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In recent years, spiking neural networks (SNNs) have received increasing attention of research in the field of artificial
intelligence due to their high biological plausibility, low energy consumption, and abundant spatio-temporal information.
However, the non-differential spike activity makes SNNs more difficult to train in supervised training. Most existing
methods focusing on introducing an approximated derivative to replace it, while they are often based on static surrogate
functions. In this paper, we propose a progressive surrogate gradient learning for backpropagation of SNNs, which is able
to approximate the step function gradually and to reduce information loss. Furthermore, memristor cross arrays are used for
speeding up calculation and reducing system energy consumption for their hardware advantage. The proposed algorithm is
evaluated on both static and neuromorphic datasets using fully connected and convolutional network architecture, and the
experimental results indicate that our approach has a high performance compared with previous research.

Keywords: spiking neural network, surrogate gradient, supervised learning, memristor cross array

PACS: 87.19.L—, 87.19.11, 89.20.Ff

1. Introduction

In today’s research, as an important branch of artificial in-
telligence, neural networks have attracted increasing attention
of research institutions and enterprises, and have made great
progress in many ways, such as image recognition!!! and prob-
lem decision making. Spiking neural networks (SNNs),?! as
the third generation of artificial neural networks,>*! in-spired
by biological plausibility, are considered as new generation
neural networks that take a step further toward brain-inspired
intelligence, which simulate real biological brain neurons and
synapses®! and use models that best fit biological neuronal
mechanisms to perform computations.

SNNs using spiking signals of 0 and 1 for information
transfer for the purpose of simulating the process by which
the synapses of organisms receive cumulative information, and
neuron’s different spike emission intervals contain a wealth of
temporal information. The above characteristics improve bio-
logical realism!®7! and prove it to be an effective tool for pro-
cessing complex spatio-temporal information.®! In addition,
SNNs are event-driven and are only activated when an input
spike is received. SNNs have shown great potential in solving
deep learning problems owing to the advantages of high com-
putational efficiency, low latency and low energy consump-
tion, and applying to some devices based on brain-inspired
chip®°! and computing platform.[1%!

Currently, SNN’s main training methods can be grouped
into three categories: (1) Indirect supervised learning, i.e.,
ANN to SNN, this method first trains a non-spiking ANN
and then uses the firing rate of each spike neuron to approxi-
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mate neuron activity and convert it into SNN which retains the

e.[11-13] With some strategies, conversions with

same structur
almost no accuracy loss can be achieved.!'*! However, ANN to
SNN is only applicable to static datasets, not to neuromorphic
datasets since its limitations of rate coding.!'! (2) Unsuper-
vised learning, which learns weight modification of synaptic
plasticity, like Hebb learning!'®!”] and spike timing depen-
dent plasticity (STDP).!'3-21 Yet performance of those algo-
rithms is lower than artificial neural network (ANN) because
they are based on local learning rules. (3) Direct supervised
learning. One learning type is improved supervised learning
based on biological synaptic plasticity, e.g., Kheradpisheh er
al. used supervised STDP learning algorithm to train deep
spiking convolution neural networks for target recognition.?!!
Another learning type is based on spike sequence convolu-
tion, e.g., Mohemmed et al. proposed the SPAN algorithm,
which convolves the spike signal with a specific kernel func-
tion and converts it to an analog signal, allowing the Widrow—
Hoff rule to be applied directly on the converted signal to ad-
just the synaptic weights.??] Moreover, gradient descent is a
pretty common optimization method for supervised learning.
Bohte et al. proposed the first supervised learning algorithm
based on error backpropagation named SpikeProp, which ap-
plies the simplified spike response neuron model.!?*! Subse-
quently Tempotron®* adjusted synaptic weights by control-
ling membrane potential, ReSuMe!?’! modified the synaptic
weights by supervising the error of the expected spike se-
quence of the input neuron in the teacher signal and the ac-
tual output spike sequence. Lee ef al. training deep SNNs
by considering neuron’s membrane potentials as differentiable
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signals.®! Jin e al. proposed the HM2-BP algorithm, which
interprets the error backpropagation in SNN as two processes:
the postsynaptic potential change induced by the pulse se-
quence and the back-propagation of the loss function defined
by the frequency encoding.!”’! Wu et al. proposed a back-
propagation algorithm STBP (spatio-temporal backpropaga-
tion, STBP) that takes into account the spatio and temporal
domains in SNN.[28]

Our main research interests are focused on gradient de-
scent algorithm, and he most important step is gradient ac-
quisition, while the activation function of the SNNs model is
non-differential, and its complex neuron dynamics makes it
difficult to train. In the previous research, the common solu-
tion is to replace the spike function or its derivative with a con-
tinuous function similar to this one in spike-based backpropa-
gation algorithm,?°! such as the rectangular function, polyno-
mial function, sigmoid function!?®! and so on. How-ever, the
above work is often based on static surrogate functions, while
there is a gap between the real gradient and surrogate gradient,
and results in accuracy loss. In this work we try to propose a
dynamic approximation of the function.

To speed up calculation, a hardware structure is intro-
duced. The memristor is a kind of non-volatile memory, the
concept of it was proposed by Chua in 1971.13% With the ad-
vantages of small size, low power consumption, easy inte-
gration and memory calculation, memristors stand out from
the many neural analog computing hardware devices as one
of the most desirable solutions to solve the limitations of the
von Neumann architecture and realize the integration of stor-
age and computation. Furthermore, ion migration in memory
blockers is similar to the internal mechanisms of bio-synapses,
enabling the realization of LTP (long-term potentiation), LTD
(long-term depression), SRDP (spike-rate dependent plastic-
ity) and other bio-synaptic properties.[*!! In 2010, Lu Wei’s
team[*?! proposed that the conductance of memristor could
be precisely tuned by manipulating the ion migration in the
device, and firstly used the memristor device to emulate the
synaptic weight regulation and spike-timing dependent plas-
ticity (STDP).

It will have great potential to simulate synapses in neural
networks using memristor: (i) Memristor has the ability to per-
form matrix multiplication and cumulative (MAC) operations
in parallel as application of Kirchhoff’s law and Ohm’s law,
which are the core of various neural networks.*! The perfor-
mance of neural network model can be greatly improved and
system energy consumption can be reduced by parallel accel-
erated MAC computation. (ii) The conductivity of memris-
tor is adjustable and nonvolatile, and can be used as synaptic
storage weights for forward propagation and backward weight
update of neural networks. Yao P er al. developed a neu-
romorphic network for grey-scale face classification using a
bidirectional analog 1024-cell-1TIR RRAM array, demon-
strating faster convergence, higher accuracy, and lower en-

ergy consumption.* After that, they realized fully hardware-
implemented memristor convolutional neural networks for the
recognition of handwritten digits by integrating multiple mem-
ristor arrays. 33

In this paper, the main contributions of this paper are as
follows:

(i) We propose a progressive surrogate gradient function
to solve the non-differential problem of SNNs fire activity.
It can gradually approximate the fire function as the training
epochs increase, with lower information loss and higher accu-
racy.

(i) Moreover, a hardware deployment scheme on mem-
ristor is proposed to speed up calculations, and a GAP layer is
introduced in the last layer to reduce the number of memris-
tors.

(iii) Our model validation is on both static datasets
(MNIST and Fashion-MNIST) and dynamic datasets
(CIFAR10-DVS and DVS128-gesture), and it achieves state-
of-the-art accuracy for nearly all tested datasets.

2. Related work

We take dS/dul" as the partial derivative of activa-
tion function with respect to membrane potential u, where
S(U(t))=H(U(r)—0). Its derivative is 0 at each value except
U(t) = 0, where it cannot be defined, raising more problem in
supervised training of SNNs.
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Fig. 1. Commonly used surrogate derivatives. (a) Step function and its
derivative. (b) Commonly used surrogate derivatives. Green: derivative of
step function, it is O everywhere except U(r) = 6, where it cannot be de-
fined. Yellow: exponential. Orange: piece-wise linear. Blue: derivative of
fast sigmoid. The axes have been rescaled for ease of presentation.
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Attention to previous research has been paid to introduc-
ing different approximate derivatives as surrogate gradient of
spike activity. In the S4NN model given by Kheradpisheh et
al.,13%! neuron’s firing time of neurons is assumed to be equiv-
alent to the output of RELU neuron. Li et al.3”) introduced
difference gradients to quantitatively analyze the training be-
havior of SNNs and used the parameter control surrogate gra-
dient function. Sumit ef al. used an exponentially decaying
function in SLAYER.3®! Friedemann et al. used fast sigmoid
function as a suitable candidate in Super Spike,?° and piece-
wise linearity is commonly chosen,**#?! as shown in Fig. 1.

3. Surrogate gradient training framework

3.1. Leaky integrate-and-fire model in spiking neural net-
works

Spiking neurons are the basic unit of SNNs. Various
simulation models of spiking neuron inspired by biology
have been built for research, including the Hodgkin—Huxlecy
model,*3) integrate-and-fire (IF) model, Izhikevich model, [44]
leaky integrate-and-fire (LIF) model,!*! etc. We choose the
common LIF neuron model (leaky integrate-and-fire model)
for our work by considering the network complexity, the num-
ber of parameters and biological rationality.

The LIF model is described as follows: During a given
time window 7', membrane potential accumulates information
from the pre-synapse until reaching threshold, then the neuron
fires and membrane potential is reset to Uyeger. Apart from that,
the leakage term is introduced, which makes the membrane
potential of neurons gradually decay to avoid the existence of
previous memory after long-term interruption of neural activ-
ity. The dynamical evolution of the LIF model on a single
spike neuron can be described in the following formula:

1
S L R 711 )
t
T
i)=Y wi Y S (1), 2)
i t=1
Si(t) = H(vi(t) - 6}), 3)

where 7, is the time constant that controls the change of mem-
brane potential, v!(¢) is the membrane potential of the i-th neu-
ron of [-th layer at moment #, v iS the resting potential,
I!(t) is the pre-synaptic input, S'~(¢) and wlji are the spike
sequence and synaptic weights of the i-th neuron in the /-th
layer at the current moment, H(x) is the Heaviside function,
6! is the threshold.

However, it is difficult to train SNNs which are based on
discrete data flow with Egs. (1) and (2). They obey the follow-
ing iterative updating rule (rewriting the differential equations
as discrete difference equations):

Tm(vﬁ(t)_vf(t_l)):_(Vf(t_l)_vrest)+lil(t), 4
O == 1)+ — (00— 1) =) ). O

m

Accordingly, Eq. (5) can be simplified to

v

Ht) =it = 1) f(Si(t = 1)) + 1 (2). (6)

3.2. Forward and backward propagation

The binary data streams of SNNs flow layer by layer
through the network in the spatial domain (SD). Also, self-
feedback is passed in the temporal domain (TD), as shown in
Fig. 2.

—— Spatial domain

Hidden layer 1 Hidden layer 2

Temporal domain

Fig. 2. Spatial and temporal dataflow in SNNs.

Referring to the STBP training framework and consid-
ering the transmission of errors over SD and TD.[28] In SD,
layer-by-layer error backpropagation just likes the BP propa-
gation for a general ANN, which means that each neuron ac-
cumulates the signals error with weights from the back layer.
In TD, the neuron states are iteratively unfolded in the timing
dimension with chain rules. The objective function is defined
by using a least-squares loss in both SD and TD:

1 ?
L=—
ZK]; : (7
= 2

IZT: N
A 1,
Vs — & Yy
="

where y; is target vector, and y’S’N is output vector of the last
layer. In backpropagation, we obtain the partial derivative of
w by chain rules as follows:
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3.3. Progressive surrogate gradient

It can be seen that there is a gap between the surrogate
gradient and actual gradient, which leads to information loss
and final accuracy reduction. To this end, we propose an pro-
gressive gradient substitution learning algorithm of SNNs by
considering the update speed of the network and the accuracy
of the gradient.
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Fig. 3. Progressive surrogate function and its gradient at each stage (epoch = 100). (a)—(e) Shapes of the progressive surrogate function when
epoch = 10, 30, 50, 80 and 100. (f) Progressive surrogate gradient in each epoch.

We introduce two dynamic parameters and define the
function

k

g(x) e (10)
where g(x) is the approximate substitution function of step
function k, ¢ is tunable parameters during training process and
the value varies with the increase of training epoch. Here, k

and ¢ are defined as

P-epoch
0 = e Num_epoch , (1 1)
1
k= —,1 12
e (L), I

where P can be adjusted to control the shape of the function,
epoch and Num_epoch are the current epoch and max epoch.

According to the derivation, the gradient of the substitu-
tion function at each place is

g(x)=k-a-S(x)-(1-5S(x)), (13)

S() :

T iteath (1

The approximate function we proposed and its gradient
for each epoch stage are shown in Fig. 3 (maximum epoch
set to 100 and hyper parameter P set to 2). There are two
stages in the training process: (i) In the early stages of training,
our approximate function generates gradient information on
a larger range of voltage inputs during backpropagation than
the derivatives of the original activation function, thus encour-
aging more spiking neurons to engage in learning and reduc-
ing the likelihood of falling into local optimal values. (ii) As
the epoch increases, the function becomes gradually similar to

the original activation function, which means that the surro-
gate gradient information is more accurate. At the maximum
epoch, the approximation function is almost the same as the
original activation function.

The fitting results of the function can be influenced by
the parameters P, we will discuss the effect of its value on
experimental results in Section 4. Therefrom, we consider
that the gradient information dH /du;" can be approximated
as dH /Ju;" ~ g'(u) in the training process.

4. Memristor and memristive unit

This section introduces the implementation scheme of the
SNNs based on the memristor, the selected memristor model
and the memristor neural network operation unit.

4.1. The VTEAM model

Since Hewlett Packard Labs achieved the first TiO, mem-
ristor device in 2008,[40] the research in the direction of mem-
ristors has continuously received increasing attention from
scholars at home and abroad, and a variety of memristor mod-
els have been proposed one after another. Such as the Sim-
mons tunnel barrier (STB) model presented by Abdalla and
Pickett et al.,[*”] which is precise but the mathematical model
Sub-
sequently, the current threshold adaptive amnesia (TEAM)

is too complex to establish a simulation experiment.

model was presented by Kvatinsky ez al.,[*®! including the
TEAM model and the VTEAM model, with the difference
whether the current or the voltage flowing through the mem-
ristor is used as the threshold.

Our work is carried out on a more widely used VTEAM
model. Memory resistance changes when the voltage applied

068704-4
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to the device port exceeds a certain value. The VTEAM model
can be expressed as

k v(r) 1 Qoff 0
dx off Wott (X) < Voff <V,

Voff

E = > Von < V <Voff,
fon (22

Con
1) Won(x), 0 <wvon <V,

15)

where x is an state variables denotes tunnel width, v(z) is the
voltage added to the device port of memristor, Vy, and Vg
are the thresholds of the model, koff, kon, Qon, and O¢r are the
fitted parameters, ko represents being positive and ko, repre-
sents being negative, wop (x) and wogr(x) are window functions
used to control the value range of x.

4
<
N 2
o
N
- 0
o
5]
:
8 -
—4

—-0.8 —-0.4 0 0.4

Voltage (V)

0.8

Fig. 4. Pinched loop of the VTEAM model.

Suppose that a linear relationship exists between the vari-
able x and the resistance R(x). The current—voltage relation-
ship and the resistance of the memristor M(x) in the VTEAM
model are given as follows:

-1
Ryt —R

i(t) = Ron—f—i(’ff o (x—xon)} .
Xoff — Xon

Gis

- ROH
— a7

(= Xon),
where v(¢) and i(7) represent the current flowing through the
memoristor and voltage applied to memristor, respectively;
Xoff and x,, indicate the boundary value of the state variable
Xx. Rogr and Ry, mean the maximal and minimal values of re-
sistance, and A is the fitted parameter.

A square wave signal of amplitude sin(27¢) is input to the
memristor. The /-V curve is shown in Fig. 4, and it looks like
a pinched loop. In experiment, when the applied voltage is
below the threshold value, the state variable of the device re-
mains approximately the same; when a voltage above a given
threshold is applied, the memristor changes.

4.2. Memristive neural network

Typical memory network is realized by crossbar array,
which is used to map the weight matrix of one layer of the
model. The mapping relationship between a 3-by-3 memristor
crossbar array and MAC operation is shown in Fig. 5(a), G;; is
conductance of memristor representing network weights, and
voltage vector [V}, V,, V3] indicates the input vector of X. We
can obtain the outputs of current that represents the output of
the matrix by MAC operation louput = Y. V;G;; using Kirch-
hoff’s law and Ohm’s law.

The peripheral circuit structure is shown in Figs. 5(b) and
5(c). The 1T1R structure is carried out, including three termi-
nals connected to three different lines. One world line (WL)
connected the gates from same row, one same bit line (BL)
connected the device ports in the same column, and one source
line (SL) connected the same signal sources in the same row.

v Gn.\'Gu
K& S
o |
\ l\bm \‘ I, 115
A -, =

Memristor cross array

DAQ DAQ DAQ .. [DAQ
I 11 I
nn nn . nn
BL

o]
h
7

TIA ——ADQ

I
I
I
I
I
I
G ‘\'Gag 1 |
I
I
I
I
I

AR &

Fig. 5. Peripheral circuit structure of memristor cross array. (a) Memristor cross array, (b) mapping of matrix multiplication and addition
operations (MAC) in memristor cross array, (c) computational schematic of memristive.
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The data is converted into voltage pulses by the digital-
to-analog converter DAC controlled by the peripheral FGPA,
and input into in the memristor crossbar array. The memris-
tor array is capable of performing parallel calculations, the re-
sults are converted to voltages in the form of currents through a
trans-impedance amplifier (TTA) and captured by a high-speed
analog-to-digital converter ADC.

SNNs are hardware friendly due to their storage method,
event-driven nature. Compared to other neural network archi-
tectures, the SNN architecture-based implementation of the
memristor array model enables lower power loss and higher

computational efficiency.[#0->]

4.3. Memristive neural network operation unit

When a spiking convolution framework is used to pro-
cess image recognition tasks, including convolutional (Conv)
layers and fully connected layers. Among them, Conv layers
are for feature extraction normally containing 2D Conv layers
and pooling layers, and fully connected layers are for classi-
fication. Many previous works often used Poisson coding to
convert the input image into a spike sequence input,[!%-3831]
while this coding was considered to be degrading to perfor-
mance of network,?>>?1 and the suggested approach was to
input the image directly and has the first convolutional layer
for the coding task.

The structure of a general spiking convolution neural net-
work (SCNN) is shown in Fig. 6. In the identification work
of MNIST handwritten datasets, we use a specific network
structure of 32C3-P2-64C3-P2-FC128-10. Here the C de-
notes the {Conv2D-Spiking Neurons}, and FC denotes {Fully
Connected-Spiking Neurons}. In order to reduce scale of net-
work parameters and the number of memristors used, we in-
troduce the global average pooling layer (GAP) at the last
layer of our network framework in place of a fully connected
layer. Each layer of the memritive neural network deployment
scheme is shown in Fig. 7. One memristor conductance can

ristors is required. Two memristor with positive conductance
perform subtraction, it leads to two results: negative and posi-
tive.

For the input Conv layer, the 28 x 28 x 1 image will be
converted into 28 x 28 x L after convolutional computation us-
ing 3 x 3 x 1 kernel with padding = 1 and stride = 1. Here, L
denotes channels and its value is 32 in the first layer. To imple-
ment the convolution kernel unit on memristors, the 2D matrix
is required to be flattened and scaled to a 1D column vector.
The output of the Conv layer can be expressed as

Me

Y1 =Y (X,G —XG;). (18)

1

Il
—

There are average pooling layers after convolution computa-
tion, with size of 2 x 2. After the operation, an input image of
28 x 28 x 32 will become 14 x 14 x 32, and its channels would
not be changed (L = 32 in the first layer). This process could
be rewritten as a convolution operation as shown in Fig. 7(b),
which is calculated by the following equations:

1

Y :Z(X1+X2+X3+X4), (19)
1

Y;= Z(Xl’j +X5;+X3,; +X47j). (20)

The last layer is the GAP layer, which is directly linked to the
last convolution layer, and the global average pool of 2D im-
ages of each channel is given, resulting in an average value
for each channel, as shown in the Fig. 7(c). Set the number of
channels for the last layer of convolution to 10, which repre-
sents the number of categories in the dataset. After two con-
volution and pool-size operations as described above, the size
of the image becomes 7 x 7 x 10 and then a vector of 10 in
length after passing through the GAP layer. The output Y¥; can
be written as

149

. " . . Yi=—) Xi;. 21
not directly represent the positive weight, thus a pair of mem- 749 ; " @
XN
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Fig. 6. Structure of a general spiking neural network.
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5. Experimental results

Our experimental environment is based on the GPU of
the Tesla P100. We deploy the algorithm to SNNs of convo-
luted and fully connected structures to test network accuracy
on a number of datasets, including MNIST, Fashion MNIST,
NMNIST, and DVS128.

5.1. MNIST

The MNIST dataset, organized by the National Institute
of Standards and Technology (NIST), includes a set of 50000
images for training and a set of 10000 images for testing in a
format of 28 x 28 grayscale images.

The results after training 150 epoch on the spike-MLP
and spike-CNN structures are listed in Tables 1 and 2.

Table 1 compares the classification results with MLPs un-

der similar structures, and Table 2 with those of CNN struc-
tures. It can be seen that our model works well compared to
SNNs with the same structure, with up to 99.45% accuracy
on MNIST datasets. In contrast, higher performance can be
realized using our method.

We compare the impact of parameters P in Eq. (11). Fig-
ure § illustrates how different values of P influence the exper-
imental results. It can be observed that the value of P that is
too large causes the function to fit the original step function too
early, resulting in no more neurons participating in subsequent
training possibly falling into a local optimum; the value of P
that is too small causes the curve of the alternative function to
differ too much from the original function, reducing the final
accuracy. As shown in Fig. 8(b), the red curve at epoch =20
for P = 10 has early achieved a better fit, while the accuracy
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curve corresponding to it can be observed in Fig. 8(a) with
epoch =20 or so as the cut-off point, and after reaching the
highest accuracy rate, it has a decreasing trend into the local
optimum.

Table 1. Comparison with typical MLP on MNIST.

Model Model structure Accuracy (%)
MLP (,B?) 784-800-10 98.31
(Non-spiking)
[28]
MLP (S,T,BP>' 784-400-10 98.57
(Spiking)
[26]
MLP (,B_P)' 784-800-10 98.71
(Spiking)
MLP (This work) 784-800-10 98.86
(Spiking)

Table 2. Comparison with Spiking CNNs on MNIST.

Model Model structure Accuracy (%)
SCNN (pre-training*)[4!]
(Spiking convolutional 12C5-P2-64C5-P2-10 99.12
neuron network)
HM2BP?7! 15C5-P2-40C5-P2-300-1 99.42
SCNN(BP)[26! 20C5-P2-50C5-P2-200-10 99.31
This work 32C3-P2-32C3P2-128-10 99.45
Test accuracy
99
(a)
X 08
>
=
= 97
Q
Q
@
é 96 P=23, best acc =98.86%
= P=15, best acc =98.70%
95 P=10, best acc =98.55%
P=15, best acc =98.47%

0 20 40 60 80 100
Epoch
Epoch =20
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3
® 0.4
0.2
O.
—4 -2 0 2 4 6
u

Fig. 8. Effect of different values P on the experimental results. (a) The
results of different values of parameter P. (b) The experimental results
under different values of parameters P when epoch = 20.

We conducted experiments on the MNIST dataset and
compared them with the experimental results using rectangu-
lar functions, sigmoid function and other alternative functions.
The performance of these alternative functions does not differ
much. We get the best performance by adjusting the super pa-
rameters of the function, and the accuracy is between 98.42%

and 98.51% using MLP network constructure. Our best accu-
racy (acc) is 98.86%, higher than all the functions here.

5.2. Fashion MNIST

The Fashion MNIST dataset from Zalando’s research arm
covers a total of 70000 different product images in 10 cate-
gories. It consists of a set of 60000 images for training and
a set of 10000 images for testing. The rest of the format is
identical to the MNIST dataset.

As shown in Table 3, our network accuracy is 92.34%,
better than the same network framework non-spike CNN
trained using the standard BP method.

Table 3. MNIST performance on Fashion MNIST.

Model Model structure Accuracy (%)
ANN53! 400-400 89.01
HM2BP!27] 400-400 88.99
TSSL-BP34 400-400 89.80
This work 400-400 89.89
ANNDAI 32C5-P2-64C5-P2-1024-10 91.60
2C3-P2-64
This work 3263 64C3 92.34

P2-1024-10

5.3. NMNIST

SNNs have a great advantage of processing time infor-
mation, while dynamic datasets contain richer temporal in-
formation features. We evaluated our network performance
by the N-MNIST dataset, which is a dynamic version of the
dataset MNIST that is converted using scanning by dynamic
vision sensor (DVS). The DVS collected events are triggered
by pixel intensity changes. The events produce only when the
pixel value changes by a user-adjustable threshold, and each
event encodes pixel’s spatial coordinates, reports a change and
a time stamp indicating when the change occurs.

Fig. 9. Dynamic dataset of N-MNIST.

To facilitate training, we processed the data and con-
verted the event data to frame data setting 7' = 20, as shown
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in Fig. 9. Our network accuracy achieved 99.38% on the N-
MNIST dataset, demonstrating the capabilities of the net to
process temporal information on dynamic datasets.

Table 4. Performance on N-MNIST.

Model Model structure Accuracy (%)
CNN (BP)[12! ~ 98.30
(Non-spiking) ’
Spike-based BP0 - 98.28
Spike-based BP[28] - 98.78
Spike-based BP[3®! - 99.20
This work - 99.44

5.4. DVS128 gesture

We tested our algorithm on a DVS128 gesture dataset
which includes 11 gesture categories for 29 subjects in 3 light
conditions, taken by a DVS128 camera.[?”! Our network works
relatively well, with an accuracy rate of 97.57%, the most ad-
vanced work on SNN to date.

Table 5. Performance on DVS128 gesture.

Model Model structure Accuracy (%)
Spike-based BP17] - 92.01
SLAYER CNN#1 - 93.64
Spike-based BP58! - 93.40
Spike-based BP>?! - 95.54

This work - 97.57

6. Conclusion and perspectives

In this work, we propose a progressive surrogate gradi-
ent learning method for gradient descent algorithm of SNNs
to solve non-differentiable problem in training, a dynamic
parameter influenced by epoch is introduced. The method
can be used to reduce information loss and to improve net-
work performance by dynamic approximation Heaviside func-
tion. Furthermore, we put forward a hardware implementation
scheme to deploy the algorithm on memory resistor. Com-
pared with other surrogate gradient functions, for both static
and dynamic datasets our algorithm shows high accuracy and
fast learning speed. It achieves state-of-the-art accuracy on all
tested datasets, with test accuracy 99.45% on MNIST, 92.34%
on Fashion MNIST, 99.44% on N-MNIST, and 97.57% on
DVS128-gesture.
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