creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86tH AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Mok ELICH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aele 212 WS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

SRED

i
rln

SNN Al&EdHolHE 93
HEelRd 7]Hk Zyd e

20264



HANSUNG
UNIVERSITY

b



SNN Al EdolEHE €3t
HelRd 7)uk Ty el

Metamodel—based framework for SNN
simulators

-
39 B & 9 5
A4 H TG A E

o ]
k!



e

CI- O
ALy HEY

N

SNN AlEzolEE ¢
HEFEE 7|9k el A

Metamodel—based framework for SNN

simulators
9 =R T AASY =RoR A5

2026 6¢

SR I B

1 F H ¥



—
;OU

N
or
o
g
HJ
Mﬂ
o

~I

L
;o_l
Ho

o}
B

A

o]
=<

20261 06¢
=

2]

A} 9

Al
o




i

o

= =

SNN A& olHE A% ez 7]t

Ty dY=a
C I I
2 0% "5 ¥ 8% %
4 #% ° ¥ % 4 ¥
2~ [e) =
- NIB A

23to]7] AMAW(SNN) A+ 3742 snnTorch, SpikingJelly,
BindsNET 5 4% 235#] %= o8 AlEeolHRE Zitse] 3o, &

A3k mels Zh g gHAl thA] FEEloF ek wAl7E dd o
gt 2HhS Hol A QA AT AR A ARA] SFS
Rtk gk A5t @AY 1435 GPU #7483 A i

E 879 94 Al ZEAN 2 FRu P Ald 32 S 9%

A=

=)

sl Aok B =52 o] 7 7HA] £AE siAst] S8 AlEE ol H
EgZ ol EHAQ JSON 7|¥F wel ey} Jinja2 ®HZ3 g 83
A Z= AAH ZYdYaES Akt @Y JSON WA ZEH

snnTorch, SpikingJelly, BindsNET® 43 7}%53F Python IE=E A&
s, A8y 2= AAo| wel LIFS IF wo wA|, FP16 ¥3k, <l



A Tolxzekle Faid A parserpy), HAS AHE
(codegen.py), AlEHCIEIY AHH (Jinja2 RAE3) 9 Al BRERE T4
W, 7} BEo Wie Y& 3 F34Y FARFAEAS =9 o
2 AFE & AAFC) oo Fxd SdAs, AEFA oo =
e vFA et 3] AlEHCIE S 2] dE RE xFFor
e 67k AFE T da 2= A AR HAH s AE8S HSE
Ko, 67 A EFoA A ThsAdn 724 dxAgde] ST
SpikingJlelly T4 7|22 AAH HEE FF EE= oivH] FEATL
75%, WIEE AMERF 73.8% AE EAdskelal, LIF-IF A% &3
. avpelg wEkE Aol 2.8%° 1A AME HAslrh wak gEof
X = GFgo] AHAS A5

F90]] ~5o]7 A7 %, SNN, WEeELR S Jinja2, JSON



xﬂ 1 ;g— }\-] B e 1
z}] 1 A Ole-QJ HI 7 2 T QA e 1
;q] = 111:,5_94 :rL/\g .................................................................................. 3

;q] 2 ;g- I3 cﬂ:} .......................................................................................... 5
xﬂ 1 =] /\j_}‘o]?J /1\17(_;]113—‘04 7Ho 1:!1 Ag%ﬁl—x-] HH7:] .......................... 5

1) AETHA FHI ATO] T AlT v 5
2) SNNQ] el 2l IFQ,]_ LIF  coeeeeeeeemmmmmm, 5
3) SNN9] 6}_;: OF FT B] 25 wovrerreree 6
4) SNNQ| ATFO]Z QIFT e, 7
Xﬂ 2 A SNN /\]%fiﬂol 1 go]. o]/g'/ng T,‘:_’«xﬂ .................................. 7
1) F92 SNN /\]J%gﬂ ] 1 H ............................................................ 7
2) }\]Pg ] ]]3 7} API H]JJ_ .................................................................... 8
A3 A AAY B =27 TE AT i, 9
1) ONNXQ] /\éjq,g_ @_ﬁ] ....................................................................... 9
2) SNN AL Z7F FE At BB cevveerree, 10

X]] 3 ;g— uﬂE].U ol /%74] ................................................................................ 12

Xﬂ 1 A /‘\_;]'_7_—” =z 5’—; %;31' .................................................................... 12
1) AA FALY AL e 12
2) /H] 7}_z] /}jﬂﬁ] %7‘5}] .............................................................................. 13

Al 2 A JSON 7]8F HEFRE G AF|0] GEZE e 14
1) FHAY _/:ﬂu]_ T s 14
2) ¥F —_[’—/\gj!/]_ ?ﬂ%j?_ﬂ ;}\39] oq]/\] .................................................... 15
3) BindsNET ;ﬂ% Ug/q] :[L_g’: ................................................................ 16

A 3 A HWELRY G8A FAAFZ] A e 17
1) parser.py-‘ﬂ 74%_ ‘ﬂ'ﬁ] ..................................................................... 17



75]] 4 ;g— 156_‘@- }‘]‘E‘Eﬂo]}ﬂ Eﬂ]?}%}i ........................................................ 18

A1 A ﬁﬂ] rﬂro]gﬂ-q_] OFFZ)EIZ]  coeervereeniieiiii 18
1) 2= ?—/\éjl]_ ?‘i“ﬂ ;ﬂ_aj]: .................................................................... 18
A 2 A stEgo] Q2] HABE GF e 20
1) g‘q;gl@_ @%}i ﬁjﬂ %% .................................................................... 20
2) LIF=IF WA T3] AFA] coreerererreremneniinini s 20
3) FP16 WHSE 2 2] HFA] s 21
Al 3 A snnTorch TE AJA] ZBF o 29
1) H]E—ﬂﬂ Tx /\g/\g ........................................................................ 29
Al 4 A Spikinglelly TE ABA] FBF crr 23
1) nn.Sequential 7]1311- E’—%@r TEZ e 23
2) AABE LAY BB e 24
Al 5 A BindsNET FTE AJA] ZBF v 25
1) 2 7]HF I A O] E A 25
2) AAE FAANA]L] BHBE 27
Xﬂ 6 ;‘5;:] Jinja2 ng—é;%]\ qﬂ;ﬂ /éyﬂ g_; TR eeeeeereee e 27
1) BIZ2] T} LA s 27
2) }_Zi_l?_ %ﬂlﬂ‘% ;ﬂg}: .......................................................................... 28
;q] 5 A& /\EI-Q .................................................................................................... 29
A1 A A FA L O] EJAD e 29
1) /‘k_:]aé A IEE 29
2)  HO]EJ A wereereerttnieninet e 30
Al 2 A HIF K IE AL e 30
A 6T AY A L AT FHIJ coereeeermnnnniiininianen. 32
A1 A A FE ATA AZS AT v 39



1) == /\E%a—g 7]__15_}\3 1:711 :[Liqu OE];‘(]/\CJ) .......................................... 392

2) A]%E}]O]Ei‘ﬂg xgz\g A= %E—"é ]j]_,’ﬂ .............................................. 33

xﬂ 2 A —5],5_?]101 _ﬂ;ﬁlﬂ_ §_jr,]_ T,I:_L/q ...................................................... 33
1) SpikingJelly X<, A AT B]DL e 33

2) HA3} 7)) Q21 FE] HEA] 34

3) 2Tto]m WEE HWHEF FAD 35
A7 AE Y FF A HFEE i, 37
%— a5 ?:54_ ........................................................................................................ 40
ABSTRAGQGT  ceevereerererersessssancssiniisiiesiiiniiiniieiieiiinisisiisesiimimsae. 49



b

ZQ SNN AJEFH OJE] API HGL ooreerersssmssssssssssssssssssnssssons 9
WELR S JSON 227]0} 1Al WE A O] v 14
FEoo] 1A HABE ATE AFA| e, 20
A TR AT EE s 29
WA e A D EEA QXA AZ AT e 39
ANEO EHE AN T EA H I e 33
SpikingJelly Standard, Low—Power A H|ulL e 34

Vi



2—11]
4—1]
4-2]
5-11]
5-2]
5—-31]
5—4]
5-5]
6—11
6—21

o9 5 A
Meta Llama a7& Eiﬂ O]v/_\‘ E}]EZ]E{—H ......................................
2215 HOlEJAE CSV 8] A BHH e

B4 E2S 28 dolHAE /bE F A S e

bitsandbytes RIS} A T e
HoHAES 2d Qe @A EE3) 3 FE e
ALtz Ol EY Fho] B HEuE] AO| FT e
Training Loss®} Validation Loss B A ZLE| 3L e

7]% E_Ej_l_]jq, xﬂz}-@. _1)3_1:481 H]Iﬂ lgﬂg ................................

O

o

vii



A1Ad AE

A1d A7 wid R 984

Q¥ A7 (Artificial Neural Network, ANN) 9] FAddl& 2
&<k 943t (backpropagation) ¢ire]EF3 A% Fh(continuous—valued)
skt s Vhter g AT AW (Deep Neural Network”F,
DNN)o] ztg]ai gkrh. DNN2 o]m#] Q14 zpdeo] Ae], 43} 85 & o
Fg dgolA =k Aee BolFAoU, darE 3 AL F2

el St ghEele dl A8 EHE dUAE Ak 7HA e A dY A&
Hlof 2tH = FFoln, FE(inference) GANAE &A1 A FFol
g ¢ 3ch

ol nj7gol A 23}o]7] 417 W (Spiking Neural Network, SNN)-

o|2FAQl ~Tto] A (spike) AEE T3 HAEE HAdete AETH w9
2 dElE 2 o2, w=2EY 7 3FY (neuromorphic computing) I
= ATh SNN2 AEehs w e} mpirA =2
2ol a7 WA vt Ajto] FaH = o|WlE -5 (event—driven) ¥
Aow Aty wiel, 7IE DNN tiu] oj&#o= 4] welA 4
Hje] o2& oUA &S G F v 7HeAE 7HIth
a2t SNN A9 A&3E faids a4 AlEdeld 7o
Aot @Al SNN A7 AejAlA 71 &2s] AHE-5 = Python 7

N
I

)
kl

Uk Al &g o|E 2+ snnTorch, SpikingJelly, BindsNET®] <1 ol 5L I
T PyTorchE 7|Rto 2 SHA|qk 7o 2de] & WA AIZFE Ae] 2
g sk 1rE Ad HE, aga vES A ZY sferdela] LA

vl

A
Zlo]E H.Qlt}. snnTorch+™ ‘snn.Leaky’, ‘snn.Lapicque’ 5¢ =53 w4



= Algsta AREAE AR AZFE FE2E FdEoF ghth. Spikinglelly s
‘step_mode’ FHHIHE T3 @A 2"HH v 28 AZE WSS
‘nn.Sequential’ 7]¥Fe] HATE G4 o] 7hEElt). BindsNET == (node)
9} A4 (connection)S X FEXE WAHOo R Holdl= AETHH I
a9 A& AAE A s

olgg x4 Apol= ©hEd API WA o] Apol7t obyel, FYUF SNN
oIEIAE M= uE AEdHCIHE o= Zo] wlg ot e
oulgtt}t,  AFA7F snnTorch®  #Aek LIF 7[WF EF 2dS
SpikingJelly 7oAl A&Asty & o, sy F5o W3 XA &
A A A TrE, A 2708k A, dEAS ZY deus Anks
oAl AA s gt o] EAlE NS E&C] FA WEA R, U
Rdo] AlgdolHuttt mEsHA tEA FdaE w, A% Aol A
I Bjal Ths/de] AsflEns HolA AT AFEAZY] EAE AAHT.

SNN 9] = th& A83t g st=do] wix 339 o]dAol
ok AT @A A= giF-2 3249% GPU(e: NVIDIA A100, RTX 4090)

7ol FP32 AUER RS sh&sta HEevh a2y A4 58 @

£

A=A EUI(IoT) A, dA] Al ZE2AA, FEEF Hd= 443 «
2 oAk (power budget)T} W EE] A eko] EAst} o] 7FFS WS-

|
3 AGAt= BAAHo R Sy 95 $ (post—training) WAANA A 3}

e/

AbE Z3bshe LIF wds o A% vluvt s88k= IF w02 W
Aste] Airgs dRslen. T oAAE AdE FA4E FP32 JMsAE
FP162 ®Wigteto] v %7} oA mvE ZRIth Al A= Bl
2" AR AEHolA Bdad 5 o AA FE NS @S5

=
T=

d WA= A2A0E ¢4 wAlR A4t Wgo] v MRACE &

Helshe] sk A ARG FolErt

)



of AL WA o ATAY FAe] EF, ofe] WE P4 (E
AR ARES 52 FA6] 4T Wkt Wa Bge wEsol @
oowE AU sheh S % 24se vES Wooh was, ol

A3 efe Bl AeEe] ofgom o7 M= wHT] oH

71E AIHE WA AdEd 2y de)a 3 o] FAl= DNN ool
4] ONNX(Open Neural Network Exchange)E Z3] 94 & 2% v}

itk ONNXE =gl S949 AN adx §d gFo2

Ik

PyTorch®} TensorFlow 7+e] Eel W3 So] Agxorg 8y} 17
U ONNX9 AA A4 z28= »d& SNNo| zt:= ub H9je] ~Ayfo]F
ksl o]go|u} E-S 7| (refractory period) #& %4 A7+ AHl(dynamic

temporal state)E X &A= © LEHQ FAE AU SNN HE& A

L

H d4kAHE ONNXell F7bshes WA= HEHAOY, ol EF ONNX

el e 534S A Hus FAH A Fo] §7] ofHu)
st=do] HH3t SHAME 7]E post—training FTHL dAA I} 2

3te] Sl AF Utk 53] o8 AlEH oY

A zE A gte HASE AAMeR Hiee T Zdddas @

A EAEA =
A 2 A =R 74

®EEe F rdeR PadEn 4 Ao WEe v 2o Al 1%
AeellAs A7e F719F MEE AEITh SNN A Aol A&
ofe] stast A, st=dlo] wixE HAste] 24 o, V1= A
FAE AAstaL, 2 AT S43 7)o ARE WHAEH.

Az #d ArelMes & Aok ddd A Ayes B A 5

o

w



A= FEiste] dEST. 2uto]l7) A3 st 7|wky ALE B
£ SNN AlEelolg o] dsda} o] 44 A, ONNXE %3 21749 %
£ AT, st=dlo] 14 HAsE 71y, e BY SR AA Y
(Model—Driven Engineering, MDE) % Jinja2 7|4t 2= A4 M) A
EA R

A3 wEtR e A A= 2 ATl A A FekE JSON 7]8F SNN v
Bt R A7 A3 27)n 25 GAE] 7sdia. A7 A A A
B giotEd HE AA A4 <A, dolo] B vy A A

o N
e
Hm

it
)

A4 ZE A TH YT FHAAE wERDgA] A s =
c2o] Wg AAS FEg ZHdL)a HA FE Aet. dholxet

Qo] mE Fel Az shsdel A4 A AW FH U

&
Ac)

=
B dEe AWy

A5 AdollM e ZHdAda HSS AT 249 &4
T4, 2Eal JrF ARE GAE Aot

A6d 43 3 Ae HrtlAs B 3= 724 A9 HF
A3, st=do] HAst mayke] g B4, 2= A 584 HUh -

a @A ZP YA A EAE AA S

ATY AT W FF AT PPAAE B ATE B3 9T A0S
FHsta, @A TAL BAZ WASY, FF AT FL FAYOR A
Q).



A 27 AA AT
A 1A 2stel7) AR AL R ABSH w7
1) AR e 2vteld A%

kel H&= of 8609 Mol wld 100% A o] AW dE=
ool H3tE AR A Axwolt, Y&

& T FA4E=7](dendri
te)E 23 e FHORFE AWA dES

o} M ZA (soma)ollA =

o

P

3tslar, 9 A9 (membrane potential)7} DA sk <A zk(threshold) S
sl FH4(axon)S Wt €5 A 9] (action potential), & ~3tolAE A
Gttt Autolar AT Fol= 9 AATF YA AR TA HolxE
E-5 7| (refractory period) & AA B4 H4 JHlE &7t

WBSA ) A B4 Just A%HA A5 gro] oful el

o

TIN
tl
-
ol
i,
&
(2
2
tl
r o
L
lo

SNNoll A 7} de] AFgH = f7d 29 Integrate—and—Fire(IF)

293} Leaky Integrate—and—Fire(LIF) R & o]t}

IF w4 222 718 ek Jeje] d3) w2 (spiking neuron) =2



ojth IF REl2 Zhaf(decay) &l glo] <dito] whg- sttt 1=t A

oty o] w A9yt AdH oz ok A9 (resting potential) 2 74

e BEE P Rud] Fi(leaky) 5AL Frreel 4B A
YL w9 mHolth o] RHe el ATl gle W w ALt Agko]
a AR, A4l ¥ wrele] AAGH Yol

1
AstA BAFE 4= 9le] SNN dtellx] mEA o

3) SNN9| st5 darels

SNNo] st&e  Aylo]lgol  EBEALA uiFo  FF  dAY
(backpropagation) & 275 A&3 4 glvhs FEZQ oy o] U o]

ME2ACE I E(Surrogate Gradient) <52 =3 (forward
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2}

NN Al Ed# o8+ snnTorch, Spikinglell
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=0l8t nupe} o], B4 A7 AHE T o Ttx2F AT Yol Al

4
g
X,
=
2

S XML 7]WF 2~7|8uF2 XML Schema Definition(XSD)Z
o] &gt A x7int AHooltp, HAIF ETe 27|vk AHo AEAY}

JSONH.T} Ad<3lA| 9k, Python SNN A2k 71 27 oA JSON dijH]
AR Febo]l Fa, B Ao B 2= AAGS 9T 285 WA H|
& Edad 534S ukste A7 vt



Python ‘json’ BE = H}Z A3, SNN A2 Al 245k & 2o,
ol

Jinja2 ®©1&E <l
2) Ml 7HA A L=
HZ vgtrd ~7nt= oS A A dF o wet A A E QL)

F24d (Minimality): A UAA &A1 27|vfe FAHEFTE o HA
shal ARE S = HERDE BE AJEHAA 9uE 71H]
© % Fenks dg FRow AFYsta, AlEdelE 531 ddEH=
el A== F&ety 7S 7 AEgelHe xF A fdgt

LIF 7¥#9 74 Iebn g (‘beta’, ‘tau’, ‘tc_decay’ )= Al & o]
ettt o] 53 ou7t e} 3% 5 R ZAs] o) o] AY
ez FQ wWAd =3 I A 3o wkdsta vy A=

718 ke AHESHAl 3

g4 (Extensibility): #@lolo] B (‘type’ Z=)3} AlEZ oy 2Hx}
(‘target_simulator’ ZX=)& /I Exd= Aot =g dolo] Ef
Aol M2 AlEdolHE AYst7] f8 7IE& 27|vE HASHA] Fa

B35 93U codegen.pye] w719 F71shH H

dt=9lo] <12l (Hardware—Awareness): ‘power_mode’$} ‘hardware_co
nstraints’ BEE HAA9 v 252 A ete], wWE 4 Aoko] =
A Al dEds 27vk FxollA BAIETE o= st=dlo] Aok
F4 wEetdlelg 7t obd B Ao Ay 84 HEshe AA HE

ot

2wy

R

rob



A 2 A JSON 7|t Wgnd A7q} Fx

D) A9 270 A=

= By | BF A
‘model name’ strin o Bd 34 AEzE A T o
_ g =T A}%%
‘target_simulator’ | string | Z A Al EgolE At
‘time_steps’ integer | ¥ AlEE ol EfY2Hl 4
‘power_mode’ string pufe A8 2= (‘normal, ‘low_energy’)
‘hardware_constr ! _ g }
aints’ object | H< stedlo] Ak =1 AA
‘hardware_constr . - | =
0 . , | string 4= Wiz F=9o] §3
aints.device_type
‘layers’ array g golo] Ao B=
‘connections’ array 4 dojo] IF A4 A<
‘backend’ string | A ¥ AL Mel=, v XA Al ‘torch’ A&
‘step_mode’ string | A€ A 2= A& Al ‘multi_step’

‘power_mode’E ‘hardware_constraints’ 3F¢]7F ol HAY 59 I==
wElgh AA o] 2

& Begs] & dart vk ‘device_type'WreEs A
Aol B3t A7t 9th. oS 59o] ‘high_performance_gpu’ 7 ol

AE dolg Ay A8 ot Alefo =z e o] BQst 4~ gla, Hi)
2 ‘edge_ai_processor’ FAGoAAE wHE 7l TES A 1T AT T4
S 9T = Uy 7 H2EE Rk stEdo] fEd 1Y S =4

Moz 2FY & ol o AAF T4 Asa.
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2) £F TAT AAY P49 oA

ol

= 313
17} A7

= 3.2+ &

e

g 2415 FC—SNN o784 &
A g JSON wlEfE of AL,

snnTorch

E

;L

FHow 77

£
AN

[2= 3—1] snnTorch ¥ T4 HERD
(" examples/snntorch_standard_config.json’)
"7 json

{

"model name": "SnnTorchStandardModel",
"target_simulator": "snnTorch",
"time steps": 100,
"power_mode": "normal",
"hardware_constraints": {

"device type": "high performance_gpu"

"layers": [

"type": "linear", "in_features": 784, "out features": 256},
"type": "LIFNode", "surrogate function": "atan", "beta": 0.95},
"type": "linear", "in_features": 256, "out features": 10},
"type": "LIFNode", "surrogate_function": "atan", "beta": 0.95}

[Erp S S S

"connections": [

"source":

"input",

"layer_1",

"target": "layer_1"},
"target": "layer_ 2"}

{
{ "source":
]

"backend":
"step_mode"

"torch",
¢ "multi_step”

[Z= 3-2] snnTorch A%

e 4 vend

(" examples/snntorch_low_power_config.json")

" json

"model_name":

"target_sim

"time_steps":
"power_mode":

ulator":
25,
"low_energy",

"snnTorch",

"SnnTorchLowPowerModel",




"hardware_constraints": {
"device_type": "edge_ai_ processor"

Ts

"layers": [
{ "type": "linear", "in_features": 784, "out features": 128},
{ "type": "LIFNode", "surrogate function": "fast_sigmoid"},
{ "type": "linear", "in_features": 128, "out_features": 10},
{ "type": "LIFNode", "surrogate function": "fast sigmoid"}
1,

"connections": [
{ "source": "input", "target": "layer_1"},
{ "source": "layer_ 1", "target": "layer 2"}
1,

"backend": "torch",

"step_mode": "multi_ step"
}

T WA ZolE= ‘power_mode’, ‘device_type’, ‘time_steps’, 3= @
olol A7), AZACIE T4 vl 7HAH. AdY FAolA ‘layers’® A=A
5] ‘LIFNode’& "Alstal UA|RE ‘codegen.py’®] st=4lo] Q14 Aol A

TFNode'= #bs WA AT, A 2= YA Al GAle] oot 789 HH

3) BindsNET A& WA 4%

BindsNETS 13 7|9k F-Zo]= & ‘connections’ HEo] E3] £8

sttt = 3.3 BindsNET A= F4d9] wEEE o AT},

[Z= 3-3] BindsNET A= 4 HEezd
(" examples/bindsnet_low_power_config.json")
"7 json

{

"model name": "BindsNetLowPowerModel",
"target_simulator": "BindsNET",
"time_steps": 50,

"power_mode": "low_energy",

16



"hardware_constraints": {
"device_type": "edge_neuromorphic_chip"

¥

"layers": [
{ "type": "input", "in_features": 784, "out features": 784},
{ "type": "IFNode", "in_features": 784, "out_ features": 128,

"note": "IFNode A}-& 9.2 Leakage 14t A A"},

{ "type": "IFNode", "in_ features": 128, "out features": 10,

"note": "AEIE S wdl 7 TR}

1,

"connections": [
{ "source": "input layer", "target": "layer 1", "weight init":
"uniform"},
{ "source": "layer_1", "target": "layer 2", "weight init":
"uniform"}
1,

"backend": "torch",

"step_mode": "multi_ step"
}

‘connections’ ¥IE 9] ‘source’$} ‘target’ =X BindsNET ZE= A A
Al ‘network.add_connection()’ T A #olo] o]F Fx= AH ALEH
t}. ‘weight_init’ & F7} 2=+ BindsNET A& Ae szpug =, ot

2 AlEdCIE Y] 2= A Alddl= FAIEH

Al 3 A WeREd a4 AAZ] AA

1) parser.py?] A5 A

‘parser.py’ = WER D JSONS Zrslau v dAY Ga4d AAE &
Biicia=
1eH4) - €4 I= &7 73! ‘model_name’, ‘target_simulator’, ‘time

_steps’, ‘power_mode’, ‘hardware_constraints’, ‘layers’, ‘connections’ 2

17



co EAQE Folsith FFy "ert 9ol ‘ValueError'ed 37 e

2eA - AlEdlolE AEAk T ‘target_simulator’ gto] A H5(s

. A

!

rot
(o,

nnTorch’, ‘SpikingJelly’, ‘BindsNET)eol 3X3t% =]
Edh=5

d

o= A7 N899 ValueError & A~

=

3GA - #olo] A AX] HAE C‘linear’ #olo]9] ‘in_features’e} A%
‘linear’ #o]o] 9] ‘out_features’ 7} YXA|sh=A] &R1gT}. o] & £°] ‘linear
(784256)" th&ol ‘linear(512510)" o] ¥ A BAAZ o FE I
SR A=

444 - power_mode @ A< ‘power_mode’ Fto] 38 FH(‘norma

', ‘low_energy’)ell £3F=%] &<2lgtt}.

Al 477 FF AEINA ZdA= 74

Al 1A QA spo] L]l of7| g A

F= A ZYJYT+= ‘parser.py’, ‘codegen.py’, 18]I ‘templates/

deE e Jinjaz $EN HAEE FHAG 2 418 AA o xe

18



ok

il

(29 4-1] == A4 sholzelel A

JSON HEt=E 2=
(examples/{config_name}.json)
[parser.pyl

JSON Ijgd 2= 9

g+ BE ZM EE (1TAH)
AlS[0|E] A/HX} atol (2CHA)
glofof X8 HEHY HAF (3EA)

power_mode %t ZE (42H4)

.

.

— #f Al: ValidationError + PH|X 25 H|A|X|

I
model_spec: dict

[codegen.py]

SICRI0f §14] 2|33 FE (2= 44 NT)

power_mode == "low_energy":
{:(_):}l « LIFNode — IFNode A+ & + hw_note &%)
« MZH0|E & — fast_sigmoid A
« FP16 #% 2211 43 (CUDA &%)

device_type == "edge_ai_processor":
o time_steps £ (H22] 1/4)

— Z|X5HEl model_spec ElA L2 MM

|
optimized_spec: dict
h 4

[Jinja2 RIZa] AIFI]

« FileSystemLoader2 templates/ CIZE{2| £2]|
ﬁ snntorch_ ﬁ spikingjelly_ DN bindsnet_
template.j2 template.j2 </>| template.j2

— Environment.render()2 Python 24 3E 2X1E Mo

I
Python source code: str

Tl Rz

generated_code/{model_name}_{simulator}.py

19



A 2 A s=gel 94 A48 A3

NEEERE R

¥ 4.1 ‘codegen.py’ oA TEHE F=¢o] 2 HAHs deke] A
z=o,
[ 4-1] sh=slo} A4 A A2 A
23 A= AE =7 T3 Y oA a3
A4 732 AAE
LIFNode—IFNod | ‘power_mode == y quk
e 1A “low_energe” codegen.py AA,
- 30~40% Azt
MEZASE St | ‘power_mode == . atar.1 %. ,
4 “low_energe” codegen.py fast_sigmoid
B (A2 &3
FP16 W3t := gower_modem== J Wme] gelE of
ALo low_energe” + R 04 =0
H d - =
CUDA 37
‘device_type ==
BRI AE 4 “edge_ai_process codegen.py A %ﬁ‘/\% Bl
“r = -
or
_ N xg/ﬂ :?LEoﬂ
hw_note 4] A4 4g A s
7 g codegen. HA3 A FA
PARSIPATE) IS gen.py Jﬁﬂ‘:‘{igi T

2) LIF—IF A 32 A4

LIFl A IF29 w1l mAle d<ed E4<d #gho] oiyt}, LIF w¢
< ‘beta’, ‘tau’ 2 4 FJHWHE THAAN IF w2 o] S E

ALgEA] el v BRG] X3 Seebd LIF A4 debn g7} IF



LIF-IF uA 242 b5 Al GAE s sich

1. ‘layer[‘type’]’S “LIFNode” |4 “IFNode” = 7.

2. LIF A& I&}m g (‘beta’, ‘tau’, ‘tc_decay) S d@olo] gra] oA
A A

3. ‘hw_note’ 7]& F7lsto] HAst 27& BEH A

= 418 o] mAe] &4 FHolt),

[7= 4-1] codegen.py®] LIF—IF x| =%

"7 “python
ifpower_mode == "low_energy":
forlayer inmodel spec['layers']:
iflayer[ 'type'] == "LIFNode":

"type'] = "IFNode"
# LIF A& d2tvly AA (IF wdddA < FoulsAy &
)
forlif param in['beta', 'tau', 'tc_decay']:
layer.pop(lif_param, None)
"hw_note'] = "Optimized for Low Energy (LIF - IF)"

o] 222 ‘codegen.py’ 7} ‘model_spec’ MU EE AEH ol ~E FH
gt Aol Fe e 7RIt A3 BAE BESoF ot Agole

‘copy.deepcopy ()2 HAE HASE & A= A2 stch

3) FP16 W3k X w2

FP16 W32 A8t 21& WS BE AlEdolH YA A

23 = gitk. Al EdolEnttt AMP(Automatic Mixed Precision) <1E 3

o] Al o F-7F 27| wjol

21



1. snnTorch: ‘model.half()’ =3} ‘torch.cuda.amp.autocast()’ €]
2B Uy AZE ' _main_ E=9 4t}

2. SpikingJelly: AMPE 7] A Y322 ‘autocast &=

>

Feje] Al

i

A s AR

of
t
)

3. BindsNET: ‘network.run()’ Q1E|#| o] =7} ‘autocast’¢} 24
2] eori=t} UlE ®lAo] ‘half()’E HAL3tW STDP & 39
Eo] HAstn R, dAl Fde = BindsNETS] FP16AHs 482 A9
3kl Tk,

e
[
i

of

|

b4

Al 3 A snnTorch Z& YA A

1) MEYa +x A

snnTorch = AAL ‘nn.modulelist’ 7|5¥Fe] #olo] gAES} I~F

i
i

A& sl G 2E AATCE ‘nn.Sequential & AFEEHA] F=
ot snnTorch w9 ‘forward()” "Wl =7} ~3to]A9] 9 A& F
Z 2 d3lslr] wlio]t} ‘nn.Sequential’ S 7} #Holo]e &=HE I E t}

& delole] d¥or ddstng, ol 7 725 Add 4 glvh

TN

kY

[F2= 4—2] snnTorch Standard A Z= i3 &

" python

importtorch

importtorch.nn asnn

importsnntorch assnn

fromsnntorch importsurrogate, utils

class SnnTorchStandardModel(nn.Module):

def init (self):

super(). init_ ()
self.time_steps = 100
self.power_mode = "normal"
self.layers = nn.ModulelList()

22



# dlojo] Ao (WER DY layers HIE TAIUR)
self.layers.append(nn.Linear (784, 256))
# [Standard Mode] LIF 7¥l: H3sk A AE st5el 8
self.layers.append(snn.Leaky(
beta=0.95,
spike_grad=surrogate.atan(),
init_hidden=True,
output=True
)
self.layers.append(nn.Linear(256, 10))
self.layers.append(snn.Leaky(
beta=0.95,
spike_grad=surrogate.atan(),
init_hidden=True,
output=True
)
def forward(self, x: torch.Tensor):
# ] forwardv}t} hidden state %713} (o] wix] 4+ A A)
utils.reset(self.layers)
spk_monitoring = []
forstep in range(self.time_steps): # AlZE
| X = X[step]
forlayer in self.layers:
if isinstance(layer, (snn.Leaky, snn.Lapicque)):

=

v
{

| x, _mem = layer(_x) # 7= A97) I
else:
| x = layer(_x)
spk_monitoring.append(_x)
returntorch.stack(spk_monitoring) # 3 (1, B,

n_classes)

Al 4 A Spikinglelly Z= A A EF

1) nn.Sequential 7|¥F &3} =%

SpikingJelly:x ‘step_mode=‘m” (multi—step) W1 EZE E A|7t5

S dolo] WH2 &332 =, ‘nn.Sequentail’ 7§k 7HAS Y E

23




tAstar, Spikinglelly W 48 (53] CuPy W= &8)9] ojHE H

(e}
PIS

[Z= 4—3] SpikingJelly Standard A F= 14 w3
" python
importtorch
importtorch.nn asnn
fromspikingjelly.activation_based importneuron, functional,
layer, surrogate, monitor
class SpikingJlellyStandardModel(nn.Module):
def init (self):
super(). init_ ()
self.time_steps = 100
self.step_mode = 'm'
self.net = nn.Sequential(
layer.Linear (784, 256),
neuron.LIFNode(
surrogate_function=surrogate.ATan(),
detach_reset=True,
step _mode="m',
backend=""

)>
layer.Linear (256, 190),

neuron.LIFNode(
surrogate_function=surrogate.ATan(),
detach_reset=True,
step_mode="m',
backend=""

# 2~vfo]l= ©lo]E K UE® (BaseNode AHZ 2ol A =3 F4])
self.spike_monitor = monitor.OutputMonitor(self.net,
neuron.BaseNode)
def forward(self, x: torch.Tensor):
functional.reset_net(self.net)
if not self.training:
self.spike _monitor.disable()
return self.net(x) # step _mode='m'°o|mL2 UYFRH O A|7H
= A

2) A= FAolA ] He
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il

A}l o]
H

SpikingJelly Ad= FAdAME= 7 nA¢ FPl6 W3l 3= )

Shi 7 7HA Wgho] S Ao o] Fofxitt

[ = 4—-4] SpikingJelly Low—Power A4 F=9] _ main_ &5 &3

" " python
if __name__=="'_main__':
device = torch.device('cuda'iftorch.cuda.is_available() else
"cpu')
model = SpikingJellylowPowerModel().to(device)
sample input = torch.rand(49, 1, 784).to(device) # (T, B,
features)
# FP16 W3l (CUDA 37 %] low_energy L&)
use fplé = True ifdevice.type == 'cuda'else False
ifuse_fplé6:

model = model.half()
sample input = sample_input.half()

# CUDA o|HIE 7]vF #o|®HA] 54
start_event = torch.cuda.Event(enable_timing=True)
end_event = torch.cuda.Event(enable timing=True)
start_event.record()

withtorch.cuda.amp.autocast(enabled=use fpl6):
output = model(sample_input)
end_event.record()
torch.cuda.synchronize()

print(f"Inference time:

{start_event.elapsed_time(end_event):.2f}ms")

Al 5 d BindsNET Z= A A

BindsNET #= 4742 Al Algdeld ¥ 7 533, snnTorchet
Spikinglelly+= d@lolo] 555 3t =& APz AAdstd A

RF, BindsNET2 #lo]o] 5, 12 49|, RUE S5 Al @A <A

25



2 479 AEolol aha, 7t BAelA ool oL EAdR Bzl
= Fzo]7] Wt

[Z= 4-5] BindsNET Standard A4 Z= 314 1z

" python
frombindsnet.network importNetwork
frombindsnet.network.nodes importInput, LIFNodes, IFNodes
frombindsnet.network.topology importConnection
frombindsnet.network.monitors importMonitor
frombindsnet.learning importPostPre, NoOp
def create_BindsNetStandardModel(dt: floatl.o, is_learning:
boolTrue):
network = Network(dt=dt)
learning_rule = PostPre ifis_learning elseNoOp
# 197 #olol(=E) 55
input_layer = Input(n=784, shape=(784,), sum_input=True)
network.add layer(input_layer, name="input_layer")
# [Standard Mode] LIFNodes: A&3%t4 AHd% X4
layer 1 = LIFNodes(
n=256, sum_input=True,
thresh=-52.0, rest=-65.90, # A=A A &9 (mv)
tc_decay=10.0

iy
_10‘1

)
network.add layer(layer_ 1, name="layer 1")
layer 2 = LIFNodes(n=10, sum_input=True, thresh=-52.0,

rest=-65.0, tc_decay=10.0)

network.add layer(layer_ 2, name="layer 2")
# 29HAl: AA(AH]) A9

network.add connection(

Connection(
source=network.layers["input_layer"],
target=network.layers["layer_1"],
update_rule=learning_rule

)s

source="input_layer", target="layer 1"

)

network.add connection(

Connection(
source=network.layers["layer 1"],
target=network.layers["layer 2"],
update_rule=learning_rule

)s

source="layer 1", target="layer 2"

26




)
# 397 EUE(&Svte]a B e F4) o=
network.add monitor(
Monitor(network.layers["layer 1"], state vars=("s" "v'"),
time=100),
name="layer 1 monitor"
)

returnnetwork

2) A= F7delA e wgk

BindsNET A&d&8 FAo|A+= ‘LIFNodes’ 7} ‘IFNodes'®= A% 1L
LIF A-g &9 g (‘te_decay’ )7} A AET}. ‘IFNodes’s= ‘thresh’®} ‘rest’
s HE FA 6, 24 Al glo] wes iR —dksink esit)

obAl 53 gl%o] FP16 WS BindsNETo| &AAl zs A&=HA &=
t} ol FdAe FAo]H, ‘network.run()’ ¢1E]#Ho]27} ‘torch.cuda.a
mp.autocast’ ¢t A% SFEA F7] wiLolth. W ®Ael 24 “half()’
E A&ote= WAS A= o, STDP 7|Wk ‘PostPre’ o5 139 75

o] FP16 A=A 4] EgAHS doFi,

>

rl

-~

2 fJHolE i

[‘

A 6 A Jinja2 HEF AR A L FLZ
1) 923 9o 4

‘templates/’ EHE = AlEHOIEHERZ sl ‘2" FdS IS
Jinja29] ‘FileSystemLoader'E &3 ©] tdgzE #Ast
delg Y Fr7he= Y gEHge Al g2EE gds Frihsia

#

‘codegen.py’9] AlEd#ClH 7] 3 =& FI5s Aow 95

=
fr
=
>
s
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A= 4.6 snnTorch B1Z3 oA ‘power_mode’d] Wz} FH EFYS
Aeets A 2AE dg® FEojth codegen.py”t ©]H] ‘LIFNode' &

1FNode’'2 nAglorm g ©ElZIo|M= s ‘layer.type’ = HAFsHA

[2= 4—6] snntorch_template.j2 7@ A& dd 13

“T7jinja2
{% for layer in layers %}
{% if layer.type == "linear" %}

self.layers.append(nn.Linear({{ layer.in_features 13, {{
layer.out_features }}))

{% elif layer.type == "LIFNode" %}

{% if layer.hw_note is defined %}

# [Hardware-Aware] {{ layer.hw note }}

{% endif %}

# [Standard Mode] Leaky 7¥l: H33 AAL
self.layers.append(snn.Leaky(

beta={{ layer.beta | default(0.9) }},
spike_grad=surrogate.{{ layer.surrogate_function
default("atan") }}(),

init_hidden=True, output=True

)

{% elif layer.type == "IFNode" %}

{% if layer.hw_note is defined %}

# [Hardware-Aware] {{ layer.hw_note }}

{% endif %}

self.layers.append(snn.Lapicque(

R=1.0, C=1.0,

spike grad=surrogate.fast_sigmoid(),

init_hidden=True, output=True

))

{% endif %}

{% endfor %}

ok

bl frg

“{{ layer.beta | default(0.9) }}’ E&H2A-S Jinja22] ‘default ZHE
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ARESte], HEFR ol ‘beta’ 7} WAIHA &2 HF- 0.95 VEFFOZ AL

=% @ty o] WAoo WZglo] MEl HenHE

A5 AT

“

A1 A Ad 74 R EolEA

1) /\164 ?—}\ =

b R |

A2 g,

#5123 2 Aold w3 A 749 dA S=5olvh 37 AlEd

olEj¢} 27 AY m=o] xgtow F 671K FAS At

a9
(

[ 5-1] A& 74 A 55

o - | ?E Bl Sl
D | AgdeE | AF w= | D Te ) T0 ) gus
C1 snnTorch normal 256 100 LIi;I;ea FP32
C2 snnTorch | low_energy 128 25 IF(qu,laepw FP16
C3 | SpikinglJelly normal 256 100 LIFNode | FP32
C4 | Spikinglelly | low_energy 128 40 IFNode FP16
C5 BindsNET normal 256 100 LIFNode | FP32
C6 BindsNET | low_energy 128 50 IFNode | FP32x

7]

N
>
o
&
)

E
uj
o
[Py
N
M
o
o
i

48907)

e Algdoled 7] E

PR gtk A Hupelx HA 3 VlEs wEA

ol ot



snnTorch+= 100—25(75% 7*2~), Spikinglelly= 100—40(60% 7+2),
BindsNETE 100—-50(50% #A)E A &390t}

2) "lolEAl

Aol MNIST do]gAe ARE3FtE. MNIST= 60,000709] st
olujx] 9} 10,000709] HIAE o|mx2 FAE 28x28 A Zu =IX

xAF oluA] HlolHAeZ, d# xYo] 784(=28x28)0]tt. - Aol A
MNISTS A=k olfi= vhaat 2ok

Al 2 2 H7 AR A

Aol ALgehE W7 ARE vl A,

—3= A3 7}5A (Executability): A E Python ZE=7F &7/ ¢lo]

AEEHL AE d¥em &AW AdRH=AE o(BT/Ail) o
3 7} gket
— %7 AXA A (Structural Fidelity): B84 z:=9] #olo] & F# €
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o,

o, et e gro]l HlErEE FAek dX=AE AH BHow HUhe

t}

}-&-%: SpikingJelly +4(C3, C4)ell sl CU
DA 3749 A ‘torch.cuda.Event’ 7]WF #o]¥l A2} ‘torch.cuda.memory_all
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ABSTRACT

Metamodel—based Framework for SNN
Simulators

Son, Yu—Hyeon

Major in Computer Engineering
Dept. of Computer Engineering
The Graduate School

Hansung University

The research environment for spiking neural networks(SNNs) is
fragmented across multiple mutually incompatible simulators—including
snnTorch, SpikingJelly, and BindsNET—requiring researchers to
re—implement the same model for each environment. This issue goes
beyond mere inconvenience, directly affecting  experimental
reproducibility and research reliability while reducing overall
efficiency. Furthermore, optimization tasks required to bridge the gap
between high—performance GPU environments used in the research
phase and actual deployment environments such as edge Al
processors and neuromorphic chips—including LIF—to—IF neuron
substitution, FP16 precision conversion, and timestep reduction—rely

entirely on manual effort, making it difficult to guarantee consistency
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and prone to introducing subtle bugs. This paper proposes a
hardware—aware automatic code generation framework that combines
a simulator—independent JSON-—based metamodel with the Jinja2
template engine to address these two problems. From a single JSON
specification, executable Python code for snnTorch, Spikinglelly, and
BindsNET 1is automatically generated; LIF—to—IF neuron substitution,
FP16 conversion, timestep reduction, and surrogate function
replacement are automatically applied at code generation time based
on the power_mode and device type declarations. The code generation
pipeline comprises three modules—validation (parser.py), optimization
application(codegen.py), and simulator—specific rendering (Jinja2
templates)—and the clear separation of each module enhances
extensibility and maintainability. However, this study 1is limited to
fully connected (FC) layer structures and does not address extensions
to convolutional layers. Code generation accuracy and optimization
application were verified across six experimental configurations
comprising three simulators and two power mode combinations;
executability and structural fidelity were confirmed across all six
configurations. For the SpikinglJelly configuration, the low—power
mode achieved a 75.0% reduction in inference time and a 73.8%
reduction in memory usage relative to the standard mode; despite the
LIF—to_IF substitution, the difference in spike firing rate was only
2.8%, confirming that the impact of low—power optimization on firing

patterns is limited.

[keywords] Spiking Neural Networks, SNN, Metamodel, Jinja2, JSON
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