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ABSTRACT

Conventionalvon Neumann computing architectuseat adisadvantage in
terms of speed and power consumption in Heyel cognitive applications.
Therefore, a new architectui@overcomehis problemtheneuromorphic system,
IS attracting attention @henext generation computing system.

In this dissertatin, two types of NORype nonvolatile memory arrays are
proposed for use as synaptic device array imgdugomorphic systenfhe SONOS
gateddiode memory is proposexss thefirst candidate for the synaptic devidéhe
learning process of MNISdligit patternss presentedby simulation. Firstspike
timing-dependent plasticity (STDRgarning in singleneuron string (784 1) is
demonstrated. TheiSTDP learning in mukheuron array (784 3) with lateral
inhibition function is demamstrated Meanwhile the key factors of STDP
unsupervised learninguchas nput n o i isg, Sydagiaveeight marg(n}
(Wmargin), and lateral inhibition factdfb] are investigatetbr the proper learning

Next, the TFT-type NOR flash memorgynaptic device with a hatfovered



floating gate (FGYhat overcomes the disadvantages of the SONOS -gatdd

memoryis proposedThe longterm potentiation (LTP) and lorgrm depression

(LTD) required forSTDP behaviorare implemented usinthe propod pulse

scheme. Unsupervisamhline learning is successfully demonstrat@dh STDP

learning rule through software simulation reflecting the LTP / LTD characteristics

of the fabricatedynaptic deviceThe learning and recognition process 03288

MNIST handwritten digit patterngre presented

As a resultan approach is suggesteduse hardwarebasedspiking neural

network implemented by synaptic device arraysing conventional CMOS

technology for visual pattern recognition system.

Keywor ds: phniecur ssygsntraepmt,i ¢ devi ce, unsup

sprHkemdegendent pl ast tdd iotohye md@ ISYYNDAPR , f | gaast he

memaor y

Student numbe2013-20779
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Chapter 1

| ntroducti on

1. Neuromorphic computing

Neuromorphic computing, proposed to
Neumann architemtaualmeat tharst ir eelrcnedi iavf ef deerceemtt
wayacmine | earning has attracted great
devel oping rapidly with gtrlag hp ersf prmarece
(GPY¥Ybased hardware accelerators. There .
| eag ni budte etpheneur al hetwookodyNba-sed on
propagation (BP) algorithm exerts excel
i mage, speech recdagmani oangn it t6idlnhesel atididaint
advanced ar &NNi i acl udeasiceaumrvdll sn@NNnoarnkd
recurrent s(eRUNNI Hoemeweerrk t here are i mpo
power consumpti on, area occupied by the

Therefore, there i1isaraeaneedrtomorphlczar



net work (ANN) wiTabll wihmamwezed 7t, ha8]di ff e
neur omor pahindc tAINNi r r e[9peThe vieumamtlur &isn
on the |l eft side of tbagnithzeédlre aills woear yd ¢
wi very | ow power but the | earning mecha
arreot clearl|l Vhededeaed!| ¢g@®@tning shown on
sof t-wased | ear sanmdg Veolng dNreiutnhanm n csomput er
very efficiemda,bborthecpgwet i oorms drimpt i on
ANNusing neuromorphic technology, | earni
t wo categmrsipd ®:@admi mg al gor-basend ahdarsnoif
al gdmiapl] Learning al goritylfmgshbate dipogkebi
depemdeanstt i city (-BEad&pPendnedntsppilkaest i ci ty
i mpl emented a model of bidlol ogomapi aedr
|l earning al gortiwtoh ms u b ctahteergeor a e 8 : super
usuperlve asreRde sga mMdNiHusi ng nb ploeraerdni ng al gor
i's biased towards the use of wunsupervis

i's efficient.Thresa& ndsepetaaeidn nfgi ealldgor i t hms



advantages of | ocal | earning and infer

sui tablpoweorr newr o mo rlpnh inte ncoor nyp utéehNchhgn.o | o g

I mpl ementation using ikeswéeosyhagaewiotthmant

synaptic weight update scheme to | earn

Ssystems. I n addition, ewdu galrhec eap dsaot iinngp on

for reducing time and powerAlcsoon s uomp toirodne

prevent ernbespmnocagise of | e ar metde nstyinoanp

characteristics shmudantal a9t bet ctonBP defr

i S a typi-ltad eds olf ¢ avram idarflg allhgeorwe ihgrht[ up

represedrhteedcomyfduct ance changBPadfgoa i $ Wma

based on the error between the target v

al |l ow HRhbaarsdendarreeur al net workspddedddNand tbo

power oper ati on -boadeerplwvwdrf o Nems meorars pdci all

pl atfor ms.



Tabll @i fferent types of newur al [n%]t wor k
Human brain Neuromorphic Deep learning
o Deep neural networks (DNNs)
Spiking neural )
. Conwolutional neural networks (CNNs)
Target Biology networks (SNNs)
Recurrent neural networks (RNNSs)
HW -based SW-based
Neuron array Neuron array
Neuron array (Activation function von Neumann
(Integrate & fire) ) '
Components Integrate & fire) architecture
] ) ) . (GPU, TPU, etc.)
Synapse array Synaptic device array | Synaptic device array
Learning STDP, SRDP, STDP, SRDP Back-propagation
algorithm etc. (Bio-inspired) (Software-based)
Power
) Extremely low Low Intermediate High
consumption
Maturity Extremely high Low Intermediate High




12 Spi-tkiemiddegendent plasticity

Thic®haptngmr oduces the STDP |l earning alg
ANN i mpl emented using this al giomsgpihmed T
| earning algorithms, STDP and SR®DP. Th
devel oped from t hebderaved nign melsd BiRSi slmsg i
a | earning mechanism that changes the
bet ween ftrhoem stihgen aplr easnydrea psti igm anfe drromm t he
neurFamure 1.dhasrhgpevso ft hely etapptrégrn agatidgd
postsynaptic netuhdintdf enktimcseinished tthoe r
|l earning algorithm SRDP determines the
of the signal from the presygoaptilc2nebnp
the weight change in response tHertd,e fr
we <c¢classify ANN wusing STDP |l earning al
| ear ni pmpe. dMesxctr i be the requirements of

i ml ement ANN by applying |Iive emotion |



Change in EPSC amplitude (%)

At<0

Figdfleritical

depression

Change in strength of active synapse

FiglbrFeuncti on ¢

curve

f

(0]

100'_ o%
0 W0
60 o
T o]
4071 o S
207 e o .
010 Q 158 o 2 & 2
1 o 7 o 800 8 ©
-20 o &
%o
-40 )
—60 T L T T T
-80 -40 0 40 80
Spike timing (ms)
wi ndow for t
(Il earning curve
Potentiation
A B/C
\ Postsynaptic
g _ fesponse
m
Depression
ontrolling
r SRDP) [ 16] .

he

f

or

nduct

STDP)

o

[ 1

N

synaptear piagt



12. 1Supervised | earning

I n thebeianssepiafed | earni ng, unsupervi s
more widelyecelatveaech has shown and de
advanafmgeservised | eaphainged Ki matetsaper vi
significantly more efficient than unsup
out put neur ornd] .anAld jswsntampesrets df synapse
feedback spikes from i ntseugpreartviiosne d& Ifeiarren
feedback fagyswesmtiegedsdumpmen hiQear Imann eet
pr oposed anot her application of super v
performpncémfpentatomarlk s trained by unst
resphrtesent ed bryotnchigtoinsguéiasnhaddi ti onal
process Iis needed to identify the resul
on the rmrexgturleaylerd. shows the architectutl
supervsskdr cand figure 1.4 shows the r
supervidedweVayersince unsupervised | ear:i

it may put a burden on area and power.
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122 Unsupervised | earning

STDWased unsupervised | earning can be
unl abeloerdn sdtartuact ur ed dat a, wh-i cme i d ataa \
procesBDinegghl[ et al prppasembirediewirsng dnaga |
mechani sm that includedtedragpehi.@lsd noght bi $
SNN based onitten, STDhR &®I5¢00rc| asBNiF$STatio
dat avmdte monstr alt ageyrsh e mwwi tshynéap® @ cpros.t
Al t hough remarkabl ensclu®elsevarisneiant g obna sreeds ud
have been carried odi i d@mbdn stiurnageu inbosd etle
parameters that are not sui tQubdrettifoml pr
introduced simplified STDBumpedanifegnrd pat t
2Pl metwweg&i mplifseddRdEedDR appamd -gpyoredpt i C
sigmnsailng si mpl ewps| dgeedédrekatSNNNnTr obust ne
group examined the effects oVvegraptecyv.
devace CMOS neuron vari-abvimiltagtii ah®ngn wi

[2L] mproved I mmwmirtjasti @omdeveseael t of neur

9



Figure 1. Snmpatowsft hehei Xewaminasl®di Itihtrye,s hwi
without homeostasi sThors thel agesedbietyit gn
along with the WTAnhiolpiopio@ys odn |liampoat
regul ating the response of neurons equa
being fiimdademaieiklwer kl di fferent i nput
| eag nimet hods and system structures we |
per f orAmabnrcoeg.i o et al pischeashead aurs eisn p untp uf
to suppress backgidBuncd sasyenap 6 shows th
il lustration oet wohrek nweiutrho ndohrilp3hli B0 anfy n g p B ¢
l ed to increasedaepdittadaendepnapsi oncof b
devifoea sel ecti ve sluepaerrnmensge € r n Baowewner ,
configue@uimems additiongl randomi n®i ey

di fficult to optimize the input par amet
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123 Requirements of synaptic dev
Devices u-Badplifacardnbingesnst udeRAM mor y
condiuvrei dge @BRRANN alse ¢ hanRE@Msmpebreos eyd (
me mor y, -taansde dF EnBeymodreyf.aul t , device array
perform cosmpdlas ks haggaeer al , most resear
arrbaysdef aul tst pladail l @l | aog@uti ng neur al
the twomi nadr awva cleowi theaetasetiobni mpl em
t hcer o s s b.dn aartr, atytelr emi tnvad device requires
theeplht h thatcoossbariarthgr tclhhexf mgrue ,atti h
i sot to i mpl ement ahc adevaiyc edse,d ibcuatt etdo tion
scale neur al net work systemst i csodevhieceCl
i mportantsyTapetr edusde vbiececompati bl e with
for systeat iionp.l ement

The energy efficiency of the waipghtc | e
device array shoul d al so be carefully

depending on t he padpemliicceatdrornay Fwse ds yinn
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perfotmneoans | earning in real ti me, it

to update weight. I n the case of synaps:

process, power wéaioghtdedesvmdagedat inon

The pur posenoo fpshy rbepr miesyrtoo ef fectively

mul tiplication results ®&df tthhee immesoucr ys id

havt hg anal og weight. A number of studi

tdhanal og memory[2dhalPfhc{ uirsstzirotsa t he des

performeanftiesyshapti ¢ devi dabl2asf sthhoewnu niing

characteristics of t he devi ce malke it

c hantghees ,gr adual changeoandanmtoie pwmpst e mema g

adding addi ted stocark JdRWITheedi f f er emamee i n C

bet whemhacomrsdwadteamane aan slecaw ec cmchu dhtav e a

i mpact on the perfor Maowee edf stethey smaedsrazle

to the size of the neawrpdlicmetdwnl k showr

noted that the uppeal uemmbayof ntheasendtib

power consumption dramatically. Il n i mp
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reearch groups have maiaymmatnray yafe dc d rhce

chang2pl, Kimaported that the amocmdamgeari:t

of t htec sdyeilvaipctei t bbal pattern recognition

Sshoiwmgur.si ng STDP and SRDP al-gaspti hmd,

| earini mgmore I mpabtdaepr ¢®agacpme.ridda arendi n g

i nvolving external | rmtbedgpgnesensen tha bi

mi ti,gathbaudunsopetrensadng without extern,;

conducofantcee | synde@epoqereasmat i cal | gyndpmtei cl e

wei ghts may disappear in a moment. Eff ol

and conducti ve tcd amrgdev eneicrhedha usroasl. net wor

are generally known tovahaav[@tlZxyddoeretvoeelrer a

t he v dreitameiecandewna®es should be as tsmall

negatively affect t hpeepdowefr tTthaslm@mpatrino

Recently,védesr acgarhr ihead out on the HNN in
flash memory technology due to tlie i mma
2829.
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Tabll.ummary of the desi fabl sypapgt2eid msd

Performance metrics

Desired Targets

Device dimension

<10 nm

Multilevel states number

>100" (with linear and symmetric update)

Energy consumption

<10 fJ/programming pulse

Dynamic range (on/off ratio)

>100"

Retention

>10 years” (for inference)

Endurance

>10° updates” (for online training)

[Note: * these numbers are a

lication-dependent
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13 Conventional technol ogi es

Recentilegst het memupshyisch ame coena@ni nt each ef f o

to overcome the | i midamg wtnisn[gh Gs v entee tmhoant
the exost Negmahintecture i s very | imited
c ons unfpdhii ejrie v e | recognimewmo norppdhiccati el

ref«arch and devel opment have bed8 lactive

t he sofitewadrteudi dese poNNu stilBdal gor 1t hme e

emphasi zed as an excellent cognitive ca
resuHNN tAwmeort aspect of i mpl emen3TihRg suc
al gorithm, one of sever aslt hleelaa nit hrg @fl g

bi ol ddgiadaB8o[ 6Jar there have been many r e

systems thasuperike asnégpd dolagsid[d 1 8. DNowever,

there are many apaplnispa & ieplg sl weirasrendi hni gc hc abnr

be used in actulaBl machine | earning [

To i mpl ement HNN using the STDP -al gori

term pgotéenmtPll)@ahg@gr m depressi omse(leTc)r i tah
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el ement s i n accor fdiamnsequvebactey. t fiteu dsipeisk el

attempted to reypnrajwmdie eglnaamitda schiycough

the CMOS V4[3L1 3Rir kEmitr yeear s, studies ha

conducted on the ompy smé nbheEsmEBrshyamra my @

[2B[3B] 3.6] gurBhows a neur al network compos

arrdoywevmeermr i stot § have dliesva ccvea nd laagreac tie

fluctaadioes$iabil ity whkermlraosnsth agr,eerdr awi

[3BFl uctuatidernwi ce <charracsttearsissea i dg c i @ a smee

recogmaitre otnhe pattern reaognftcbal pneuea

[d. Research on electrical synapses bas
werrecently carried out. As a result of t
i ntroduced, i nTH varedn§ | [APMEE]Lg e 1. 9 shov

the schematic-tdrmwnal OMeEmBbWwwbec|rcoi bn

these 3pudmesal nanoparticles are wused

compatibility probl emsotwsetrind & hlei tC MO&Emapir

unclheat is used to cr eaatde hwoowl.kastge synap
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Fi gl8&Neur al network composexhasfedCMOSR cnteauw

synapses [ 36].

Fi guxS*chemati c drtaewimmignalf cai rtowmoi try ( Mem
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