol ra WE9a

oagls @A (algorithm level)oﬂ A 400702] MNIST £24 dlolH
28 S (Input layer), 100712 &Y % (hidden layer) &1 10719 &9
Z(Output layer) = 400-100- 104 2% F ANAY FRE ARSI
dd A7 A= Tz MLPE % /9 Fd w= Ale] AZd
ah= AW ATE EAlEH, AW A E(strength)7F 7FS A #hE
ot aEa = AAY HFAAE shEta AA ANTFE FolY
4= dolEQl MNIST o|wA& 20 x 2002 Zephdl 7 Az g

O

o] 1-bit dlolE| = W3 th(Fig 2.4).

T FAAA F 7HA AL &I (feed forward)et 97 3} (back
propagation)°]#, &= Il Eol2 AdY HelErt AWFdew
ojFate] dHeo JtTA F A w7 &3t F(neuron activation
function)& 7AW HETAHo 2 FE€Fo| LdstA Hoh Y3 =9
g AT Ades FHITol mUIE AR vl o5 oA
(prediction error)& Al4bstt), WA A Hd = ALlE QA7 2€HF 02

B Ao w AutrEo] 7 Fo) JtFA gho] LAE HAd e WE
o7 ZAHT
a8 a1 HAF(test) A & 2xZEkel EF(offline classification) ol A &
A9 w4 sty A ARE “ESH7] widod AW oj#o] 9
7V A gro]l WM3lslA] gkEtl. o] Ao A= Heaviside step function®}
2 ]1-bit low-precision &3} st VM & Aiko] JhEsith
Td BAAAE 71Ex BaAFHAHe 9AE Zo|7] 93] high
precision &4 3} <427} & 23t} (Fig 2.5).
E5 2 ATolAes AlWE ool 4o A e I S+ #

& BEF e AWs AFAR wasdon g FA3 2

al
b

m\l
£ orfo o ¢

i)
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W,V =2(Wy—05J)V=22W,V—JV (2.4)

(714 V= g8 o
ok WHVE AW~

e J= WaAS WHe =7]7} %

o] 2 H-F

o] HelE WACITD=E Wkttt

Handwritten Data
20x20 pixels

Fig 24. 2% <

A zd A% 3

Aol B A 5

MLP +4

400 Input Neurons

Synaptic
Core

100 Hidden Neurons

2}

Synaptic
Core

231 ko] 121 3 Ho]

=94¢ 7t$A Foltt. wekA WH(0TD)

10 Output data

ME A 7]

-

s 24

e ol

.T_

1:}
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Target number

H]E-‘%‘Jifa 20 x 20 MNIST &
It AWE ZAE 7ii1 = 10
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Neuron

©
0 % Op - |
O
o | FF
E% ¢ | £| output
= |
=3 @ | |
(ORreY | _/- |
< AW L__&E t ~ > HigH
vales Computation
from utatl
previous —»  Of weight [ erI?Ers
layer update

Fig 25. 2% & MLP wd UYEYAY =9o =2 F+d HAL[37]
(Adopted, with permission, from P. Chen et al, NeuroSim: A Circuit-Level
Macro Model for Benchmarking Neuro-Inspired Architectures in Online
Learning. © 2018, IEEE.)
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215 AWE &0 540 Ao 7A= 4%

A 2124004 AFE ofdmT 2ol wo] A BAEo] A4 o
& ol AL 9BE LAY E B LxAN RRE FAdel B

J

Alsl H&) A Ao tH(Fig 2.6).

2.1.4.1 Requirement of weight precision

bR AW A duAd AYEs JHE AAEd S 8

HolHE &3 el gFolA s 6-bit weighto] Q7-5m, @3z}l

55 BA A= 2-bit weightWro. 2 FH3] =834}

-

=gkl st 83 1aystr] 9= ON/OFF ratio> 10, 2 Ze}2l
e W&Ask7] 9184 = ON/OFF ratio> 50°0] 875 At}

Mol Aam AN 2AE 5 A%Est A% 74ad Aol
el wdE A 2 aABAe] FARSE FASA G Aol
Aets ek weha vg A el g JREE ARG Fo Udol
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T30 % PCMO[40]l& HdE84d 2 vgidAde] ols 5 7Hd Algh &%
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-
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=
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o
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il | | I | | 1]
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Fig 2.6. 222l g5 71x+= 43 (a) weight precision, (b) conductance

ON/OFF ratio, (c) weight update asymmetry/nonlinearity, and (d) weight

update cycle-to-cycle variation[44].

(Adopted, with permission, from P.

Chen et al, Technological Benchmark of Analog Synaptic Devices for
Neuroinspired Architectures,” in IEEE Design & Test, © 2019, IEEE.).
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27T 69 Ag:a-Si[38] | TaOx/HfOx[39] | PCMO[40] | EpiRAM][41] | HZO FeFET[42] | AlOx/HfO2[43]
Agax Fa9 A%

(# of conductance states) o 128 o0 ¢ o 40
A9 @ u|gx A (LTP/LTD) | 2.4/-4.83 0.04/-0.63 3.68/-6.76 0.5/-05 1.75/-1.46 1.94/-0.61
cycle to cycle variation 3.5% 3. 7% <1% 2% <0.5% 5%

239l st& AL 2% 80% 30% 92% 88% 20%
Table 11. A2 27e] 543 st A%E 245
- 18 -

LR

I



22 % P 2EHB AYx 2z A7

Wi o< (), G,) 25)

o714 Wij= Z=mzup ofgolo A id, jalol] $1A% AWz 7HSA|

S 9ulety, N& HEds AZ49 AWz kel F ot o] & F3)
Aol ARkHQl F4 W9 (dynamic range)®t 35 (resolution)o] &
pl=g

aga 7hsA F

§\I

0101]’\1 e g

€ zgkel vg 3ol AWY
of FAH: B Aol dYdnh 2 F 2zte] el A fwﬂ

(device selection counter)E E3 13 N Alo] HYE ©A

sto] olo} &5 = shpel &t

o
™
-
:
Ev)

_19_

A2t gk



weld EA AARLNA EA WsRe e 2e £4e o
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W,o (Y,G)+ AG (26)
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gr= As Bt =3 F98 HE 3 AYs 3 9d &
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stk (Fig 2.8).
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dAstel LTPS LTDO 7185 =48 4 Atk 919 2&
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Synaptic efficacy

Synapse
_ (" Array of N R
Presynaptic memristive devices Postsynaptic
neuron _
Synaptic Synaptic neuron
input output
-
I=(X G,V

N
Stored weight = (X G

\_ ")J

H
NE7F g waoz AaEvi46]. (Adopted, with permission, from
Irem Boybat et al, Neuromorphic computing with multi-memristive synapses, ©
2018, Springer Nature.)
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Synapse

Array of N
memristive devices

Arbitration

: Selection counter i
I Device 1 :
! !
! [
I
I Device 4 Device 2 }
: i
! \
! |
| Device 3 !
.. R /
b
:’ Selection counter X
I Device 1 :
: i :
d \
I Device 4 Device 2 |
| ;
! \
I

|
! Device 3 !
i ]
(" Selection counter )
| Device 1 :
: |
! \
I
| Device 4 Device 2 |
| §
| |
! Device 3 ;
ke /
(" Selection counter )
I Device 1 }
! |
! [
|
| Device 4 Device 2 |
| S o
! [
! \
! Device 3 |
X )
(" Selection counter
I Device 1 }
: |
! \
I
| Device 4 Device 2 |
| (
! \
! |
. Device 3 \
i )

Synapse
(" Array of N A
: memristive devices
Programming pulse 5
11 I
Device selection g |-
s g ==l
<
. J
Synapse
4 Array of N N
. memristive devices
Programming pulse
L
Device selection e -
. J
Synapse
4 Array of N )
. memristive devices
Programming pulse 5
I ':‘:B'
Device selection =
IS e[ ----.
<
o J
Synapse
4 Array of N )
; memristive devices
Programming pulse s
E
Device selection =
» £
<
. J

Fig 2.8. 2~# ¥ 7} &EE o] &3 7532 Al T4 BA%

[47](arbitration scheme).

Irem Boybat et

(Adopted,

al,

Neuromorphic

with permission,

computing

multi-memristive synapses, © 2018, Springer Nature.)
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Chapter 3. 23 "

31 &5 AWz Fxo ZAYdx ghg 4

3.1.1 A EFolAH »d A4

FAL AP/ B4 Y B BE AYEs W ABdolHL
R, BF AWs TERE 22804 AFT 44 dd HeEE
Fo QA AWee) 45 A6l ol FojHth aEE AW 1FA
e ZARGLGE AWLE FHFE A2 agel O AHs 4
BE % 57 gtk 53, 99 AWe TR APYE 2121804 A
3 dolEl g Ba 40 B9 + dou vF s TaE oY A
a7k BEH O St AW ehly] g AFYL W)
Qe AL gET 2 ol &7 Aol olFoge W EA Wil
b FAsA ol FolAE Aol ohet AW AFA skl w4
AH o F7h B gaste] ofd £xst of AYHL FEe] QA
F4F 5 971 etk wekd Sl HE 4TS AAE HIA
S Basy] sl oE AWs 27 AgEs wge] vl AWs &
Apst wlinste] of| e Aol go] qlizx 2w m gkt

3111 AEdeld W 9 gA

WA, axp @AM S 7EA e AW A axbE AAE e 4
(21-23)7 Fig 212 wgoz nAdgAd AvlE Yegde W

NL(LTP/LTD)E =743kt 18]a NL(LTP/LTD)el =717} 0.0/0.0%1
o] &=l Axket 5,0/-5.091 HIAHEAY = WA o] AF LxE Ve
2 &to] Afs ofglolE FASHT ol #A FAE AW ol ol

%3l A /i NS 59 W4 (independent variable)® N=1, 2, 4,
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7B, On/OFF ratio= 100, variation

2 33, AEHolAY HEYaE 214804 AAS T2 A9
2% T TTERE TXE 39 dEF, 24T, 2EF o= wd et
400-100-10°1™ Z 41,00078¢] AlW=E 7FRACh =38k st e ko
2 B4 Ag s g o9 dAgt= EYA F2E AFESAY
3112 A2 75 A 73Al W

8= TEAR o]l FbstE 7] Hawk Fo] ud wbEk
(unidirectional) . & o] Fo|X| =& &ttt 1 F 3 W 75X 744l
shupe] 227] B A% (write pulse) & To] @A oZ AYd 2 FHE

=Y =S AT

Aol 44 HE 7HeHE ol&ste] NAo A4 F dug Hd st
AEA AL AP, 1w £ FGT fAE FFS ARG
g8 27 A AHeHZF A FAaE Aol ohd e duje
sAE AEdEs AAdAr. dguw Ay sxe Ads Ay
b Arje] maet e e AgE s

<Xt @A (intermediate state)©l|
o @AZF st S7HE 4 AT Wb, Hol dYydaghe] =gd 23
o7 (saturation state)dl] 227] "7} @A ACE 2 gA7) o Z7F

& 4 ok
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©
©
s 06F
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O 05T
2
N 04r
©
€ 03t
2 O Exp data (LTP, N=1)
0.2 O Exp data (LTP,N=2) | -
O Exp data (LTP, N=4)
0.1 O Exp data (LTP, N=8) | -
) Exp data (LTP, N=16)

0 01 02 03 04 05 06 07 08 09 1
Normalized Pulse #
Fig 3.1 NLILTP)=0(d& Al &xh)el 75, 7Hde] Al &LxE o] &3
Normalized pulse 7<%+ vs Normalized conductance A3} N9 HFE 1, 2, 4,
8, 1602 WA AV =4
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Normalized pulse 7<%+ vs Normalized conductance A3} N9 HFE 1, 2, 4,
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322 745X Wag AT 2A 7}

Fig 3.3-36< <At® NLOLTP/ALTD)Y ol 1.0/-1.0, 3.0/-3.0,
5.0/-5.0, 2.4/-4.8%1 ZAg-olth. 1A MZZFe sFsh= R g AF
e YERE AEE R=19 49t o449 Lxtol i vz
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Zi o >
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o

TAHCE, Fig 319 A¥HQ 4$E R &9 ool gadoem
0.2°13L Fig 359 MA@ ARl A= o] #agol 20 7H7ksivh. A3
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Fig 3.5. NL(LTP/LTD)=5.0/-5.081 4-%, Al¥ 7F5A ghol o
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Fig 3.6. NL(LTP/LTD)=2.4/-4.88¢1 7%, AW 7}5x ghol| w
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b ]
A2 25 &8351d dd A2 A7 1dels AYd s At
SAHETE Aolth o)l AS f& AYEl A AE] S (effective number of
conductance states)® Fo Tz AW 2Ax7F 7HA &= A9 E 2~ AH

E AFgH o7 BA3Y}).

RN AR
wA, AR 2AE iAol v @Al NLo| =717F 42+ 1.0, 2.0,
3.0, 4.0, 5.0%1 571¢] &zE FH|8al N9 JFE 1, 2, 4, 8 16°.2 <
7EN 71 F 25709 AF dely AE9 s AdF g3ttt Fig

26014 N=19l &< Ax}7} L2491 8k &

s 7]“# = Aske 15 25709 AR dloly AlEC] sl LY
e 640l A 174-A] sty FHAA7IWH A Shgol desh HA HAYds
FEY g Hrtet e o] Mae Ve O A 23k 5% ol
W‘ﬂ Aoz gekst el

A3 A3} Fig 3.7.014 N 77t S7kekd shgol 8% 26 9
W (Step level), = 850 Q5= AYEl A Ao 7t A A ¥
S gt omn ol thed 2 FAS wET
Leff = N;<L (3.2)

(714 Leff= H &

)
)
r
o

Aol F(effective  number  of
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conductance states), N W& AZF Azt 4 L& @A Az AY
H2 AH 4, av vdPAde aviel #-dE fFa Al S (effective
coefficeint)©] t}.)
70,
—&— NL=1
60 —8— NL=2
—a&— NL=3
50 —y— NL=4
—o—NL=5 Nx(alL)=constant,
40 —¢— NXxL = const 1
B (a>1)
>
)
= 30
9
[dp]
20
10

2 4 © 8 10 12 14 16
N

Fig 3.7. Ne] 7l<==1, 2, 4, 8 169 uwiz} ghrzol] H 3k HAgke] 28 o
70 4. Magnitude of Nonlinearity, NL=1.0/1.0(black), 2.0/2.0(red), 3.0/3.0(blue),
4.0/4.0(margenta), 5.0/5.0(green), ideal(deep blue)
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22 (26)914 EA gy AYE A Alole] BAES o] Lshd the )
Z

d W;utput _ Wmax ~ Ymin (35)
dG’ltp Gmax o Gmin
A VI{)utput P maxe_ 4
X = (3.6)
A Wnput A(l—e PmaX/A)

2 (36)% T3l AW &2xke] A3 A A (Linear point)2t W3 A A

(Symmetric point)& T+ 4 dth
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Plz'near - Aln( (3.8)
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Start Training

}

Select input neuron from MNIST data

Scaling the linear & symmetric region
which is used to actual weighted sum
and weight sum operation

w

Calculate shifted conductance Gmax,
Gmin from original Gmax, Gmin

F

Read multi synapse conductance 1Gn

Which are connected to selected input
and hidden neurons.

o

SET selected device from device
selection counter within selected
EFF‘IEID'SE

Figure 3.9. Software execution of Linear & symmetry

scaling with multi-synapses architecture.
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Chapter 4. 23 9 1%

34174014 2MAY TF AWe FEIF 2] o] 4l SA 7]
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By A4w
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el T S ddem AW o Sk
o=, HAEAY B uAA el EAVF He 4SS Fig 427448
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Modification | Linearity | # of conductance states | C2C variation | Top contributor Best method
AlOx/HfO2 | moderate bad bad N-G N-G with Adam
HZO-FeFET good bad good N-G N-G with Adam

PCMO bad bad good N-G N-G with Adam
EpiRAM good moderate moderate Adam N-G with Adam
TaOx/HfOx good good bad Adam N-G with Adam
Ag:a-Si bad good bad Adam N-G with Adam

Table 4.1. 2 A 22| Non-ideal properties 37} 2 Adam¥} U5 AW~ AAF

al

Lo
£
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Abstract

Analysis to improve online
learning of neuromorphic
system with multi-memristive
synapses

Young Woon Cho
Department of Material science and Engineering
The Graduate School

Seoul National University

The cross point array architecture with eNVM synaptic device has
been proposed for on-chip implementation of weighted sum and
weight update in the training operation. However, the non-ideal
properties of the synaptic devices, such as the nonlinearity and
asymmetry in weilght increase or decrease, the limited number of
conductance states and, device variations, hinder the learning
accuracy. To alleviate this issue, the proposed strategies include 1)
multi-synapses architecture to increase the number of conductance
states, 2) training optimizer with a smart algorithm for mitigating
device variation, 3) linear and symmetry scaling to achieving linear
welght update.

Firstly, we have built a device behavioral model to capture the
nonlinear weight update behavior of multi-memristive synapses based
on experimental data including characteristics of eNVM devices. And

then, by using 2-layer Multi-layer perceptron simulator, we performed
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online learning and offline classification with MNIST handwritten
digits as the training and testing data—set. Furthermore, we pointed
out the phenomena, such as increasing the number of conductance
states, improving linearity and asymmetry during the training process
with multi-synapses architecture. Based on these results, various
training optimizers including momentum, RMSprop, and Adam
combined with multi-synapses architecture were performed for
additional verification. As a result, training optimizer and
multi-synapses architecture can be integrated appropriately, especially
the highest learning accuracy(89%) which is much higher than the
case(30%) single synapse with SGD was obtained by Adam optimizer
with multi-synapses in the condition of nonlinear and asymmetric
synaptic devices.

Even so, multi-synapses architecture faced difficulties with
complexity and a large volume of neuromorphic circuits as the
number of devices per synapse increases. Moreover, there has not
been yet found a technique to implement training optimizer in
hardware. To overcome these issues, we suggested linear and
symmetric scaling with multi-synapses architecture. Consequently, the
highest learning accuracy(94%), which is near to the learning
accuracy with software training, was obtained from the devices that

have bad linearity and symmetry.

keywords : emerging nonvolatile memory, multi-memristive
synapses, non-ideal properties, non-linearity, asymmetry,
number of conductance states, device variation, learning
accuracy
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