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Abstract
learning ability of agents effectively. However, these algorithms consume a large number of computing resources, which

The combination of reinforcement learning algorithms with artificial neural networks (ANNs) enhances the

are unfavourable for hardware implementation. Bionic spiking neural networks (SNNs) convey information by spikes and
possess energy-efficient and hardware-friendly features. It is promising to accelerate reinforcement learning and develop
embedded self-learning agents based on SNNs. Nevertheless, SNNs lack efficient learning algorithms and their training
processes are really complex. As a result, it is challenging to design and implement SNNs. This paper proposes a
hardware-friendly reinforcement learning algorithm based on an SNN by introducing famous artificial synapse element:
memristor. Data-spike switching spiking neurons are designed especially. Then, we improve spiking-timing-dependent
plasticity (STDP) rule to combine the SNN with reinforcement learning organically and the corresponding memristive
synapses are created. Besides, the dynamic adjustable network structure is created to increase learning efficiency. Finally,
a series of simulations show the effectiveness and advantages of the proposed scheme over conventional reinforcement

learning algorithms in applications of CartPole-v0 and MountainCar-v0 in Open Al Gym environment.
Key words Reinforcement learning, spiking neural network (SNN), spike-timing-dependent plasticity (STDP), memris-
tor
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Fig.6 The training process of memristive

spiking neural network
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4 for episode =1: M do
5  WHREIARES so

6 repeat
7 IBATIM 2%, 1533 5 ke Q.
B S kv ks ] 2,

8 PARE € BEMLIESRNE ar, DA 1 — e ST
ar = argmax Q¢

9 PATENE ar, BBIEAE re FITF—ARES s
10 fEhit e = (8¢, at, 74,841, th, Q) TICIZNE D
11 if ZEREECNKT o, then
12 M D HEEHLIR b STedl

(84, a5,75,8511,ths, Q) VENUNZFEA

13 R sj11 AR ML, 153 Qi
14 Y =

T, WRATSSTE stepj1 4R
5 +ymax Qjy1, N
aj+1

15 HARlk oy, (t) B ny,; = ceil(yy)

16 Mg AENE, 23 5lHE (22) SR HAEDr
TD RZERHE

17 ZRYEE STDP Sk &M 4%

18 St < St+1

19 until s is terminal

20 end for

4 SR
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FF, BRI AE RSl e F AR, /NEAE
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SO E AT A L. X AR S 4 DR
a) INFAEHUE EAALE ©; b) PSR BT Y
Jeffy 0; o) IR v; d) PHHTAEE w.

K 7 CartPole-v0 7niat &
Fig.7 CartPole-v0
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1 1 1
5= 105 (3 * )
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W 8 Frs, — W/ NEgCE T PR LI Z 4], /)
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25, iR IER 1. R 1 WIRR T RSEME T
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PIZAE T AT SET. TD Jy 28/ NRIHAE S ROR T 5.
CartPole-v0 B A2 I5H 4 4>, MountainCar-
v0 h 2 4.

Tl RREBSZZ 0 TD Jr 24T 1

Table 1  The comparison of TD variance for
different hidden neurons
1155 CartPole-v0 MountainCar-v0
Hidden =1 27.14 5.17
Hidden = 2 24.52 5.03
Hidden =4 21.2 4.96
Hidden = 6 19.45 4.87
Hidden = 10 17.26 4.79
Hidden = 12 14.04 4.65
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Table 2 The results of comparison (B)
LRiEiETN IR EL BB ¥ CPU I3 (%) IBATHITE] (s)
MSRL (CartPole-v0) 98.93 1.28 12.0 3528.38
DQN (CartPole-v0) 61.79 1.22 23.5 1119.52
Q-learning (CartPole-v0) 11.83 1.14 0.3 105.60
MSRL (MountainCar-v0) 183.87 1.23 11.8 1358.14
DQN (MountainCar-v0) 204.32 1.12 22.9 359.21
Q-learning (MountainCar-v0) 250.26 0.98 0.2 32.68
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