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Abstract With the help of Artificial Neural Networks (ANNs) , deep reinforcement learning
algorithms have achieved great success in complex tasks, such as playing games and robotic
control, etc. However, compared with the mechanism of reward-modulated learning in the brain,

deep reinforcement learning still has a huge gap in cognitive ability and computational efficiency.
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Inspired by the spike-driven communication in the brain, Spiking Neural Networks (SNNs) adopt
the spiking neuronal models for calculation and exchange information through discrete action
potentials, 1. e. , spikes, which greatly fit the mechanism of biological neurons. It is demonstrated
by much research that SNNs have distinctive properties, such as complex time-series information
processing capability, extremely low energy consumption, and strong robustness. In addition,
SNNs also show the potential for continual learning. In the field of neuromorphic engineering and
brain-inspired computing, SNNs are widely concerned and known as a new generation of neural
networks. By combining SNNs with reinforcement learning, spiking reinforcement learning
algorithms are considered as a feasible way to develop the artificial brain, and can effectively
explain the discovery in the biological brain. As a cross-discipline research area of neuroscience
and artificial intelligence, spiking reinforcement learning algorithms cover a large number of
outstanding research works. According to the emphasis on different fields, these research works
can be divided into two categories: one is to better understand the mechanism of reward-
modulated learning in the brain, which is used to explain the findings in animal experiments and
simulate the learning process of the brain, such as R-STDP learning rules; The other is to
improve the performance, energy efficiency and other specific indicators of various control tasks
requiring reinforcement learning algorithms to solve. With the unique advantages of SNNs. this
kind of algorithm acts as a robust and energy-efficient solution for artificial intelligence, and shows
great application potential in the fields of robotics and autonomous control. In this paper, the first
part presents the cornerstone of spiking reinforcement learning algorithms, that is, spiking neural
networks and reinforcement learning, and then analyzes the research characteristics and progress
of these two kinds of spiking reinforcement learning algorithms. For the first kind of algorithms,
this paper focuses on analyzing the reinforcement learning algorithms using the three-factor
learning rules, and introduces their physiological background and specific implementation
methods. Based on whether to use ANNs during training, this paper further divides the second
kind of algorithms into spiking reinforcement learning algorithms using ANNs and spike-based
direct reinforcement learning algorithms. As far as we know, this paper takes the lead in
systematically sorting out and analyzing the latest progress of spiking reinforcement learning
algorithms, and comprehensively shows the different ways of applying SNNs in deep
reinforcement learning algorithms. Finally, this paper makes an in-depth discussion of the current
challenges and follow-up research directions in this field. We systematically summarize the
advantages and disadvantages of the current research, and look forward to its future impact on the
field of neuroscience and artificial intelligence, so as to attract more researchers to participate in

communication and cooperation in this new direction.

Keywords spiking neural network; reinforcement learning; brain-inspired intelligence; artificial

intelligence; neuromorphic engineering
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3% (Long-Term Potentiation, LTP) L K 4 i #2411 il
(Long-Term Depression, LTD).
2.3.2 ZPHERFATHM

R TSR AT R st [R] RUBE Rl 28 JT s 1R H A3 22 [1]
[ 2, BAR 2 fih ] 9 1 R B 22 M i 0 28 fik 5
P2 TT LR TG R R b i B T — R B
TR . HA TERR S S B AR AR K
Jih AR A EOR AR S A E A S ek
I G il AT SRR BB AR O = R 2 ST HL . A
AT = DRI 2R 2 >0 DU XoF o 174 2 s AR 3 2 X
BEE SUANTF « Aw,y = e, My,u(1)s ot s e, F7R R Al 1
PEAGIL . Myo(2) T = AR X R RHER
SR AR fil . 2 RS-
SRR 25 B I 3R 4 e 22356 T (R A 62 A7 5 02
55 AN B Bk, o AR S e
NYHIE S84 BE 0 22 » AE M., (¢) 7T DLk
BUEAE S (. R 2B e HE 0 8 fe o &L
AR R R 1Y AH S g N BT G JLAR AR
AR B SCHFRDGIT ] RUBE | GEA% 300 Ay S e iiE 4l

5 IC B 2 ) R TR], =R R A ) R ok
FIASE AR RN MBAES AR AR
BB fih AT SRR Z (AL ST T O S AR 1Y AR Ak
6 T Hbr 507w, KR m 12220 80%.
2.3.3 FETWFHE Rk

TEHE T I P 08 W 2 2] B b R B S iy
LA IR 254 1 B ARk b e 4 . 22 > Bk AR 4
SNN % 5 i ik oy 810 5 H AR Ik oh 1y 81 22 18] (9 22 5
XF W 2 R AL R A TR 2

Bohte % N4 H T SpikeProp B9 . iX J& 1 4>
it PR 22 R I AL R HEA T IR SNN 2% 2 Bk | dd ik
FIFH SRV ik v 2 Tt 1) 5 5 AV, 22 [) ) PRSOG 2/
PEATFEAT . SpikeProp BT SR T X fik i & il B[] 1)
SR REFF T K i A T8 R BT IS AR AN 22 B A
AT THOMERE . ReSuMe B35 % RS I 15 [B) 40, 4545
STDP IS [6] STDP i & 425 1 % Jik i 28 sl
FARHE . 1A 3L T Widrow-Hoff BL™, 75 R 75 2
AR OCT B Mk 5 B Rk 81
Z )Y 22 S5 o 5 i AR A TR 8 e LI
(?;:[S(,(Z)S“(z)][ad+ | ;ad,-(s)Si-(zf.s‘)d.s}, I
H1.5,(2):S,(2)s Su(2) 53 5 F R A G AT i Hh
(O fi J ) LA K B AR Bk e 510 A4 ok e e 91 4
R[] RUBE - B Jok o 4 28 o S(z)zzfé‘@,)aﬁqj

O (o) A2k PL vd BREL, 1, R 5 £ Ik ot 1 & i st
W] . a2 TR a,(s) 9 Hebb T8 BEAT 845 19 IE
Hebb I . a,(s) 2L STDP (124 2 % 1. H A
Xh
if =0
0, otherwise

Hd A 5 o E X5 STDP — 2, #2 H Ttk
28 R H 5. SPAN VL5 ReSuMe FIEHHL
ERFELS A T STDP FI [0 STDP & 2, I FLIE A
Widrow-Hoff #0158 32 1) B8 =2 Ak 78 F HOR ik
I B 2 3 SR RS AULA A DAAE T AT 8 L i
B
2.3.4 ANN-SNN ¥4

VT BB AE SR, ANN I 2R 50 R Bt il 2. 5
ANN A H . H BT 25 SNN AT 2 K i 15 %
A A0 i JIR VK e PR SN T R AL R T
ol 25 SNN 119 [RIXE , [R] s 2% #45 SNIN Ak #4080 1 £
e, ANN-SNN #4517 — Al 478975 . ANN-
SNN #4638 2 (5 FH 1A Jik b b 28 70 B9 & 0ok e
FRURBERL N T4 28 50 AR B 19 Re LU 8005 18, #1125
B ANN 55 48k SNNE™7 {5 A5 73 3 10 42 » I Ak ik
R 28 T ) R TR T 1 2 A B R 5 0 9 P fik o
K TCRECS U5 B A R . A ST IE A 4R B (Soft
Reset) 5 & F I IF #2802 RelLU 300G pRCEE ]
T mAG T

g T PRI SR AN S, B 5T N B AE ANN H 5]
A T #td—4k (Batch Normalization). HFZa34t1d
—Ak ANN (19 )2 5 th 09 318 R 0, IXARFF A e 4 )
SNN (R . R . 75 2k I3 — 10 )2 R f7 it
W HSHOE AN SEZ CERUZ 2R
BUA S AR 7 o B v Tk o i 28 50 R ORI 5E S
ANN (1) %5 J2 5 A i R 75 B R 760, 1 VST
T X SR T4 i (AL — k) b {4
f5] (P~ Ay LA B AR UH — AR R R s R T B
ANN-SNN #4487 DR IE S AR AR R 4 it O . L
BN , ANN-SNN F 46 76 48 3B Bt 2 A7 A — K
JE 5 2858 2 [A] A . b T AR A4S 1 SNIN fiE
ik 21 5 ANN A b2 30T To 0 i 1 RS B2, 76 5% 3
1 AR R DR SNN 90 L33 B — AN R
BUE(—M B0 LA, Bk, ANN-SNN #%
e B H B AE R 5 LRI 2 AY SNIN 24 ) B M L A7
TER KN 22 0E .

o=14e 7, (6)

az{i(
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2.3.5  BETUIRE R MR ) B

SR T P v ) 3 T I 1) A B R AR T s L
TV A M 2 > SR SR P A B 1 i A T
Y2 . B SNIN A ] 120 {8 o8 &K © (o) 247 I 1] 14 45
1BAf AR ek B o () 19 3 B AT S 1) A% 5 B
0'(x)=0'(x). & IR R EELFE Sigmoid PR
B AED) RS

i Bl 3 A 7 20, SNN iy ik o 5 5 AT DL S
ANN H RSO (B — AR AT I 1) 5 5 ) AL 7 . HLA
T » PR A7 FLIHC P B T I0 (L AY ~7 ~ Bk
K Ik P 91 RCHE 2 R ) 2D R i AL B SNIN R4
B s ok i PR 00 T 24 5 ECR R ZE RO Bk ) A
DK b e A FEAT AR B R8I S B ARE RT3 LA
ENEZSE R BURAE . X TR RAT 55 . | ek
H 2 P RS 2R T Y Ik v R OO SR LA B
FAT B fikcmp iR SR R K o 2 O S bR A
ST A SR AR AR B O R 2R AR L S8 LSS RE Y T
o] {48 . B Jm - SNNH 40 26 A8 A7 B2 [ 45 4 L X%F
W 26 S AT R . SR & 2 T T Y W
S SRR O ST B SNN B 25 7E
EUR 5> AT 55 h R BRI T2 4 1 o T B %
YIZRAT SNN 27 > S iy 23

3 Ei=xE3

SR AL 2T SRR () 2 RE S 5 PR A T R BB T
GRS ), Hoasd R R R 4 N6 35 .

(1) & ReR AR HHZISCIRA 5 5

(2) FTIRE s B RE MR I as

(3) HEEFEH 3 — B IR s

(4) A4 TR REVR 2 il r.

XA G AT DL A R Sy By R A] R P 3R ok 7R
(Markov Decision Process, MDP)™'. MDP i@ % #
XK —NITCHM=(S, A, PR, y). FEXAICH
th, SFVIREZS ], AFRTRNVEZS W], PRIAVIREF
RO, R Rs K pR 8K . R REIATE 5 5 A8 B
R S-S ES X ey T S
(Sos Aoy R1y Sis Ay, Ry, +o ) WNIET 3 Pz . S T2 i
& (Reward Hypothesis) , # 4k 27 2] B BT A H An AR AT
DIl ik Sy S0 B R AR il 0y e KAk . o — T R
TR LA S S BRI il TS g
YHEGIA AT SR Ak 2% 2T Y H AR AR R i KA Ay
Jei SRRl X A AT DARE R A B R R 2y . o B %)

J W B R OR i G 9 E LT IE: G =
R, +7Rr+2+72Rr—3+ ey Horp O<Y< 1. HT
FER B BT E R 915 3l 5 K S Dl =2 ] ) i -

itk 2,
®
03] i
Rt+1 Al
o| L f
@51 -

K3 Eh/R AT KRB SRE v BB AR5 PR 2 ) ) 2

R T AR R R I B il S5 DG SR B 2
PE—SE R Pl . XA )R A IR R 5T R Z
B8] Y AL i (Exploration/Exploitation Trade-off)"* ,
SR B A HE . KRR T FHRA X
W 2 A5 B T Ao N T A 2 AE Bk ek
PRIl . BRI S PR AR PR35 05 2 At
AT 8 TR S LA SR (H AT RE S A Y
i BRI R A/ . R BRI E T S A
TR TF R B PIME R B 3% 5 E LB ok
I ) T R B R R OT 58 T Z ) R AT KA . %)
W e~ B SRR — R R Y SRS . SR B
(R REARAEHEA T DRI L 23 LARE A e A 200 M 7E 5
Ve (0] N BERLIERE— SR R T 1 — e AR SRR
T RIS R Y BRI S . Hh, 0<<e<< 1.l
WA BE B B I A HE RS 2 98— MR/ N [ 5E
1A

R 12l 5 PR X S EER A sk 2] hid
FATEA LA BEAR A PN 2L 3R, RIVSRm AN (L
PRI . SR 2 IR 25 2 A S A Y B PR 3R 2 TR 11
WS 1 LA 23 S BEAIL P SR 5 8 1R SR . T
HE A AN R SV A T 5 i s 8 — e
AR . BEPLTESR I A B A A R ol Dol IR
AR AR EIE L SR R 21 T A SR R AT k. iR
28 2 RS RN R W S 0T A M SRk 1) B V2 [
8 5 T LTI 12 R 3R A A 30 B 7 1) AR 2
I o M SR TC I IR R A BT DA 3 S R
T3 AT 5 20, BV Pl ik >R Y SR 15 25 R
LS HANTR] . 5 BERLIE SRS AH LE 3 1 SR Y A
TE T 77 SR B D R ROR G . B B 1
W ] BB 2 B HNR B (Perceptual Aliasing)™™
18 ) L. 3 — i) L i i A AE R 4 T UL JR AT
& ¥k 3 32 F2# (Partially Observable Markov Decision
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Process, POMDP)H1 . X} F Hf POMDP #2459 4T: 55
5 B H MDP g e (H R B RE AR TC Ik H 4%
PR BLIRE S 1M 2 RRAS 25 T AR AR SR AE . 2
B BEAATE T N [RPIRAS S S o] BE A5 2 S 2 sl
AH ] B WAL, BV S » 30038 e 2L R IUAN [ 1)
BIAE .5 G B n] A, SR FH A T SR 23 (A5
B BRI TG , 1R FH BEAILYE 56 W AR 11 e 08 U
L SRENES
R T RN ARG 30 7 B A 1 £ X 5k
WA TITAL . BRI R T B AR 2l s Ak 2] v
SIAMNE PREOR R BRI IAEE AR il . ARPEAS
[ 8 7 S, A BRERCRT A3 A RSN (B pR B A S SR
M ELRREL . RS ERREL V. (s ) TR B REIARTEIRTS s it
SR IR R 235 3 1 fe S B AR 2 il DL H
MARATUFRN V. (5)=B[GIS,=s],Vs€S
YEMERREL Q.(s, a QRO FRF REIRTEIRA s Bk
TV a Je RIBUR G b 2215 B A B R R AR il »
HAE U Q. (5, a)=E,[G|S,.=s, A,=a] IREM
{EPRECS SR s B (B AT DL AR A~ AU E AR
RN V,r(s):za“n’(ah)QK(S, a) i B Q. (s,a)=

r(s,a)—f—yzx,p(ﬂs,a).

T e M 0 I B R 2 I I e T B AR T ik
BRBIAE . DRI (B BRI B 4R 10 SR AR DCIEG . 38
T XU {E PR B L3 BT LA SR WS B 08 45 A TR
W, B E R E0E ST M B — 7 O &R
HEMT A r=a AN S T Vses, V)=
V(). BT OCFR , 2 /0] IR B —A> S
AN T HABTA SR X R Fe LR o, HoE
K ime=arg max, V(s), Vs €S 5 A% MM 1)
AR E R EL V(5) R Vi(s)=mazx. V(s),
Vse s [ B, 5 sh 7E o 16 eR 2 Q(s,a) M -
Q.(s,a)=max, Q.(s,a),Vs€S, ac A TR
(B R ECR A S I B R AL R R R 8 B AR SRR, OF HL
H T H AU S AT DL 3R IR S AN Jay BR T4 ] R o 3R
w8 =X, B IR &= g A J7 FE (Bellman Optimal
Equation)“*. b, DR HAR T FEHA LU MFIE
2. V*(s)zmaxam[r(s, a)ty 2),;7(5’\5, a)V*(s/”,
Vs€ S5 Qs,a)=r(s.a) + 7> p(sls.a)max,
Q*<s/, a/),VSGS, a€ A.

S E PR A AT LIRS DLZR = 5 A 7 R kAT oK
fif . AR B TR DUR 2 e 5 BR A 1153 52 2
FERSE 32 BRI GE IR 78 S5 bt FH 3 8 25 7% 18

o 2l AR B 7 v ke Xy AR g . Y
15 A8 7 A 48 3 5 #E K] (Dynamic Programming s
DP) S35 525 1 3% (Monte-Carlo, MC) J5 % Lk &
TD % 2550 X T 78 45 78 P BE R AL 1915 B0 T oK fig
MDP (1) 5 L W 2 285 BRI & — AR 4 1 A AL 55
25 30 SR PEAG 5 SR G X AN TSR R T
DL Bt T s S KR 5k 20 DA SR A0S
UINIERES ANE/NTTIE S S isei & SR AR B2 S v B
BT AR B s SR AN BE RN SR RIs 7
25 TD % > . |4 76 1015 45 oI e 8 22 Dl o SR
Jo E B e RO R OR Ok 2R s AR A 2
(Bootstrapping )" [t VAR, X 45— 25 19 2 il ifE 47 Ay
T, AR B AR R T AR RS (B A Ao B
XY EPRS M E Rl X TE S SR h i
JIF AR B .

P E A 200 = Fh AL | 78 B 0T i {H e
By R HBE SRR 0 RS (BOIRZS - B EXH T
A (B A T PRI ARE T T A phe — SERH X ] B )
R LA 3 2 ) R IR 2 2 (8] 5 B4R S () kg
HREE B B UL T DI B 23 0 R KL
It BRI AR ARG 0 I SR DL . (X T
S BR A PR SREEE IAT: 55 HOR A 23 () Bl A 23 [ R 1
AR R, FE IR IOk P B B I R S A ] L X
SIS AR 14 B3 M LA AR FH A% X 00 1 o AR ik A 7 6
IRIFB— X H AT H R . R, SR Ak ) ki H
P DA 21 5 i IR AT B S 0 R W B AR AL A (L R
BRI 0 A 2 A ol A PR )3 B R R 3 — A~ mT LA
WA T ARSI R EL . G S
Bl B AR A T AL R KR IR A 2 > I it
WU O B A RRECHEA T SR, Sl A e 1t )
R R T SRR R AR ) B R TR A R 2R R AL A
> 7 VE e TR Ao 22 I 288 A1 g SR o 80 o {1 e )
AL BRI, PRI 6 7 B B PR R TR B B A2 ]

BeAh $Z 12z o] s R h R A T B 1 PR Ry Ky
BB, s Al 2] n] LA o3 A B8 (Model -based )
> B M TCAL R (Model-free) 2 2] B3k Xt T4
BRI~ o) Sk PR AR AR R AT L2 > i & 22 B Al
(1, AT DIl k2 2 1R 80 . ez, T AL A o)
AT EATATA S EE A5 B AT 2R R A
RUPEA T2 20 YNGR i 0 i A 8 e i o 5 5
WEEsE HATE)

SRR ) B T, JoRE R A ) B Y T
Pl S S BL, SE A2 P ST G, O HAE R IR S
R a3 Tz R S I, A
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FEA RIS Bk AR e AR I 2
BRI 22 5 AT DL O R 2 ] B A R — R
FF M E (Value-based) ) 75 3% « F& T 36 W (Policy-
based) 77 15 LA B AT st -PEHI 88 7k
3.1 ETHMEMTE

FE T 00 T 1 60 A {8 oK B AT S 80tk L A
B (8 eREON Y RDIRE S 0y shiAE AT 8, . T
UIRENESE G U PER BRI YRR eSS
Jily s G2 T B AR g (A 5 s . FE A (A T
Bk, A MR R QL ARSI QA
RS HARE A EM AR -k QE . Q&R P
(1) B — H1 X5F B T | B B A B — A7 6 B T AN [
AR o T A A% 0 B X0 W T 45 o RS 5 31k
T H R R AR R . Q2 Y 207
Pk AT R 2% 20 R R DR 2 5 #2 6 MDP K i
153 B R, HoE LA Q(S,A )< Q(S,A,)+
a( R, + ymax, Q(S,:1,a) — Q(S, A,)). fi 15 ¥E
R, QT RRRN X WA IR QR AR
AT LA FHAE I 25 30 ) A 25 ek i) s 1) 54k 1 g
e ISR S R B AR SR L) SRS

M IAEE AR AR A5 ) B AR R B Q e
SHAE R BAAR SR BT . PRl ek 80 o)
TR B E I DQN AR R 2R ) 5k
o2z A G H— A SHCh 0 1) N T2 2658k
A IEM AR Q (s, o). ZH hn & E R R AL
2 ) BB A IR sk S T WS A T R Y
A B S R N iR S BT P N
28 DA K PRSI DL 3K =AM BEARZ R i —E S AR
e AN & B AE B DQN Bk £ T 4 56 [k
(Experience Replay) LA & HF5 M 4% (Target Network)
XPHFE TR . HE AR B DQN AT T
— SEOph ST R R, X ST R FE W E Q A
(Double Q-learning)"™ . it 5 1 i (Prioritized
Replay)"™ . X 8 & 4% (Dueling Networks)""' | £
# 2% ) (Multi-step Learning)™™ . 43 1ii 5% 1k 2% ~J
(Distributional RL)" 7RI 2% (Noisy Networks)!"™
2 . Rainbow" "X DQNEIL P R4 T T 40 A
FIFE S AR T & RNA S FE Atar
2600 FHHE DU 1 I ERC 2803 R R 2 R Y AR
TARSEIKE
3.2 ETRMHAGE

BT R WE 1 7 VL PR R W B B B AT
4 2] SR PR AL, T2 SR S8R 7o dls ), IF

WS TEMERE AR T () BOH Ry R EBATREE |
FHEA PR G S O HAT LA . 2R AR Ay
VoJ (0)=E.[Vilogr,(s,a)Q.(s,a)] i 5245
W AT DL SRR B A AN 0, =0, +
aG N ylnm, (A IS, ). 32 5 W Ao i 1) 6 LR 0 , wlk
4 REINFORCE™". 5 i 7| A KL s %5, 7T LA AR
TR LR 2 ) i R i Uy 25
3.3 1TEhRAFHIRAE

Trahde VPRI e T ER A S TR
WA AR G A . B AT TSR T I
AN NTAZE M2 . —AZHCR w PFHI S T T
RV ER IR AR ) s — SO 0 1A T 8l
PRI REARROAT . 2= I W AT EhaR A TRERLB)
VE VPRI R T Bl B T B SR T (Al T4
HER s . I TR AT B A R RS A TG .
55 I [T IR, TP e B o A0 (B eR BSGHE A T S, LASR
WA AT . P I TIE AT AW PRI 45 (1) 240
HEFT R . AR S SCER K A T Bl A PP g A
NREHE R EZ B T HES T EfhitE
25 TECATRRE B A Ry P 2 S 2 =7 ik

A5 ALY 2 S A Y R 2k R ST SR A B O
BERERR ) T — MG R o ] T — R
W (B R AL I AN A 3 — M AT Sl g - PP g
D7k R B b RS AN eR B P 2
AP A T Az . RA
K A28 A RE AR UE H PR T PR 85 T R 1Y
s 2 VA S RIS S . FERRAR Ty 22 B [l s fin ey 2
BREES Y AE BB SV E AT Bl 4% - PEIR A% ik
FORRIR S AN eR B Sy SR ZR I, B AT 45 2100 35 R 25
it BB P 28U R +yVu(S)—
V(S,)s B AT #E S 1 22 A AR 3507 sl i - PF Fl 4
(Advantage Actor-Critic, A2C) 8.1k DL 525 I 3
17 3 2% - ¥ ) #% (Asynchronous Advantage Actor-
Critic, ASCSE. ILAk AT BN 8-S A A4
{5 AT 3R w& A AL (Trust Region Policy Optimization,
TRPO) 3L | 3 Ui % W f 1k (Proximal Policy
Optimization, PPO) BIEM™ | L MA47 3l &% - PF H) 2
(Soft Actor-Critic, SAC)SEIEM 1 VR B2 i o M R
W& A6 B (Deep Deterministic Policy Gradient, DDPG)
BRI RUAE IR TR BE 4 5 M (Twin Delayed Deep
Deterministic, TD3) 5 W& B 58 4% (HASE R
(2 B 7 DDPG 5 TD3 5312 2R HI#ff 5 1 e ob
AR 4 B ) HA B SR T B 2 BEAL R SRS . B T



2142 it A

Pl

L
&

Eitd 2023 4F

A3C.SAC.DDPG.TD3 5 ¥k K i 3 K 2 3 4 AR
5 4 B A A A R BT 2 [R) 3R (On-policy) 2%
2 I R A X S R A R R R AR HUBE
FHARAE 4 17 5 W E A7 15 A o AL 1 508 » PR AR AR
RORBCNIET .

4 psRUFEIIFEERRARSINR

ok i Ak 27 20 SEEAE A AT IR T Kt
T2 SRR ) A R 308 Aok e 252 356 5T 5 5 fh M 4 7Y
AH I HEA T A, HESNEE S AL T LA =R 252 > i)
SRy FEA A B ZE il T YR PR EE IS L L AR L HEE LB
FLh 22 W 2% (Convolutional Neural Network, CNN)
AR AR FE 2 ) AW BT, Bk npom Ak 2% > 1)
R Tk i 28 I 28— TR I 28 254 I ZR555 DA

FAT: 55 U5 2 A T = DR 2R 2 >0 B 52 B ARG 5
s S R TR 2E S . FARNT S L e IRy
Jik b Al 2 o Bk AT LASR SRS (DARTE
ANN SE B Bk b Aoy > 503k - Al Zhad R rp ]
ANN T4 B SNN #EA7 58 4k 57 >, LU S BT
2 SNN ASE R 2 38 3] i (Rl . (2) 35T bk o i) 4 i
Pz > S0k A8 SNN B R [l & o 72 v R A T
P4 JK i 24 B 5 S0 Ik v P ) e i A~ > I Y
{EL, I AR S 1) A3 i Rt v £ B A JRE 3 X A
SR ) RS S RO TR

SR koo £ 27 2 B33 1 AR SR Al
K4 i AN SR B Dk i A 25 > S0k vl fig
2 B R E W 28 A TS B . (ERAE S PR A1
IS K iR A2 > B 8 S AR P AT 2 Tk b
24 .

R

AL

| ikt 47

=\

O
Jik 22 [ 2%

O " k7] ]
Th i A %

-

HJT(‘MJ%?’%E@ i

?ﬁ%ﬂf%%% P2 T A5 e I s
N

|_|_|

g

BE

BI4 ks s > 5k B SR QA 14

4.1 FAZEZZIMNLHEELZEIEZE

TR = PR 25 25 0 H 00 S B0 Ay i Ak 25 >0 8 0
42 Jy I A A DA 5 LA % Sy B4 2 A % s 325 %o 2 fh
PR JEAT 5B o A Bk i 22 10 245 vh b s Ak 2 20 33 1k
HEA TS B
4.1.1  SRBEHE R : R-max 2% 2] FL

Xof T Jil 3R 2 5 g [ 8, Xof 7 14 2 fih ] 9
FIIUN R LA A2 il 5 AR S ) g 25 4 4 S 7 1 X
Toft D2 i 5 R Ak S %) 9 D00 9 R R R-max 27 2] B
DD 2 RV 58 4 SR s s 8y ik IO P B AL Ak o Ao
2y s =i ) IS Puy Ll E AR

Seung" " 15 F ki {5 FH 2 fish A% 356 1) Bl WL 2R 47
22 BET T — TR T SCE i R 2R S a1k
25 2], Horp 5 b AR i 4 )= 2 5l =22 %) Sh VR X6 v R
JAAC K 2 WAL ) M S5 A R L LA 5 ke Kl A )
K REINFORCE 537 7 5 0 32 S8 f A |

VERT TS B TF B SRR R AT A 0
SO SR S5 A TR S
AR AR ROARZS 24 5 f ] FRTIN . 56 fl i B o
S B O B2 p B S8 F RIS B g 1
A p—— Ut R A D A %
BRSSO TT MR 2 R Bk 2 S M AR
l‘ﬂﬁ%&%ﬁﬁ‘ﬁﬁﬁ,EﬂMK@#ﬁ?&@EﬂvﬁFﬁ#ﬁ?&.
S5 MR 2 9T B M2 T ¢ 5 M . BV AR

LI LA

Ve s . d
(Eligibility) e, # & X I FHE X :ey( 2, xﬂ)za

LlogP(xJa, 1) F R A 5K 1 o 7R W 25 14 JiT 4 3l
BARG, O RIR M S HL, ¢ KR BUE T By
PR (] 25 B S IR 2 B A~ Bl 285 m] AR A Oy T 7K Al
R Py fr, ). AREETT AN KK b 1 10
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TP zle, )5 q; Z AR E A ST 2 5300846 T
0 AN, Ak TR N RS BEAR L 2T S
ST 58 fl b 1 T RPARAS B 2806 &k o
AT
logp,; T IR, if s=1
(D
log(1—py) T IR, if s=0
Horr, s FOoRFEWA BT R . Lo, )22 2
PNIE
H T IR WAL 5B p,; LAAM B Ho At 2 fih Bl ARE SR
AHIC S FEXT g 3K T AT DL Z WS AR TE, DL R B As
A AT DA s an P g
el 2, 1)= 1=p lf =l (8)
‘ Py i s=0
MBEA%I e, (e X e, =pe, 1 +e(x,z, 1) Hhp
PRI H R . B HES 9 REINFORCE
2 BT LR IR A AG, =R (x,) e, HiH p 2R 2#
2GR (x,) Fem B 206 Rz R A ISR ) 22 Jih
555 fl R L 5 K e e 25 09 4 BF 5 1) B R Al )
T XA 2 ICHEAT A Xie AT Seung ™ 5 A AL I ik
T Bl 5 2 AF 5 R DCIK L o7 >0 BTN 7 1 2 4 Jily
LPATRENLAS B LT . FERCIR 2% rh 58 il 5 i 42
T RS 2 ik LU 1, FR 2 TR 40T Y DTk 2
R T g L) =201 wyhy(2), Forftw, A
h(2) 3 313 7s AR 28 70 j 1 0 2850 7 1 28 fl A EE LA
Kot ) 200 () 5 Sl B TS B . 7R 20T 7 & A ik o s b
2870 ¢ TS i L U AR AT o B ) SRR SR AN R
e S ()= ), 0 (1 T g St g
[ HE 0 (o) AL v bR T BRI T0 ) KK
55 a Bk L & R — > T EREALAS i, B TR
FUh 22388 Jo e Ly 2 S T A BEATLRE R . & = 1 FRon i
19 SRR 2250 BB 28T ¢ LAMR O A0 280 1 1956 @
ARk 0 & = O MR R A A TR 28388 T ARSI . XT
TG IE A5 2T F L 7R~ B G G5 A, 22 fih
B & F T AT BT Aw, = nRey. Hiry /&2
B RERINE T e e M ETT j BRI L0 25
BRI e, | (1) [s()—f (1) ]y (0) eI
s, (0= (e~ Ty) M EIE i Bk ok T 9], T
G BB . f(0) PR 2R TT ¢ Y HL U - G
s FH T AR H S/ INTH BB 28 T 0F 10 14 I 1) 2 i
F () BRI R, mE o, (1)=//(1,)/f.(1,)

ZOgPo(x/|f/—1>:

SRR L R i B RO T f 22 T A A R
PE I HL TRl i /5 e oo i AR S A
WXl DL 555 FH 00 pl 22 B A8 (1) n TF # 22 00) 25
fdir .

Florian """ FI| Fl 4 Jay 22 il {5 5% Jy 8 2 fk T 4
PESEA TR B0 T — R R S B bk b Ak 2
A X FRAHLRITEAE Y RS S B IR
Bl I ) B L B o AR B T A T RIER L %A
i OLPOMDP i {2 2] SRk 4 X Bl AL TF it
LT LR AT L X e — R E SR BE LR M 45 1
1438 FH 0 73 TG 1 B 7R AT 9 3 A% rh A T Y4242 Dl
BB FER A Al RO 7E LS, | TERR N 25, X T4
AN IR] B 2, 41 229 ¢ R BIK PP I BEEE A o, (2), X IE

f()=1. FEA KK . £(¢)=0. £ Florian A% 2 —
o TAE-rp 5 ke HECAN T ] S8 R A5 B3
wy(t+At)=wy(t)+yr(t+At)e,(t+ M) (D

eij([+A[>:lgei/(Z>+§U([) (10)
1 do,(t) . B
6. (1) dw; if f{1)=1

(1) = . . .
(D=0

] —o,(1) dwy; ’

o, J& A 280G j BB 28 50 ¢ IO 2R AL . A
N ) 2P B R R S B[] L 27 2] 3y S — A/ IV B
SR, e R TEREIE , § R L —ASBF L BRI B
SR AR P Ty =eap( — At/z.)
AN 08 1 Z MBS BUE , Horb o 25200 554K i 45
BORE Y B G I 8] H 5% . Florian 78 5 22 T4 it
AT T L ] 4 2 . I R i 5 ph 40 &
T AELAE Ry AT 2 27 038 P S AT T HE S 04T

5 I [R] s, Baras A1 Meir 255 55 W Aok i 55055 1w FH
F SNNL S T —Fh STDP 2% 2 B . A A58 5
Gt A WAL 5 )z Al F ) BCM AL 1A
%, HA R0 A2l . Kaiser A2 42 H T —
T B T 5 Mo SRAE 1) 2 Jl 2 ) IO 3 0o 7 e ni Ak sy
I RVEAL 2 il nT SV TS IE B AT 55 - B
FTE GBS . A BRI X AT 55 S5 T
BB AL B A% (Dynamic Vision Sensor, DVS)H#
PRSE SN PAIL S AL, IF HokE o T SEBRALES A
HOR TP B N T e ZEAE R A I [
4.1.2 BRSRRREL R-STDP 22 > HLN

5 A B R-max 27 > #0000 AT RS
AR WA B B rh A S Ok HIR AR 207 & X
(Y27 2] R . 3 e ) RN 32 B B A7 ol S v —
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SE L IR K s RERETE Al R AR )27 B 1 W], S 91 A+e7£ i A=0
XA AT 55 1 2 2 H v g 58 0 ) 1 s 2 R- STDP(A\t)= . (13)
STDP 2 > $j )5 —A_e™, otherwise
TES AT Ry L s AL R S T e AT iR AR Y dw, (1) —R()es(t) 1)
FAF I ARAA B, M W) 23 s b 28 7015 3 LA dr !

AT ST LR B VRS S B e B AR T 22 1)
A REATAE 55 A A s i) 1) B . 3k el 2138 R b ) ) R
A7 R 2 SCHR A 8% B A 328 v 22 Jil 1) 2 ( Diistal Reward
Problem) ™" ; i £ % £h.2% >J SCHk H » S8 FK o 15
43 K 7] 1 (Credit Assignment Problem)"™. Ay fi# Pt
378 Vi 2l 10) 3, Tzhikevich™ #5847 22 19 g o 45 19
STDP 2 S HLI 33X 75 5 Z2 B fF 52 2 i 55 Bk g
# il 98 5 (19 STDP (Reward-modulated STDP, R-
STDP)Z=>J i .

R-STDP %7 2] JL AR 95 A4~ S Bl 13 - (1)
Hebb AT 38432 14 Jil 19 195, 1 T LAl 5 2 18
JHE B 22 L K 22 9 ek STDP #4715 B iF 4 vh 75
DIE A s (2) 2 il 1 B2 A6 78473 » PASR A Hebb 3 [i]
WG 5255 & 2 R A AR 22 8E . X — MBI
FE SRR K B )2 DA B 2 A v YOS T Y
A BRUEPES. Q0 5 TR L X T R-STDP 2% 2 #L0]
HL 2 SR 1) TR 4 3G e SO AR B

STDP2% > % [

A+‘

Forb o T, 43 SR SR 5 ik i 60 5 ik 5 A 28 70 TRk
B Ar=1,— 1, AL FIA_JEPASIEH 80. H
TR R ARG SR AR A5 . o Al RIS
1EH B A3 9 R 1E B2 2] IR B9 . R(2)
ST, T LR TR 1 G 2 0 S Y o
2538 TR A L AP v JiE

&1 5% R-STDP 2 >J FLI v 5 sl A E 1) S
FEHEAT T BRI o 2T AR ZE fil i b 280
Ik 1 BsF T B 5 f 5 Ao 8 56 & ROk o g s ]
(A= 0) o 1 AR 3R 5 Ml 17 #2850 & Tk o ) B ]
M T 5 il S5 Pt 28 50 2 TS Dk b B BT CAZ<< 0. &L S
R A5 TR 5 2 Al R R A T A A G I O
2, A STDP %> 67 1172 A R (13) By pR i th £8
TS I TR T A S 12) | i A T b
TAXRAD PR ZF T BACE T H . X T2
12) 55— T 7R WE A& 0 1 20 LR A AT
B 20 5 T 565 300 3 75 2 o T J 140 S X Jok b ke % A 50
(4GRS S ] o A A BSORT Jhk ivb 2 s 225 SR Ay ek 21 5 R
A= OBz, Bz SCZ HL .

GO IZE ST

€ij g_‘_\_’ 3 -
—1 . RKESR

dey() _ _e(d) | STDP(At)o(t—1,) (12)
dz T,
SN 5
R B
i z_;,
t;

\J

BB

A

At 0

8 o

oL L,
i1 R0

|

0\_lEO\

t t

F5 R-STDP2EJ HUS, (A= 0 LT, At<< 0 i)

Y R 2 il 2 >0 ) E B 22 Bk, R-STDP 2% )
FRBE )2 0 TR A2 B s N S A
F5 T X =R ER A 2 N ) R SRR B T A
EH™. Mahadevuni £1 Li*F] | R-STDP 2% > #i,
D) 5 A UL P 958 v S B T AR 1Y) 8 5% b S AR

%5 . i Bing %5 A/ 3EF R-STDP 24 2 LI S2 3 T
vy 3 i (1) B as A A2 ] H b SNN ] DVS 78 2y
A IF T H AL A A A Dy A LR AR 55 A A
BT AE A LR BE vh BUAS T L S A A
PEfiE .
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4.1.3  FAUVEHFIER 1 B

RIS S FRNER AT LA AR R M T &
TR i 22 61 B 7 25 B 30 AR 36 T M = > 52 T 11
T QSR 4 R A R T 5 S AR T A R
Jili 2z 22 L DU A LA ]38 5 Xk T 0 2 2T A E Y
TG W B I (R B s B A B AT 55 AR Pk A
WAl . AR R AR S AT 55 M 2 R 5
T BB TEHIER PR A28 RE I BT &
SRR A ST B O El A S B B AR R A
PEHIER A7 SR 2R Bk | Y[R B 2 ) 2T 55
B 28 ABL PP 45 14 7 S 4R SR T A L R-
max % > B % R-STDP 2 5 KLU . 4, % FAE
EBCH BAE S5 R B R-max 27 S MU0 B0 T
HrIELR ) R-STDP % 2 HLI . X Fh i 42 bt 1T 55
A QE RSB DI % N

Vasilaki % NV SR 23 AT 45 RS2 Bl T 2448
PR B3, JE X SR mBh B S SR R Pk 24T T
RASAT . Frémaux 58 \VSEEL T — > BR A2 1) 1A
A Jif i PN < PE IR B XT R-max 2% 2] B 5
R-STDP %= 2] #0477 ik . 1 4h , Farries
Fairhall"™FI] 142 Jih {545 5 5 30 W80 09 22 il (9 38 47
EHH Z 2% TD 1% 22 #E 4732 1) . Legenstein 55
N [ AR S A A il A b 25 HL R X R-
STDP 2% 2 B 47 2t I S 0 125 0 R i i) &k
ARG 2 R T R . LA X s T AR A S ELY
“PEANER "5 TD 2 2 v F S0 05 il 100 15 22 1 01
FIBAFTE— AR 225, RIS Fp R 22 il (32 473
5 IAE SE B N PRI B NS BEUEA T A 4 I —
1) I3 B AR 2 I AR IR 2 = R 0) v g G A 1)
RBEIER 2% .

XiF T 2L T 8 A0 S 2R Ak R R L ) L
HUTFIER: Aw=(R — b)H( pre, post ), He1, Aw
PR RAMKGE LB R BR 2 RRIIES . 0%
INFELR, i T HGE w2 s A R A S,
WHWEVER. H(+ )22 b i bk b 351 5 28 il J5 pfr 4
TG PR 25 4 B 1) AT 5 pR B3 FH 1 3 ol A T 9 4
X 2 2 il TR 2 M i Ao 28 0 A B A 5 A A 2% ik
LTP ., 3 % LA 8 i 7 XA 7 S B
4.1.4 P22 2 W Bk op s e S 80

RUJLAS/INT B i 5 iR B 1T Bh 25 1
TR 8 B . X I SR W 1) T AR T L B AR
BBl AFF 22 B STt A e % ) A 11 2 i
SRR B HER LR ATAE R . T S s i 1 ) A,

B MAE LIRS 1 1) © AR 20, AT RE 25 K B[] 18
H e PEE AT BT . B ) FH SR 46 XX 2 Ty
TR EAMMAAER V2 [0, (s > Lk
GG ANE T ARSI LA KOHE DL TRl (]
A5 ok S ) AT D) ok B 28 432 ) AT Rk, T
Sh A WKk P A T A 2 A B SR

Potjans & A58 1 4 Jy # AT 88 PR RN 5 42 )R
LGS MG B T AT sl -PEHE Tk
TR TD 25 2 J& TD(0) 24 2] S i (i pR R
B A A A P . TR S SR B SE T, Potjans 45
N T ok v e 28 0 I 246 SE B A T s - PE R 2%
iy TD 2% 2] 5 2 TR {5 5 I8 15 17 2 19 52 ik
PR A IR T B B R ORI £ R RE (S
THREMSAE R A = AP T 5 il ] M | Frémaux
G NPURRHE Doya R H IS TD 24, R R T ik
49 i i 7 A R XA T Bl - PR R 2 A T T SR
W 6 s . AT HE A TD-L TP 5 2 FL 2 i
T ARG AR 2 2D B EHE SR B RS , 78 A S A
Yy 5 0 1% 22 25 AT 55 i A% ) T Sk . Zheng
Mazumder 4 Hy T —F Az 4 2 A B ELRE 4 A 4T 1)
TD-STDP “¢ ] LN, X 47 sh#% -7 R s a5 b 47 1
SNN fifi {452 8 . it Ah , Rasmussen 1 Eliasmith™* ',
FEH T — PR TRk s 2o TD 2% > Bk il 4
TR 22 WA A 2R 2 ST B IR S - B E A (A (Q D
FhTFHEAT SR . Bellee 45 A i i b B2 1 B 52 B A=
Wy B E R A AU A 22 5 fish v S PR R B R
TR Jih i e-prop 2 2 F vk . AT E S AE LA T B4 -
VP25 7 5 XA P 12 422 0 ik bl 28 o 28 4647 S B
IR T AL 4G Atari JEXRAE P9 R 2 BOR 5k 1L
5.

PEHIS LT

6 Arshan-TPHIER 4 5 TD-LTP 2 ] fL

X =R MR A9 TD 5, A KL
W EA W FIER w=0"H( pre, post )» o, Aw
FIRGEMALE BB 0 R TDHR2E . H (1« )0
FORIIE LG b/ N1 TR AR A T B EAR ] L Sk
Fax 2 TD 2% 2) 53k, Nichols % N HE L T —Fh
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Pl

L
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Eitd 2023 4F

TALRES LA 1 B 421 SNN AL AF5 0 248 2
fif it TR TR 55 . FEix = R G Hlas AR
SN $8 £ 75 1y Ao E A, i SNN R AL A $2 4t
A AL ]

4.1.5 ZFRARATIPERSE S

KM g AT SR 53 S 4% s B R T4 PR 28 o038 i
A JTACA 2 il 322 4 28 B, 3 LA B — 1) 5 figh mT 90
PEXT H AT IR . 25 B0 28 fi ] SR Y 5 2k L
b PRI 22 i 5 T BRIk i b 28 ) 245 R A LU PR
HEEny Il X 77

O'Brien I Srinivasa™ # H} T —Ff 57 8 (1) 25 21
PPHIRS S IE X R-STDP 2% 2] B B4 740 8 , LA i
TR [R s 2 2] Z2 A i o 2 Jily ) [ . LA 2 2 e
A RR S AATTEE i 7 A T IR AR R 2 2T B A
T Ao A PR R M T B PR AT A A BN Rk
SRe AR R TR

Yuan S AR T — A 25 A BRI SR AL 2
SRS ZAS R T L PR PR A 5 ik %) T 3 1 « AL
FIV M . B AL 2 fih 0 W 28R R 3 i = Ok 3 SO
UYL 08 5 fish A 28 326 o 79 R SOARE 23 A S B A T
Tl 5 A 5 i 4 7T 98 R S 5 i R-STDP 2 2 AL
A AR LA 58 Sl A AR SE IR . 3K PP AR AR A 44 R
Semi-RSTDP 5 >J HLI & AU 2 i iy ok w5 T2
il J Ik e A B A5 AN
4.1.6 BRI Sk

D Z2 UL e A A 32 i 208 o 1) 35 T2 b 2% )
TR WS T I R = R 2R A 2 B0 SR ) i
s 2 B AR A o = R R A T U B
TR 2 22 A i At B2 5 AF S ]
(Surprise) B 44y (Curiosity M5 5.

A, = PR 2= ) JN ) — R HE AR R L o 1 5
TR B A EE ] i A 220815 {5 %5 . 1N, Urbanczik
1 Senn-""7E 4 Jay 22 Jily (1) e fih b, XFAG SCREAAR I 137 11
F AT 5 fih ] SR 2 R AR T R T T IR AMESY £
T — BRI FH A AR RSN 2 ) R A7k 1%
k.

4.1.7  Feftr I MR R

T = PR3 2% 2 RN 5 R A 2 i S 80 X 8k
SR o TR AR TN A T AR R K
TR b AR T AT S5 M AE L T DL O = 50k ik
(Hyper-parameter Optimization) 5. % 3% i 5 I
22> F

Jordan % AR FHHT R /R i A2 BRI (Cartesian
Genetic Programming) "'V Jhy E AL 5572558 & Bk e

28 0 25 H B AT SRR RN . 3 S — R AR PR AT 45
SCRH OGP R A R AR ) 2E A RS A Bl Ak T
B X R IR B AT 55 AT O R e S R B

B R A R-STDP 22 3 JL , 22 91 1 4o
M 5a4 g .

Lu % N2 4 e 8 A T AT 55 A%
PEFNY e E A48 & A 0] i s Ak 2 ST AT 55 b RS
RIR AL A & I R-STDP 2= 3 #1000 1% 2y fi ke
T XOR Hl Cart-Pole {£55 .

4.2 IRIEANN LI BR SR E S E X

5 ANN i B R B R A AR L, =R &R
2 20 FU el T 04 42 JRy (55 M LK 9 AN e 16 A 7RG
AN H Y L X IR L2 )2 SNN K T B 1 LS .
T H 5 . 46K 2 B0R) FH = PR 28 2 > 0 00 S 0 1) e
b2 2 S AN B A 3L — S T B (R (IR A s i 4T 55 JI)
S T AT 55 48 1 1) Jmy R 6 TS [ AT 55 [)—
R AR E SNy i~ O P e L ey PR
KR BRI T 2Rk i R . S T e ik ) R
WG R R T B AT B TR R ik 2 )
R FRARHE ANN X Bk i fb 2 2] S b A TS0 e
4.2.1 ANN-SNN 4

FEATT B RE L kop s 2 T Y K HCRGE  BEE
SR Ik s 28 50 A ik o 2 B0 B S 5 BLRH 22 [T Y
R R i & HCR ) BUE S A F 0 81 1 2 6], i
S Ak ) T RO S GRS L QIE S5O A
ANAFAE B R A BRI, T UGN T IE R TJE 55 2
] AT T A . IR0k S 32 6 A A LIS T 1Y)
B ] o T 308 o AR X TR S AR 0 L T I FH R e 1) 4 i
SR ROR . IE XAV IUEE 2SS,
e TRt R 1) T 35 003 i %) ik v Ak 2 2 SRR 1)
I PG FE . SR I 25 0 10 R Ak 2% 5] ANN A
T, SNIN R TR 1] LT 408 il ke i fh 2 > Y1 Zad i v
FIFME PRECT TD R Z TR . T SNN Y
Hi H J2 e b R 28 T 1) 2 TR 5 HE R S Y Q(E
A B S R R AR T AR 8 K 0 R R X R e R
BB 1T AN TS B A5 B E A 0 A (A 285 5 L i)
T R0 R PR S o ANIN I 28 () I 2541
5 SNN 28 [ (ILREFEHEWTAHZS & . 0 X SNN
HEATUI 25 , ANN-SNN 5 4 3l BE 9% BUS 55 BT X6 1o %
JEE T 48 AR S A RE . (HR T TR B R R A
S R A R W REAE S5 HE B AER

Patel % N\ & Se 8 ANN-SNN 5 #e 5 v M i
SE MGy 2 S i ) (0 FH s Al ) S I Ry
DQN M %% . H T ANN-SNN %% $ 35 T 75 25 % ph 22
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) 28 1 AN TR SR AT 40 8 » B — J2 AR 1 48 5 L A8 T
IR 75 A A B IS B H . N T I e e
A R 22, R K PR AR /55 SNIN AP g, A AT TR
HREF BEAL AL (Particle Swarm Optimization, PSO)
BRI R R A S BT R s B
SNN 7£ Atari Breakout i xk i UG T 5 J7 4 ANN
A R BE L I8 T SRR I T SNN X A B 5
WP B B A G M . SR PSO BIA T 2
PRER I 25 0] 5 40 22 0 28 25008 U AR OC 5 1R e ™= A= 1)
T8 R AT X DAV X L DQIN B IR 1 19 2% 2544
o 43 K5 ANN-SNN #4077 v i A 3

Tan % A" [a] il 7 ANN 2| SNN A4 %% e #35 ,
X SNN i & Jift % 5 ANN (8 38405 {5 =22 18] 19 56 &
AT TR AT o AW ik . r(2)=
“%JMZ“NQﬁ¢AwmeﬁLEm
SNN H 85 /2 A i 22 (Le{ 1, -, LD, Vi Rl
Jik b 2 TC B AV,= Vi(2) /8, Vi(2) g 2B %
55 L2 bk o dh 2 e i B . %A SRR T AR
JEZ IR r () R ER S ik A JZ ([ = 0) B K i

%%&ﬁ@?mﬁ)zﬂgéﬂaﬁ¢%ﬁAMﬁ
th

H TG . AR B /R Z [ 0 QEAE & 2,
T IX G HLAG A R A0 0 Jok o 28 56 22 [8) 10 SE s e
PEEh e, 4t 7 —Fh &R R AT S 3R ik, DA
WD RR TP TR 2 L IR R ORI ] SR R T
%w%xwm?%ﬁﬁm_nm+ZyXﬁ¢
(1) F2 eI 25 L2 b ko 28 00 & HOCR AR
FRAE . R AbAT B T 15 B A5 2] 19 SNN 78 17 4>
Atari ARG T 5 50 DQN A 19455 .
4.2.2 FIRZEE

Zhang % N DHIHZRIE A5 21 5 K B ROk
A ANN 2 28 11 25 ANN 2 A= [ 25 5 5 25575 ol
ANN ZUT R 25 SNN 22 A 48 197 20, $EH 1 a7
A5 Jok i 2% 183 W 2% (Spike Distillation Network, SDN)
ok i A2 ) 7k L BSOS B IR EE SR A
2 2 B 1 (DQN/DDQN) X ANN #E47 Il 45 5 4Rk
Ja RN 2556 1 ANN 8 2 3l 7E 25 0] ok 45 2] J5 22
SNN VI Z5 i 75 1 2556 (Replay Buffer)™ s B e . A
22 55l HP R T R ) P B IR A A it A A BRI 2R Y
SNN 5 Il 5 5¢ 19 ANN h SEA 737 A2 5% I 1155 %
A SU R 5 5 » A T4 30 10 238 S 6 2k
TE SNN 47 52 AL HE » 58 B0 S 500 B3

7 TR A e 8 6 A0 eR B AT R
71 I ANN 200 0 28 1) T 000 A 8 S 8 7 % SNIN
SR W I 2 O ko Ay ) AR T — 4%
SR N GRas A . JE A SR TR R 2 2] Th R 8
TR B e BT B AR X B U i 2T ik i Ay 2] B
TS A BRI TSGR
4.2.3  BkebATshas 4%
ik v 47 Bl %% B 4% (Spiking Actor Network.
SAN) L FHEF Actor-Critic 77 ik #1752 81, Hi44
SRR TR T 1L B W 28 2540 . ANN 523 9 DF-H)
P45 5 SNIN S BRI AT 2l e 19 26 2R 0 A6 B2
TR AT U RN SR . T AT R A
it K oA 7 2l X 4 5 DR S B vkt e U3 A ko
sk Bk 2z 5 ANN-SNN#ukfl tr, 3T
SAN 52 31 TR G HE 42 B[] 11 530 2 7T LA K KA
P75 FLEE R, sl /0 i W7 Ao R b 0 B R RE SR L Ab
ANN-SNN HHAETE 23 il TRt B il i 2241k
PEBE LA R 1 SAN O & e ak fb 2 > 455 ik B
THARFA B AR Bk oh AT 4 N 2% 5 R ZE TR AR
A5 — 52 BRI RV 25 0 £ B ANNOG SNN 247
Ik . kAT 3l W 48 di R B A TRl 78 3 o] LA
T HiAT 3T Actor-Critic 7 52 U TR 1 38 1.2 >
SR TEARBUE JEAS YN R FE 0 1 B0 T 52 X TR
Trahas P4 i o6 £ AR
Tang % N Je 4 IR A HEZR (1% Actor-Critic
Trds RS T i bk AT Bl X 4 5 TR R VTR I
2% 20 Ji.1Y) Spiking DDPG 5332 e A~ I 2641 FH
JET BRI R I, HEEAHELR Q& 7 B . | T ko
R TR ) (P PR RS AN T AR o AL e 5 P A A 32 R
BOR TR LS R B RE BE . A TR FEHEIE sR BV
AR B2 SR PR BRI SO IR I
a, if|lv—V,|<a
2(v)=
0, otherwise
Horb 2 BB o 2RO » a, RAG BB
8 P 7 1T 300 3k i i TS R AT B A 25 T3
B LV s Vo JEEAT R K 00 AT 3 5 90 25 e 68 X 1

(15

Ve TESZBRIT B A VPAS i A b AT 1 25 05 Y
SAN 7 8 7E Intel i) Loihi # 28 AL BRES | . 7
7 L I L S ) A R R b R AT S TR I
Jetson TX2 112417y DDPG B 1%, Loihi iz 1T /Y
Spiking DDPG %7 BE % 1 4 Uk HE B Jir 7 22 114 fig
FEAG 98. 7% I H M2 B A5 i i 20 5
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ki 47 ) 25 1 4% Frah2s . 7R Z A, SAN 51k 5 PopSAN 5 ki
[P ik B@%B%%?EE????LIF%M%%,ﬁiﬁ%,ﬁﬂuﬁﬁﬂn
s ] I TANXER: ¢ dz":—VmLI,ﬁEP V, J& I Z 1
ki 22 %% VREE IR | JEEH o 7 e MRS () 0 TR A 20T B B AL IAE » 28
i I Fi Lk i SRR A Bz L i EAA S R sh
7 i BRI, HRE SR A I — . Rk
l l I MAC-SAN B ik Fr fifi R & B sh S ph &,

. dV.,

Hwa T mgE X SR — =V —

— - Hth 22 0 ) S 9 SO P = ==V,

BT BkohA T ol a8 o 2% 5 R EE T B 2

Tang %5 N“"7E 2 B SAN Bk TAERYEERE |, 2
T R R G B 1 ik i AT 34 ) 4% (Population-
coded Spiking Actor Network, PopSAN). i 1+ i £i
TR et 28 7T 1 26 R AR i B 5 58 PopSAN B ik
P R Hb 3G 58 7 SNN B RAERE Ty . TERF ARGt )7 52
H G A e B R B B 3 S WS e 4 Ay e AR A
H R Ik o T A A S AR 7 TN AR S S fie
HSAEENE . GRS A [ BT 5 AREA
AT Bl B SR WUEAELE $  RE A b B P 22T Y
RACRIE A, —e 7| | S s FR g A 69
SRARZSE . o 30 27 e 37 2%z B ) JA (B S A
2 XH AR SRR TINS5 SR TR
HH R AR 2R U AR T Rl T R ko ik
A Y 7 AT LA S PR COMER G 5 - 5B
N E] 25 B LA A eV D ME S AR AT 1 22T Y ok 5
C2) M 5 P A B « I 20 B ol A A R BE (A
A2 T Y SR il AL b ol 2T R
BB TF PRZE0T . SR S5 o3 A4~ B Bk i 13
FEVR A0 I I A5 S A R )P s BRI 1 5 S B A
H RS2 TT Y DK R DL LR T8 21 & %
RGBT A B A 3% 4 R TR T I ACK
RIS EN72 S EME . 5 Jetson TX2 FiBf7TRE
1rah s M4 AH L . 78 Loihi [i217H) PopSAN 41k ik
Wr (4 BEAE IR /D 1 99. 2950 , [A] I FEAT: 55 Mg E ik %
TSR

Zhang %5 N\""HF PopSAN Bk 2t L #2401
22 FUBE Bl 25 i e ek 0 Bk o A 7 oy 2 9 28 (Multiscale
Dynamic Coding improved Spiking Actor Network,
MDC-SAN). 1 X A 5% Hh B EAA AT Z 5 1%
JriE5I AT 3 &M 458 (Dynamic Neuron, DN %5
T AL A5 i DU A Bl 28 S 800 el 1) JEH o 7 —

Vj,z* Uj,1+1i,r7 Hrpr, Vf;'ﬁ V]-,J% £ B} 20 28 il )5 i
20 j AR B shASBEHLAL , U, 2 TR A A
8 HLBEL I T, 2 P A 1 5 ik T f 2878 4 ) ik e
RN AR . BR T AL Z A, S sz oT
SR AN R S B LA B H Al ) — SE RS i R i R
22 ey B shiAs , H K R P g

%:‘%V_m* .U,
V=0, v, >v, 19
U.=U.*t0, if spike
Horp, VR E S U S AR L SR E
e A B AU 2 3 0, U S BN 3 55

Wi XSS RO RN VY SR, UL %,
B LA U R ik bik it . rfy shaS S s ey
~J e i e [ 5 AR A [ 0k — AN 55 E AT
. PR XSS T K-means S35 AT R 2R
PLARAS 0., ZECA R SAR L . B O X B
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Background

In recent years, artificial intelligence, represented by deep
learning, has developed rapidly. However, compared with the
human brain, the energy consumption of existing hardware
systems to perform the same tasks is often at least one order of
magnitude higher. Under the guidance of the human brain, the
hardware systems that implement neuronal and synaptic
computations through spike-driven communication is expected
to solve the energy consumption problem faced by current deep
learning algorithms. With the continuous development of
hardware systems, related methods are also evolving.
Especially, Spiking Neural Network (SNN) is a new
generation of neural networks corresponding to hardware
systems. Although deep learning has made breakthrough
achievements in many fields, evidence shows that SNN can
perform better in robotics, autonomous control and other
fields. In these fields, deep learning algorithms often need a

large number of computing resources that are difficult to meet
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when dealing with practical problems. With the help of
neuromorphic hardware, SNN can greatly reduce energy
consumption. Reinforcement learning, as an important branch of
AT research, has proved its effectiveness in a wide range of
control tasks. Therefore, by combining SNN with reinforcement
learning, spiking reinforcement learning algorithm provides a
low energy consumption solution for continuous control tasks.
Using neuromorphic sensors, spiking reinforcement learning
algorithms can make the agent perceive and make decisions like
the human brain. In addition, in the field of computational
neurosciences a large number of researchers have used
reinforcement learning algorithms to model the brain's reward
learning mechanism, which also belongs to the research
category of spiking reinforcement learning algorithms.

In this paper, we present the research content of spiking
reinforcement  learning  algorithms, and  systematically
introduce the related work of spiking reinforcement learning

algorithms. Then we provide a comprehensive overview of the
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research progress of spiking reinforcement learning algorithms.
After that, we highlight several problems and limitations of
spiking reinforcement learning algorithms consisting of coding
schemes, the separation between the spike-train and the
sequence of reinforcement learning, the trade-off between
biological plausibility and performance, simulation platform
we discuss some

and open-source framework. Finally,

meaningful future research directions on spiking reinforcement

learning algorithms. We hope that this work can pave the way

for spiking reinforcement learning algorithms and more
researchers can join this field.
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