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Large-scale Brain-inspired Computing System BiCoSS: Its Architecture,

Implementation and Application
YANG Shuang-Ming' HAO Xin-Yu' WANG Jiang' LI Hui-Yan® WEI Xi-Le! YU Hai-Tao' Deng Bin'

Abstract Human brain has the ability of integrating multiple cognitive functions and strong autonomous learning
capability. With the rapid development of neuroscience, it is important and necessary to implement a brain simula-
tion platform with higher performance that is inspired by brain structure to further explore the brain intelligent and
mechanism of cognitive behaviors. Inspired by the mechanism of human neural system, a multi-core brain simula-
tion system BiCoSS is presented in this paper, which is based on neurocognitive structure. The presented system
uses parallel computing field-programmable gate array (FPGA) as core processor, address event representation
(AER) neural spikes as carrier of information transmission, neuron with cognitive computing functions as informa-
tion processing unit. It realizes the real-time computing of cognitive behaviors in a large-scale neural network with
four million neurons, and bridges the gap from the cellular dynamics level to comprehend the human brain cogni-
tion functions. The superior performance of BiCoSS is shown in terms of computing power, computing efficiency,
power consumption, communication efficiency and scalability. BiCoSS realizes brain-like intelligence based on the
computing architecture of brain information processing that is closer to the essence of neuroscience, and provides
new effective methods for the research and application of neural cognition and brain-like computing.
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System architecture of BiCoSS
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large-scale brain-inspired computing systems

Kt ag kBl B 2] MBS PR

BrainScaleS®!  #4ll  AIF  STDP 4 M N
Truenorth! ¥ LIF x 1M N
Neurogrid® A QIF I 1M 2N
SpiNNaker™! ¥  {fE  STDP 1B N2
LaCSNN®J e E5=3 STDP 1M N?
BlueHive®! 7 (RS I 64 k N?
IFATH B LIF x 65 k 2N
HiAER™ B LIF x 1M 2N
BiCoSS e Jas STDP 4M 4. 2N




2164 H

47 %

6 BiCoSS HY2EhNE 88 5 Fx#L %I~ A

N — 7 5 B 1) o S AT N S b T
22 UK &N, AR 22 70 I 2% 1) T H A B T
P 1R 22 I 265 30y 1 A M 5 NI R E AT NI Rk
Sk, A AR I TE SRS LA S SR I AR A R A
BiCoSS £ 4t A LASZ I v 5 RS ki EL AT A 3
RE TR 22 0 X 45— 7 THT 385 0 £ ) 28 A T LA BE
FI NN FOAT 9 B SRS, DT A A 4 78 A
G 1 KRS EN AL, 53 — 75 T BiCoSS ISR 1
HPERETT LU T 5 H SRR g BN TR Re X
. R TR BN FIAT IR, MR
20K AT T AR RN AT IR E AL, BiCoSS
RGN e 5 S B B ] R AR R ML DA
SRR H bR a3 — DR R L. 755 A
8 i e 5 Mz Bl 42 i LA K I8 By B4 14 5 T AL
I 78 R S TSR R JRATTISR A BiCoSS %
Gih 6 5 BT 35 Jr FPGA, 88 7 400 /ith4
T RS A 22 6 45 347 NI ARIHLA PR R 5
S THEL B 10(a) B A% T BiCoSS RAHIE
it G 2K, B DE2 JF A MCSEBLR i NE
TORAER, TR AR N B B UK R A JE i
P12 AL31% F) BiCoSS R4, F TR KA # 22
JLIM 45 ) BiCoSS 115 2 4u il i B i 49 25K iy 11
AR BUEIME S, R BRI %, B 9(b) ~
9(e) R TR BEh ] LUK IEH 5izsh g
RETF, FER GPi M40, /M GO #4J0. Bk
B JE AR 22 TG R S A B B S 5, 7RIS 3 PR
PR T, i 52 2 40 28 0 T80 AR I TR0 AR
N T IRISCR, BTN SER B UK E 515k F BiCoSS
IR HAGE D) 255 H 5 — 15 T A% ] PN AT 3 B 455 O 0 o
2.
LR R
TESRINFE MM T 26 h TSR TR AH
KA TR IN 2 2 A HF T8 B IR K R of e —
AR Z A TGS R, 1 )23 A% — I =]
SN R IS O G NE A o G
£ RO N\ i 7 R S 1R B0 SR FEL A [0 ) S et 468 £
SFL B SEEHLEY, Rk, BiCoSS RAHAL T 5t
N R S P K RIS JEE IR A A 28 T X 28 . % I 2% F 4
R (Str), & HBRIMUES (GPe). 15 HER A M
(GPi). FLMdJEAZ (STN) DY RhAZ F 4Lk, HArgotk
& (Str) #2704 D1 A1 D2 W53, 5 =Fi% % H
NGy, AR AY ¥ 2 RCIRHESI R 100 54
2 . BRSUIR A LLERA 7 AR R A4S 2 4h,
FABAZ A R 2 T0 35 5 A 2 1l FL IR I Tzhike-
vich #R) AL e RN T FioR:

6.1

HhkgE BiCoSS %4
(a) 2T BiCoSS R4 -7 & LK

(a) Brain-inspired computing platform based on BiCoSS system

PR E IR GPi fH1Z2TT
ik R
(b) PRFLFEH GPi A TE () B HI TR GR #iZTT
ik Jok b A
(b) Spiking activity of GPi (c) Spiking activity of GR
neuron during decision making  neuron during motor control

(d) IF KA 60 (o) EAREEHRA F

=y Gl o e R R
(d) Spiking activity of (e) Spiking activity of

thalamocortical neuron under
the movement disorder state

thalamocortical neuron
under the normal state

K10 SERAZGEMESTHE LR
Fig.10  Experimental setup of BiCoSS system and

computing results

x

thL x 2 xT
AagzooQWQ + 5V —

ud + 15 4+ I

xT
ij Vvij < Vpeak

du?; (8)
dtU =a bV — uy), Vi < Vieak
V;QJU =c, V;QJE > Vi)eak

r _ T x
U = Uy + d, ‘/ij > Voeak

Horp, Vg R, uf RBEIKEAE, I 2MHE
TEHRI S AR R, IE AN TUTE o TEAL B AL AT
(i, 7) AEBISMEEHLIR, Vieax 2 MEETCITBOR BIME (A
B4 30 mV), « AT MR GPe, GPi, STN =
Pl 22 0 H AT — . Sk F IR 2 X0 R B



9 WAL KA 5 R 48 BiCoSS: ZEH). SEIl % B 2165

TRe = = —hg; (1) + Si5(¢)

L) = Wany iy (t) (Ere — V(1))

HH TRe /& RANSZ R TR, Ere 2 tH K24
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Table 3  Parameter values of different cells in
the basal ganglia model
R GPe GPi STN
a 0.1 0.1 0.005
b 0.2 0.2 0.265
c —65 —65 —65
2 2 1.5
1% (nA) 10 10 30
Eamea (mV) 0 0 0
Exmpa (mV) 0 0 0
EGaga (mV) —60 —60 —60
Tampa (ms) 6 6 6
TnmpA (ms) 160 160 160
TGaBA (S) 4 4 4
Wsup2—GPe 0.8 - o
Wsep1-GPi — 1 —
Wsmn—api — — 1.15
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(Golgi cell, GO), 50 i HE 412 (Purkinje R4 DB R OR RN S 5l
Cell, PC), 50 734\%%%”@ (Basket Cell, BS), 50 Table 4 Parameter values of different cerebellar cells
FiN TR 40l (Inferior olive, I0) A1 50 J34™ — GR GO PC BS VN IO
HTE R AN (Vestibular nuclei, VN). Fiki 41 i 0 (mV) =35 52 55 55 38 50
(GR) FIg/REE 41 (GO) 3 2 REARHES. Fir i CoR a1 w6 0T ama 10
M TEANIYS G B TmIE R LIF B Hg— Greak (nS) 0.43 23 232 232 163 067
(It i FER e ke 505 R T Boa (V) 3856 66 0
qv G (nS) 01584 364 1 1 33 1
C i Gew (0S)  0.0216  3.003 — 17 -
— eV (1) — Br) — o1 (V' (1)~ Gas (1) 6007
bt~ 0 - S
Ginh (1) (V' (t) — Eipn) + 1, < & (ms) 170
Fireat, V>0 e (mV) 0 0 0 0 0 0
(10) Ginnt (0S) 0.012 — 1 — 30 0.18
t—to G (0S)  0.016
Gahp(t — to) = Ganp €xp ( - ) Tt () 7 — 10 423 10
¢ b Tinh2 (mS) 59 — — — — —
Gexc(t) = Gexe1 €Xp <— _— ) + B (mV) 82 75 88 75
" Gap (nS) 1 20 100 1 50 1
Gexe2 €XPp (- — > + Eap(mV) — —82 727 70 70 -70 75
; (11) Tanp (105) 5 5 5 25 25 10
Gexe3 €XP ( Tem) I (nA) 250 700
ginn (1) = Ginn1 eXp ( n:hl ) + A (BS) HIIHIE S, 2 55 Bk 8 4 1 RE %

Hrp, ¢ RMATTHBERA, vV 2REA, g, AR
R T, B, ARE S, G, AR KRl T,

Tanp 7= LU FAEIR WS (6], o A] LA {leak, exc, inh,

ahp }H LR —, 0 R RE, to £METT
) E—N Tz 12 | R, RAFET A5
AP . AN ) 28 AL A P 1) B AR S 5 2 0L
A

TE /N X 285 26 4 i ) JRATTR 22 i R BIE 9E 19 4
HH PR A ) 2 7 S /N P 2 s A R AT AR
H AR NGBS B AR 4E (Mossy fiber, MF) 1%
G R (GR), BUR4EM (GR) 5 /K E= 41
il (GO) M EHEE, Fi NG BT A3 IFd it
T4 4 (Parallel fiber, PF) &% 45 i 5 57 41 iy
(PC) FITIRZHNM (BS). AMEBRZAE SHIAZ N
Mtz 2l (10), FEEA N Y 215 5l il AT 41 4
(Climbing fiber, CF) &5 45 & ¥4 (PC), i@
HK I 9% (Long term potentiation, LTP) #ll
KB A2 (Long term depression, LTD) 5738 H
R4 fAE PF-PC 1) S il 51X 152 /) il 2

SIAEG. tEAt, W HE R (PC) id4&32 ok B TR

YA (VN), ATREAZANM (VIN) FA % H R RN i 1) ¢
5T, BT S IR S SR8 S 1 2 Sk AL B
SRR, AL D0 S AR PR A S T i 22 e R I AR 7
KBz R, 5 RE 2 AR RO SR IR BRI
SR F), 475 IR IR AN 2 B Sk H 7 B 1) SO T e,
AN ORAE AR Y AR 5 UK. B 11(c)~11(e) on T
FE KB E IS, Bl Sk R 3 AR A4 1 T BE A5 50 4
T R TR 17 B 4 N 26 SR A0 ., B0 2 400 i AT 2
300 M4 A T FE A 1 5 ORS00 i P TR R A
BT DL Y, 0R 200 B A 1Y) A T30 26 o o R 38
5 2 N ANAR IR, SR JE AR /0N, 2% B RSORE 240 i mT DA

NAB 5 B0 B2 R T {5 5 A% 33 2 7 BT 40 M, AT
Xf IR BRIZ 3= A2 LR, SIS 1R 32 B 42 oA S
Ty
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JEAZ— F I B JZ A4 e 4%, E IR IR R i85
Bes A1 0 1) R 05 5 B S — 2 I A — e i 2 JE AR &
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GPe. GPi, STN. Ffii 7 JZ (Thalamocortical, TC)
POtz ], P eiid i KRR

dv
H;zOOMﬂ+5V+IM—u+I (12)
d
a%:a@V—u) (13)
R L E 3 4y, B
I= ]app + Isyn + Lhoise (14>

Horr, Topp XA RRSEAZ B BN LT, Tooise 79
M2 TTREAT R, Lyn TR, Bkt R AEA Y

VzmmW'é{Z:j+d (15)
HSHUE R 5 Fron. KRR E AN
I3 () = gijsj [V — Vi (1) (16)

K5 PRI BRI AN A 2 e B 2 U

Table 5  Parameter values of different cells in
the cortico-basal ganglia-thalamocortical model
- a b ¢ d Lupp (PA)
GPe 0.005 0.585 —65 4 10
GPi 0.005 0.585 —65 4 10
STN 0.006 0.262 —65 2 5
TC 0.002 0.2 —65 2 0

RANEFERE g;; N 6 PR, K 6 1 gine K
fu B AL, S AE R s; il AUE X

ds; ,

G EFW s -2 (17)

Hoofr, g R RAIERAT IS4, PO RAOHE 0T
1

FV)= 1w (18)

K6 PRI T B JE AR o 4 A
Table 6
the cortico-basal ganglia-thalamocortical model

Parameter values of synaptic coupling weight in

PR — I A RAEFERE g;;
GPe — GPe 0.075 4+ gine
GPe — STN 0.025 4+ ginc
GPe — GPi 0.015 + Ginc
STN — GPe 0.075 4+ ginc
STN — GPi 0.01 + 5¢inc
GPi— TC 0.01 + 5ginc

RIIBEN X R TC ML TTHIAN IR R N

I:&xﬂ(m?m)x<1—ﬂcm%““wﬂ>>
Px Px

(19)

HH, H A4 Heaviside B, Z4{fi i, = 30 pA, §, =
3 ms, p, = 25 ms.

5B U 7T I 48 TR R AT SEAE O

frel =1- ferr (20)
m
ferr = 77)’1 Te (21)

Hrlr, for RN RIGHT G 20 L, m Ros B R =
B L A TR P BB SR DB K TR, e RS i R
HH IE RO R B B R SE T fa RO TT
0 2 R TRCHE s T IE W K, R AT SR R s i
TERIEE AL T8 B RS PE DO AR IR

AnIE 11(E) Fras, BEAE 46 R A 5 B2 A 5 n, el
2 TR AL R SRR AE — VO Y ORI ANAE, A
9 R AR R — 2 1 T 3 B 4 T H T S R R R
B DRIUE, B JZ—HE A% — o i K J2 Ao 22 T ) 45 v 5%
i A 5 B8 P 384 o 2 38 Bl e RS2 0 S50 (1 2 22 A
R

T HRERE

VNS Rl e b S R Z R S = RSY AT N
WK 5 2 48 BiCoSS. % & S fie i e it it 5
VU e B E . 5 AMHAFI ZhREA 2 K
TR 22 T 0 25 DA K I T 2R W) k2 ST 7R 2
2504, MkEg ki 5 e, 22586
BRI R, BRI R L R R R
P, & A AT B A RIS RS 0 A6 AR 4 28 76 )
28 ST TE S5 05 LA BT 380 %) X 2% R T LR
I NI AT N T SRR AT 44 Aff b A 7 A
i ) R BN Z0 AL [FIINE, BiCoSS St 50
Ren] LM T 5 B AR 42 D s N LB RE 3%
WL LR RN R, AT SIS R (R A A
JA RN S KR vt 5 E LSt
R RIS RS, BiCoSS R4 H
HHEIH L. [FRE, BiCoSS %48 MK v 5
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