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Abstract  Spike-based information expression is considered to be the basis for sparse and efficient
information processing in the brain, but how to efficiently process and learn discrete spikes is still
a challenging problem. Following a similar spike-based processing in the brain, spiking neural
networks (SNNs) provide a promising candidate for a new generation of artificial neural networks
that would approach the efficient performance of the brain. How to design the adjustment of
synaptic weights is a major focus in many spike-based learning rules. However, other component
such as synaptic delay is also found to be adaptive and important in modulating the neuronal
dynamics in biological systems. How could plasticity on different component cooperate to facilitate

the learning is still a problem worth exploring. Some research attempts have been made in this
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field over the past few decades, but these explorations are limited to algorithms based on precise-
timing output spikes which are often difficult to design and even reduce the learning flexibility. In
this paper, we explore the possibility to further improve the performance of the advanced multi-
spike learning by integrating the delay plasticity. Inspired by the important role of synaptic delay
in biological plasticity, synaptic delay is defined the time lag between the presynaptic input and
the postsynaptic reception and introduced into spiking neuron model. Based on the efficient multi-
spike learning algorithm EMIL., which aims at firing the desired number of spikes without requiring
the precise timings and is capable of training neurons to complete different complex tasks more
flexibly, we propose two delay learning methods: Discontinuous and Continuous delay learning,
where the Continuous delay learning solves the problem of large fluctuations in delay adjustment
in Discontinuous delay learning. The two delay learning methods are combined with weight
learning to obtain two supervised multi-spike learning algorithms that combine synaptic weight
and delay plasticity, named as Discontinuous EML-DL and Continuous EML-DL, respectively.
This paper shows that the addition of synaptic delay can significantly change the neuronal response
and firstly verifies the learning dynamic characteristics of the two proposed algorithms. Furthermore,
the properties of our proposed algorithms are explored and analyzed through some simulation
experiments under different initial settings. We also show the effectiveness and necessity of joint
with synaptic weight and delay plasticity through the interval selection task. The experimental
results confirm that the combination of weight and delay plasticity improves the flexibility and
selectivity of learning on the basis of retaining the efficiency of the benchmark algorithm. Finally,
due to the inherent spatiotemporal characteristics of SNNs, we construct a spike-based isolated
word recognition system based on threshold-based crossing coding approach and tests the
proposed algorithms on Ti46 and TIDIGITS corpora. The experimental results show that our
proposed learning rules outperform the baselines, and verify the feasibility and effectiveness of
the proposed two algorithms in real-world task. These observations in this paper demonstrate the
effectiveness of the joint synaptic weight-delay plasticity which enhances the learning ability of
neurons and improves the performance of multi-spike learning algorithms. The research results
provide valuable references for spike-based neuromorphic learning and computing.

Keywords  spiking neural network; multi-spike learning; synaptic delay; neuromorphic computing
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MPD-AL with dynamic TIDIGITS 97. 52
decoding!!®!
ReSuMe-DWE32) TIDIGITS 92. 45
PBSNLR-DWE32] TIDIGITS 96. 50
ET TIDIGITS 78. 86
EML TIDIGITS 92. 18
Discontinuous EML-DL TIDIGITS 93. 17
Continuous EML-DL TIDIGITS 95. 47
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7E Tid6 My 74 bR 1 HE 280
ok b R T AR A B L AR SCHR H B T AR 372 Discon-
tinuous EML-DL #1 Continuous EML-DL 1 T H &
FE(SWATIF Liquid State Machine! ™) i ¥ fE ,
IKENT 95. 81260 97. 89 Vo (R, [F] i AT A4 B
BT AU RS IR TE T A SCHR Y
PR 2 2] SR AE IR R TR BT 55 o 00 = 1k .

7E TIDIGITS %44 F,MPD-ALPS 3%/ T 3
BRI B RS T 97. 52 % I MERR %5 [ 2H 2Lk 5
(SOM) Ky Jik i HE 28 fd 1T T K B /Y 3% 2218 & Il 4k
SOM HRFE $& U RE 775 >R H] Tempotron 57 ¥k 73 26
B T 3950 AR A7 i) 18 & 501 25 F0 1000 4~ JRA7
TAREA MR 3545 T 97, 40 % [l iR %= ; £ )2 SNN
FEZR{H T — 4 & FLf BRP (Biologically plausible
Reward Propagation) , 7£ TIDIGITS |15 % T 94. 86 %
(U R 25 DA R 43 AT DL R 2% v i 3 ) 4
R AE TIDIGITS ELFERA Rl te oy 11,8
PACHE B2 Lo A ) 5 HL B 88 P 52 2 R AR 42 BT V6 1 1
DL S AT A2 128 B ok e A 20151 B 5% ik AN
R AE AR R AP Y VA AE AR M U R 2 2 SNN
P 465 AE H 2R L L A SR I R B 9 R A Y
R B4 H), L HZE Continuous EML-DL &
HEARAR T 95. A7 YO R HER K.

L5 R FRATT T B AL A P AR IR A 5 fish 4 3R 1) 2
2 BREAEAR S R 55 2 AT AT A R A

5 BRHESRE

AR S Z 3 5 b HE 3B A A 4w BB i S 3 Y E B
YERIE %+ # 8 fil S 3R 5 | A K oo 22 Se i Al ey, 3 1
15 RN 22 kb 2 20 Bk EML, f g 8] Wi 48 08 A% )
T3 B RE TR] W7 4 R 2 2] v 4 3R 8 i Bl R 1 )
HE— 204 T S AE R A 2] T %, R TTRE Y b RE R
2] o AU AR S A B SR T PR 2 ko ) B
¥ Discontinuous EML-DL 1 Continuous EML-DL.
ASTONS BIr 4 B R R AT T RS AESY R
TS IE R 2 ) 0 L . LI A5 R 3R W) 4k R W 9
PER I BRI T W & i AR 44 B 2 —
SERRFEQR B T AR UE EML 22 2 ROR d i e . 3 4h
Continuous EML-DL % #: 5 Discontinuous EML-DL
AH L 6 45 5 18 28 B0 O L O g A, 0 AR A AR
it 2 fil 5% 5 52 R B 7 B0 BE RE R S AL . X 1)
WEFEAT S5 a7 1 o >0 Bk v 5% i AS R 0 8 58 AH A
FH K O3 TR AL R o 6 TiE 5 5 ik A R A A R (Y 3K G AT

SRR IR Wb B S B 4 2R 3 W HE G 2 T 1) A B 5
T IUAE S 2] b PR RS L f e A SCHE
PRAL AR PRI 55 Lok 3 i 9 3303k A 1 R 3 e
JEIR 5 HEUER i B L 1 K o 2R A T EE A B L AR ST
P B BEE AT T B SR WP BRI T 3RATHY
S AL PR AT 55 TP A SR AT A7 1

A S 3 K A 9 M S AR E— 2B AR T T R K
g S S R PR RE D F . R B 1 5% fih B IR R AR
K52 > A R - O 1 Bk e 14 v 20 o SR
FEMSH  AAY BB K b Bk R 2 35
R ARG L.
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Background

The mechanisms of cognition and solving complex
problems in brain have attracted considerable attention, and
spike-based temporal expression is considered as the basis of
sparse and efficient information processing in brain. Inspired
by this, spike-based machine intelligence has gradually
developed. But there is a gap between software simulation and
hardware implementation. Spiking neural networks (SNNs)
are one of the potential and promising candidates for efficient
processing like the brain where information is transmitted and
processed with spikes. Designing efficient learning rule is a
challenge for SNNs. Most existing learning algorithms are
based on the adjustment of synaptic weights. However, other
properties of synapses, such as synaptic delay, have been
proved to play a fundamental and essential role on neuron
learning. Although some studies have either explored the
plasticity of synaptic delay itself or studied the joint learning
with synaptic weights, most of those study are based on the
strategy of firing spike trains at precise times. It is still an
open question whether and how to integrate the synaptic
delay plasticity into the multi-spike algorithms based on the
desired number of spikes to further improve the efficiency.

A series of multi-spike learning methods have recently
emerged, which can train neurons to fire a desired number of

output spikes without requiring their precise timings, such as

neural network with biologically plausible reward propagation.
IEEE Transactions on Neural Networks and Learning Systems.,

2021, Early Access
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EML (Efficient Multi-spike Learning). This type of multi-
spike learning is capable of training neurons to complete differ-
ent complex tasks more flexibly, and to achieve competitive
results on the real-world tasks. Based on the previous multi-
spike learning algorithm EML, we integrate synaptic delay
into spiking neuron model and derive the Discontinuous delay
learning. The Discontinuous delay learning has the problem of
large fluctuations in delay adjustment, so Continuous delay
learning is proposed to solve it. Then., we combine the two
delay plasticity methods with weight plasticity to propose
multi-spike learning algorithms, named as Discontinuous
EML-DL and Continuous EML-DL. On the basis of retaining
the advantages of the original benchmark algorithm EML,
our proposed learning algorithms further enhance the selec-
tivity and flexibility of neuron learning. The simulation results
show that the Continuous delay plasticity has more advantages
in different initial settings. Furthermore, our proposed rules
achieve higher accuracy on the isolated words recognition
tasks than the baselines and are comparable with other spike-
based frameworks, especially the Continuous EML-DL. Our
works extend the research content of spiking neural networks
and provide guidance for spike-based neuromorphic learning

and computing.





