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Training and Accuracy Analysis of Spiking Neural Network using Floating—Point Formats

Myeongjin Kwak, Hyoju Seo, and Yongtae Kims*
School of Computer Science and Engineering, Kyungpook National University

B =82 ouyA 832 23] A7 (spiking neural network) 78S & t}ekdr BT A4H
& 2l (floating-point format)®] AYUEo] W& 5o AILEE A ZFoRE e
32 ¥E ©Agdds REagdd 9 HEZ

Had Feisd @48 29l AW Leaky
Integrate—and-Fire (LIF) 3ol AH&3l FH4HE Fesasd Aol o]y XA H A=
s EA3ict £FH olulx MNIST HolEZE E7F3&7] Y3 F /MY #Holoz FAR ~yfo]7]
Aol teFst Juire REagd FASs AL uARE Fg5S FIdstn ATE A
AFHETL 4 U E o]l 16 HIEZ ] BErgd 4L 32 E dHUE Fe5asd 249 {FAbs
Az 853t 4 Qo 3, AAR] 5SS HAAE HA A 4 ¥ ES 71 6 HEVE E Q5
olE oz FEE AS b Feihsd FAd vl Wy, A8, 9 oyx] a&o] 435tk

Iz 2 AT AE AE/AUR] a&4Q 2tolF] AA
= ZEAAE TEE A oY AERe REiTd
olF Al " (artificial neural network) WHOoR PFAS Agoly] AAWY HLIm AZLo HAE=
theFet wefell 71Al 8hF(Machine Learning) 7]1&0] AEgES AT LIF wd 2AS ARES 5ol
AgH 3 Ak olE AHEsof & dwolHE FAF A A7l A g4 HAE kg #WH<l STDP (Spike
7V He3 AFE AW A/ oy AR Timing Dependent Plasticity)S AFg3te] &FH
AEAow Frteta o olelgt EAE sy A% olulx]  MNIST delgE g&Hasiet. 24d A=z
iy F9 R FmEREY AFYHNeuromorphic st&S 98] Holx= 4-H]E A <4(exponent)® 6-H|E
Computing) 7]=°] ot ol EF7F9 HE Rusts 7} (mantissa)7t 83 21& &Isoith

712 2Auto]l7] A7 W(spiking neural network)o = )
TEg & vk AESH W= ooy Aol e L. T 2FH FA

- ek Ay 2 odux] g848 HoFa olye A HFE AN AEEHE F 54253 42 I[EEE-
AATEE E83 wEEY AFH 7= dE/duA 754 o AeHo] flow, ¥3F, A, I Tk
aEAQ AFES g AHe] & F Aok [1]. RRog FAYT dAYUE RELFHFEPIDSE 2T,
2ato)7) A7 o] 78-S Hodgkin-Huxley, Izhikevich, A 4=, agla 7yEry 242 1-8¥|E) 8-B|E, Il 23—
183l Leaky-Integrated and Fire (LIF) 24 $$& HEZ FAHC [3]. £ 1 & g%t 25254 A9
Ab&ste] FEE & Ak olgg i RS Ageh 7y Hgo] HE $£& YUgd}t. Tensorflow-32 (TF32)
AAHe w A (membrane potential)7} FE AL A3 Brain floating-point (BF16) &24]& FP32 ¢
(threshold voltage)®t}t ¥ uw] 23o]3(Spike)Z 24 HEY FZA7)|E #Zoy 7 v EE 247 10-HE
HS0] AGEHE oWlE 7ul wpAlo]y] Wi o agla 7T-HER "G (4] d3dE REAFA
Ae &S 7RG o & U4, HFH A, (FP16)¥ DLFloat(DLF16) 242 X9} 7}gHiollA]
aa §4%94 T o Foko A AHgE 4 QT 1 HES o]zt 9lt} [5]. H3, EFloatl6 Average
2ypo]F] AAWLL GPU (Graphic Processing Unit) (EF16_A) g2l A4 3-HE, 7l¢ 12-HER
TS AMgete] 32-HIE gAEERFATH P (single TAEY, 8-HE JFAFH ¥2Qd Minifloat(FP8)2
precision floating-point format)®] A4S 435l A 4-H]E, 7} 3-HIEE FAEY [6].
gkt (2], olw] REHEagsd Aixm xdS 93
2o s=do] zAge] Haslth 32-HE dAEUR ¥ 1. MEZ & gId L5 257 4.
BeAedRg 92 AURE e FesiadFH Format sign | exponent| mantissa | total
P23 Ao w BhFo] Jhestth dt=do] AdE FP32 1 8 23 32
A AR = A mEA Ageolr] AlAE Y TF32 1 8 10 19
Ag/9A 284S fdl ohYgst dure Fsiad FP16 1 5 10 16
AAS ~To)7]) AlAH A&t HES HIUMshE BF16 1 8 7 16
AL e =g s}, DLF16 1 6 9 16
EF16 A 1 3 12 16
FP8 1 4 3 8
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P2L HLsrl A% g5

2xol) MAYe fFxRE
ARESEGITE. AAA dlolol= fgE #lololR 784 79
THoR FAEY, FHA goloj= TEA(excitatory)
Tl oAl Gnhibitory) rHo®  FAEW 747t
THEY e Fdsith FHA ool 400 A<t
1600 79 S8A wH JAY wHoem A5
At LIF 7o 228 ARRsia aig datol
gt ddxe] Reasd P48 Hgedn. shee
9 dolg 6 e HAE Holg 1 WS Algalo
183kl t.
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(a) 400 (b) 1600
# of excitatory neurons
mFP32 mTF32 mFP16 ~BF16 mDLF16 =FP8 mEF16_A
I3 1. 754253 FYd BE Avo)F A8 FFxE;
(@) TEA 74 40070, b) TEA 74 16007 € @ FIF=.

a9 1 & 993 AUEE VX E BEiaed 348
2 g3te] 53 ~uto]F) B
FP32 & frdeo] 400 7§, 1600 7§ & = Z+z}+ 81
88.6%° AE=E 71xlth. FP8 ¥ EF16_A &
5 F2elA= FP32 oF vl 48
TF32, FP16, BF16, 18]i DLF16 & # &3 HF#o]
400 A 2ol AMATolM 42 78.8%, 81.5%,
74.6%, 123l 80.6%< AEFE=E 7HAH, 1600 7| 4
W Z7Z 85.1%, 88.3%, 83.5%, 89.2%° AHILEE
7}At}. FP8 3 EF16_A & &39S 499 4%
FEo] 400 /N ¥ W RF 9.8%, 1600 7 &
10.9%, 9.8%% A7} AA FAsh],

24 E77F HA & S g1 5 4
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=—B—4-bit exponent
—— 5-bit exponent
—#A— 6-bit exponent
— — FP32

3 4 5 6 7 8 9 10
Mantissa size
a9 2. B54AFRE HEZY & Ano|7] A% A=,
avtolq AA%e % AEE §Ad7 A
HAxd) A5} A5 HE 2718 ARSI g8 A5
A71E 4, 5, agla 6 MER 1A e AVE

o
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MASY Sl AHEE 3PS 19 2 & FRA
rele]l 400 MMz A" Aol ARF A Aot
Aol Aol mhe ARED wolzr, AFAh 4-uE
o4l W 7157k 6-HE o] oWl FP32 FH 3} FALE
AFEg nalth AW, v 5-uE old o o
A7t G4 Aacs 9T 5 dvh wEkA,
LIF 5798 A83 2vtolq AR oo 93
fol BEshl SIS HA 4-uE A5e 6-HE
ek Bad Ae A%+ Yok
2 2 OUE RELSH P9 H=dol ug
Area Power Energy
Format | gum) ) )
FP32 310.08 95.43 257.76
TF32 193.60 58.31 79.58
FP16 162.88 48.32 67.27
BF16 166.72 49.75 55.15
DLF16 164.80 49.32 61.57
FP11 88.96 25.10 16.58
Aol H8E e REasd FA9 sl
N8 AEsta wlwsty) Sla) REasy die] A4
BE A5 7akreb 7bg 7M1 E Verilog HDL &
AAst] 65-nm CMOS &8 °o® A8t & 2 =
T Aztolm, Shel AdAF P AHYn

FP11 & A5 4-H]E, 7} 6-HEE 7 g4 o)),
FP32 = w4, 39, 8 AuAE 71 ol 2EsH
FP16, BF16, ~12]il DLF16 & FP32 <} #|uwstdd
WA 99l E Ao ARkE AuH|Ehal oluA] E&S 4 vl
etk FP11 2 WA, 3k9], 9 oy x] SwelA 74
E&Hola, FAHOZ FP32 9 Bladte] 7247t 71.3%,
73.7%, 93.6% TS FAT 5 Qi
v. 28

23to]7) AR LIF wFdo] #Hgrtssr vt
AUEE A REasd 948 B TR,
FP16, BF16, 12]3 DLF16 @4& 2vfe]7] A7 we]
LIF 3o AH&3te] F&ro] 74 §lo] 8 7Me3hs
Ak, =3 LIF 7ol 4873 A HE A71&
‘{"i‘ﬁﬂ' Ay X4 H|EV} 4 H]|E o]Atolal 7} H|EV}
6 HE o|Ad u AHIwe 3 glo] & )
wlgbx] FP32 WU}l 2o H|ER 3%o] spssln o=
28 st=go] glas AFSSS a9l
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