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Abstract

Spiking neural networks (SNNs) have incorporated many biologically-plausible
structures and learning principles, hence are playing critical roles in bridg-
ing the gap between artificial and natural neural networks. The spike is a
sparse membrane-potential signal describing the above-threshold event-based
firing and under-threshold dynamic leaking, which might be considered an al-
ternative uniformed and efficient way of spatio-temporal information repre-
sentation and computation. Nowadays, most SNNs have selected the leaky
integrated-and-fire (LIF) neuron with a key feature of 1lst-order dynamics in
membrane potential as the basic activation function. The LIF neuron is efficient
in dynamic coding but still too simple compared to its biological counterpart
which could generate various types of firing patterns. Here we run further by
defining “meta” neuron models that contain 1st- or 2nd-order dynamics and
a recovery variable to simulate the hyperpolarization. Both shallow and deep
SNNs were used to test the efficiency and flexibility of meta neuron models
in various benchmark machine learning tasks, containing spatial learning (e.g.,
MNIST, Fashion-MNIST, NETtalk, Cifar-10), temporal learning (e.g., TIDig-
its, TIMIT), and spatio-temporal learning (e.g., N-MNIST). SNNs using these

meta neurons were optimized by the backpropagation with approximate gradi-
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ent, and achieved markedly higher spatio-temporal capability without affecting
accuracy, compared to those using regular LIF models.
Keywords: Spiking neural network, Meta neuron, Biologically-plausible

computing, Neuronal dynamics, Gradient approximation

1. Introduction

Many efforts have been taken towards improving artificial neural networks
(ANNSs) with higher efficiency, stronger generalization, and better interpretabil-
ity [I,2]. Until now, the most popular ANN is the deep neural network (DNN)
[3], containing various delicately designed structures and efficient learning meth-
ods, such as convolutional kernels and end-to-end gradient backpropagation
(BP) [4]. However, different types of DNNs have already exhibited some limita-
tions in computational efficiency and flexibility. First, most DNNs use rectified
linear unit (ReLU) or other non-linear activation functions, which are efficient
on spatial information conversion but at the same time, without introducing
any inner dynamics. Second, partly caused by the simple activation function,
the network topologies in DNNs are surprisingly complicated and full of dense
connections (e.g., full connections or recurrent types), rather than relatively
sparser connections like those in the brain.

These features with simple neurons and complex networks are easier to be
tuned by the conventional BP algorithm, however, at the same time, mak-
ing the parameter size of DNNs bigger and further causing the drastically in-
creased computational cost. Hence, an alternative effort to break this dilemma
is turning to the natural or spiking neural networks (SNNs) [5, [6] [7], which has
been proposed for the goal of brain-inspired intelligence by incorporating more
biologically-plausible network structures, learning rules, and neuron models.
Here we focus more on the biological brain, which could give us more hints and
inspirations for the efficient spatio-temporal computation at neuronal scales.

Until now, the most commonly used neuron model in SNNs for the pat-

tern recognition tasks is that with 1st-order dynamics of membrane potential
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(shorted as “lst-order-dynamics neuron” hereinafter), e.g., leaky integrated-
and-fire (LIF) neuron, which is considered efficient but “unrealistically simple
and incapable of producing rich spiking and bursting dynamics” [§]. Thus, the
conventional information-processing capability of SNNs drops far behind that
of the brain, and is restricting our further understanding of human intelligence,
even though many biologically plausible designs of SNNs have already been
considered than that of DNNs.

Compared to LIF, many other neuronal models have been proposed, such
as Hodgkin—Huxley model [9], which is mainly used to simulate the function of
biological neurons with detailed ion channels. However, the H-H model has not
yet been implemented efficiently due to its high computational complexity. The
Izhikevich model [§] makes a better balance between simplicity and capability by
adopting 2nd-order ordinary differential equations for the membrane potential
and introducing a membrane recovery variable to simulate the hyperpolariza-
tion. However, there remains difficulty in optimizing SNNs using the Izhikevich
neuron in pattern recognition tasks, partly caused by its hard biological con-
straints of some key parameters. There has been effort to integrate SNNs with
Izhikevich neurons, for example in ref. [I0], where spike timing-dependent plas-
ticity (STDP) was used to tune synaptic weights between Izhikevich neurons
although the performance was not comparable to some SOTA SNN algorithms.

In this paper, we revise the standard Izhikevich neuron model and propose
2nd-order dynamic neurons with self-organized key parameters, called meta neu-
rons. These new neurons overcome the non-convergence problem of Izhikevich
neurons in pattern recognition tasks, which inherit the capability of generating
rich neuronal dynamics from Izhikevich neurons as well as attaining SOTA-
comparable performance. The term “meta” represents that key parameters are
acquired from a train-cluster-sort process on several specific datasets but remain
effectiveness on other similar datasets. Additionally, backpropagation with gra-
dient approximation is used to optimize the network which is constructed with
meta neurons. Our main contributions are listed as follows:

(1) To our best knowledge, this is the first attempt to well incorporate a
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second-order ordinary differential equation and a recovery variable in spiking
neurons for pattern recognition tasks. The network using these neurons is then
efficiently optimized by the backpropagation with gradient approximation. A
proper and certain procedure is also designed to get the key parameters of these
meta neurons to generate different firing patterns.

(2) The designed neuron models show flexibility through impressive per-
formance not only on their source datasets, but also on these non-source but
similar spatio-temporal datasets. The strong flexibility and generalization of
these neurons are also the reason why we dub them “meta neurons”.

(3) We have analyzed the inner difference among meta neurons and LIF
neurons, from the perspective of firing patterns and mathematical analysis of
the learning process. Higher spatio-temporal capacity is achieved by SNNs using
these meta neurons without affecting classification accuracy in both spatial and
temporal learning on some benchmark tasks.

(4) We verify efficiency of SNNs using single types of meta neurons on spatial
or temporal learning, while SNNs that use mixed meta neurons exhibit a much
higher spatio-temporal information processing capability, which we think is very
important for the SNN learning with neuron diversity.

The remainder of the paper is organized as follows. Section [2| represents the
related works, e.g., biologically plausible tuning methods of SNNs and dynamic
neuron models. In Section[3] the structures of dynamic neurons and the process
of backpropagation are discussed. Section [4]introduces experimental results and
the spatio-temporal capability of SNNs using dynamic neurons. Finally, some

conclusions are given in Section 5

2. Related works

Many efforts have been taken to improve the spatio-temporal learning of
SNNs, and the performances of that on benchmark datasets are increasing dra-
matically, including spatial datasets (e.g., MNIST, Fashion-MNIST, Cifar-10),
temporal datasets (e.g., TIDigits and TIMIT), and hybrid datasets (e.g., N-
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MNIST). A balance-tuning method made an additional constrain of each neu-
ron in SNNs for the input-output signal balancing and got 98.6% accuracy on
the MNIST dataset [I1l 12]. A SOM-SNN was proposed with the integration
of firing rate and spikes, and got 97.40% accuracy on the TIDigits dataset [13].
Inspired by the curiosity-based learning of the human brain, in which the fancy
visual sensations were more easily to be strengthened by the brain as the future
memory compared to the usual stimulus, the curiosity-based SNN was proposed
for efficient learning especially with relatively fewer training samples on MNIST
and Cifar-10 datasets [14].

From the perspective of dynamic neurons, the H-H model [9] was proposed to
describe the dynamic membrane potential and a zoo of ion channels. The non-
linear LIF model might be considered as a simple neuron with 1st-order dynam-
ics of membrane potential containing only one attractor of membrane potential,
and had been well applied on many SNN algorithms [I5, [16], 17, 18| 19 [11].
Different from H-H and LIF models that reset the membrane potential once
reaching the firing threshold (also causing the non-differential problem during
learning with backpropagation), the spike-response model was proposed [20, 2]
by replacing integration of membrane potential with designed kernel functions.
The Izhikevich neurons with 2nd-order differential membrane potential were fur-
ther proposed for simulating the complex neuronal dynamics such as chattering-
firing, bursting firing, and firing with adaptation [8] [22].

From the perspective of biologically plausible learning principles, unsuper-
vised local-plasticity STDP was used for the tuning of multi-layer SNNs [I8]
23, 24, 25]. The non-local reward signal was also given for the training of
hidden-layer synapses [26]. The balanced tuning method was proposed for the
efficient learning of SNNs [I6l 12]. Other biologically-plausible plasticity prin-
ciples, including long-term potentiation/depression, short-term plasticity, local
inhibition, and biologically-plausible reward propagation, were also proposed
[17, 25 27, 28] 29].

Some gradient approximation methods were used for the efficient tuning of

SNNs, such as backpropagation-like STDP [24] [I9] and spatio-temporal back-
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propagation [30]. Usually, the non-di erential characteristic of SNNs would
make it harder to be directly tuned with the standard backpropagation. How-
ever, some researchers got around this problem by tuning ANNs rst and then
converting them into SNNs [31, 32]. The main reason for this successful conver-
sion is that the neurons in SNNs might be designed as simple LIF neurons that
usually show a linear relationship between the output ring rate and the input
strength of the stimulus, to approximately convert from ring rate to spikes,
similar to a ReLU activation function. Other similar e orts, such as replacing
the non-di erential parts of backpropagation as a constant di erential variable
[33], was also proposed for e cient learning [34, 33].

More biological inspirations were also borrowed to improve DNNs, such as
capsule network for a better interpretability [35], neuronal turing machine for
the biologically-plausible memorization [36]. Besides, some networks tried to
overcome catastrophic forgetting by reusing synapses [37], to achieve robust
computation by unsupervised causality reasoning [38] and also realize inner
memory computation by using neuronal dynamics [34]. We think the research
on dynamic neurons will contribute to the further development of both SNNs

and ANNSs.

3. Method

3.1. The network architecture and spatio-temporal capability of SNNs.

Since the main motivation of this paper is to discuss the di erences between
di erent neuron models, we rstly adopt shallow networks, containing fully-
connected SNNs with only one hidden layer (as shown in Fig. 1(a)). We select
some benchmark datasets where the accuracy reduction caused by structure
simplicity is acceptable, including MNIST, Fashion-MNIST, NETtalk, TIDigits,
TIMIT, and N-MNIST. This design minimizes the in uence of topologies on
the representation of the inner dynamics of neurons. Additionally, we choose
Cifar-10 as a relatively harder task to verify the e ectiveness of our neuron

model further and adopt a deep SNN with multiple convolutional layers for
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experiments (as shown in Fig. 1(b). See Section 4.2) for more details. For both
shallow and deep SNNSs, the network inputs are characterized by the temporal
encoding of signals. The signals in hidden and output layers of the network are
all spike trains with the same time span. The average ring rate is used for the

calculation of loss function as well as accuracy after output during learning.

Figure 1: The architecture of SNNs with meta neurons and/or LIF neurons.

As various tasks process information with di erent spatio-temporal features
and complexity, it is challenging to measure an averaged performance of SNNs
on several dierent datasets. We here design a novel index named spatio-
temporal capability to overcome this problem, as shown in Equation (1). N
is the number of tasks. Acc; is the set of accuracies in di erent SNNs on the
same taski. Firstly, we calculate the standard score of the original index (i.e.,
accuracy). Then we divide datasets into two groups according to their spatio-
temporal features. Datasets that focus only on spatial details are de ned as
spatial datasets (i.e., MNIST, Fashion-MNIST, and NETtalk), while datasets

that have abundant temporal instead of spatial features are de ned as temporal
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datasets (e.g., TIDigits and TIMIT). Especially, datasets containing both rich
spatial and temporal information are de ned as hybrid spatio-temporal datasets
(e.g., N-MNIST). Finally, the mean of standard scores on spatial datasets and
temporal datasets calculated respectively is supposed to be the spatio-temporal

capability, as shown in Equation (1).

i X Acci Mean(Acg)
N 1 V ar(Acg)

Cap=

@)

3.2. The LIF neuron in SNNSs.

LIF model is a commonly used neuron model represented by the 1st-order
ordinary di erential equation, which contains up to one attractor. The dynamic
integration process at neuronj can be described by the Equation (2), shown as

follows:

X
Vitsr =1 g)Vie + (1 Wi lit), 2
i=1

where Vj; is the membrane potential, g is the conductance,l;; is the in-
put from upstream neuron i, W;; is the synaptic weight between presynaptic
neuron i and postsynaptic neuronj, and () is a sigmoid function used to
non-linearly limit the range of inputs. How current inputs trigger the ring
of LIF neurons can be summarized in the following steps. When no current
inputs is given, membrane potential continuously decays to the rest potential
Viest Which is considered as a single attractor. After receiving current inputs
which are summarized as (P iNzl Wi; It ), the attractor of membrane potential
becomesl;j; =g, which is usually larger than membrane potential itself, thus
elevating membrane potential to a higher value. During this dynamic integra-
tion process, once membrane potential surpassed the ring threshold4, , then
the neuron res a spike to its downstream neurons withS;; = 1 as shown in

Equation (3), and the membrane potential will reset to the refractory potential
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3.3. The meta neurons in SNNs.

Main di erences between the LIF neuron and meta neurons are staying at
the integration process, where meta neurons use a 2nd-order ordinary di erential
equation and an additional hidden variable (similar to the function of short-term
plasticity). We describe the integration of membrane potential in meta neurons

with Equation (4-5), shown as follows:

X
Vitsr = 2Vi§ +( 1+ Vg + o Ug + ( Wi lip), (4)

i=1

Uj;t +1 = Udecay ij;t (1 Udecay)Uj;t, (5)

where o, 1 and » are prede ned coe cients for the membrane potential
V1 to the power number of zero, one, and two, respectively, which are di erent
from those in the Izhikevich model but suitable for a broad number of pattern
recognition tasks (see Section 4.2 for more details)U;; is the short-term re-
covery variable used to simulate hyperpolarization. WhenV,; > Vy, a new
spike is generated asS;;y =1, or else §;; = 0. After ring, membrane potential
is reset to the refractory potential Vieset While recovery variable increases to
Uit + u, which temporally makes ring more di cult. During the integration
process,Ugecay, v, Vieset ,» and  are key parameters that discriminate di er-
ent neuronal dynamics of membrane potential, thus collectively called \dynamic
parameters".

The attractor of membrane potential is decided by both recovery variable
and current inputs (P iNzl Wi; lix ), where | is the input from the upstream
neuroni, W;; is the synaptic weight between presynaptic neuron and postsy-
naptic neuron j, and () is a sigmoid function used to limit the range of total

currentinputs. When > 0( = 2 4 ,( o Ut +1j1), the same hereinafter),
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there are two equilibrium points of membrane potential, i.e., a xed point at-
tractor at (1 FL):2 2 and an unstable point at (1 + pU:Z 2. When
= 0, the only equilibrium point of membrane potential at 1=2 , acts as the
attractor. When < 0, membrane potential possesses neither equilibrium point
nor real-valued attractor, but on the contrary a virtual attractor leading mem-
brane potential to +1 . Meanwhile, the existence of the attractor of recovery
variable only depends on dynamic parametelgecay . When Ugecay < 0O, recovery
variable has an attractor at ,Vj; and when ugecay > 0, recovery variable has
a virtual attractor at + 1 . Specially, whenugecay = O, recovery variable is a

constant without any dynamic characteristics.

3.4. The acquirement of dynamic parameters in meta neurons.

To construct di erent types of meta neurons that maintain enough inner
di erences among their neuronal dynamics, we need to sort from a huge amount
of possible dynamic parameters. A training and clustering strategy is used to
reduce the number of parameter candidates before the sorting process. We
select MNIST and TIDigits as two basic source datasets for the generation of
dynamic parameters and apply the training to not only connection weights but
also dynamic parameters with backpropagation.  is used as the learning rate
of dynamic parameters during training, where p =1e 3 for the MNIST task
and p =1le 4 for the TIDigits task, respectively.

By this means each neuron in SNNs has learned di erent dynamic parame-
ters after the training process. The dynamic parameters of neurons at the peak
training accuracy are then chosen as the candidate parameters, i.€Udecay:k »

vik s Viestk » and yx , wherek is the neuron index in hidden and output layers.
These peak-parameters are clustered by the mean-shift algorithm rst for de-
tecting the number of cluster centersM, and then K-means algorithm is used
to accomplish the cluster process withK = M. Since dynamic parameters
Udecayk and y; are more related to the recovery variableU;; in Equation

(5), they are combined together into a two-dimensional vector while clustering.

Similar to that, dynamic parameters Viestk and x are combined together for

10



their natural similarity in the reset process.
After the range of choice is reduced to several candidate neurons by this way,
a periodically uctuating input which is a sine wave is used to compare neuronal
20 dynamics of the remaining meta neurons. During this process, neurons sharing
similar ring patterns are discarded until only one of them is left. Meta neurons

nally reserved will take part in the following experiments.

3.5. Backpropagation inside the spiking neuron.

Figure 2: Schematic diagram depicting the propagation procedure of 2nd-order-dynamics and

1st-order-dynamics neurons.

The conventional BP is based on the di erential chain rule. In this work,
s the loss function L describes the summation of the square error of mean output

ring rates and labels Oy, as shown in the following Equation (6):

|
X 2
St Ok (6)

xXoq
L = =
k t

where Sy is the ring state for neuron k at time t. The backpropagation

process of spiking neuron model can be divided into a local part, which is the

11



same for both meta neurons and LIF neurons, as shown in the following Equation

250 (7)

P
@M @ (= Wij lix)
W oW ! . (7)

X X
( Wiglie) 1 (0 Wilip) lix
i=1 i=1

The global part of meta neurons is shown in Equation (8), shown as follows:

eL _X @L @y
oW ., @% oW
_ 3(2@|_@},,{'+ @L @W 1
tzl@M@\M @Vrl@WJ

QL @W
QY. @W
_ X? @Les , @L @Yu , )
. @R @% @Y. @)
QL @U. @¥

Teun. @y ow
@L @%r 1 + @L @W @Wr 1
@gr 1@ 1 Q@ @ 1 Q@W
@L @gr @W
Q@pr @y @W
where @M +1 :@j\( =2V, @M +1 :@H = 1, @H +1 :@J\( = Udecay v
@M +1=@H =1 Udecay.- Whent<T 1, the calculation of @L=@JV follows

Equation (9) and whent = T 1, it follows Equation (10), shown as follows:

@L_ QL @WYu N @L @M+ )
@y OW.1 QW @M+ @Y

eL _ @L ey
@Y 1 OV @y 1 (10)

Compared to them, the BP process of LIF neurons is much simpler, as shown

255

in the following Equation (11):

12
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where the @M +1 =@M = ¢ +1. However, for both two types of neurons,

@L=@yV contains a special part@§g =@} , where the di erential of spikes is
+1 or 1 , hence will truncate chain rule and make SNNs untrainable by the
0 Standard BP. An pseudo-derivative trick [34] may well resolve this problem by
using approximate gradient, which uses a lower and an upper bounds to replace
the in nite di erential gradient at the spiking time within a time window, ob-
tained as Equation (12). This nite Grad is able to participate in the gradient
propagation accordingly without non-di erential con icts.
8
@5 _ = 1 if (Mt Vin < Vwindow )

= . 12
@4 o0 else (12)

s 4. Experiments

4.1. The spatial and temporal datasets.

The MNIST dataset[39] contains 70,000 28 28 1-channel gray hand-written
digit-number images from zero to nine, in which 60,000 samples are selected as
training samples, and the remained 10,000 samples are used for testing.

270 The Fashion-MNIST has the same number of samples and classes as that in
the MNIST dataset, containing 10 image-object classes with much more complex
features, e.g., the T-shirt, bags, and shoes.

The NETtalk dataset [40] contains 5,033 training and 500 test samples with

aligned English letters and phonetic representations with stresses. Each sample

13
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is an independent English word with a dimension of 189 sizes (contains seven
words and each word is encoded with a 27-length one-hot vector), and the
output has multiple target phonemes with a 26-length vector for 72 phonetic
representations except punctuation.

The Cifar-10 dataset [41] contains 60,000 3232 3-channel color images cov-
ering 10 classes, in which 50,000 for training and 10,000 for testing. The samples
in both of them are static 2D images.

The Neuromorphic-MNIST (N-MNIST) dataset [42] has the same classes and
samples with the MNIST dataset, but after a spiking conversion by mounting
the ATIS sensor on a motorized pan-tilt unit and having the sensor move while
it views MNIST examples on an LCD monitor.

The TIDigits [43] contains 4,144 (20K Hz and around 1 second for each
sample) spoken digits from zero to nine. It is challenging on the temporal
information processing, containing sequential pronounce of spoken numbers.
Here we set 30 frames and 30 bands with 50% overlap for each frame, and the
spikes are generated with random sampling.

The TIMIT [44] is designed for automatic speech recognition. However, in
this paper, we only use it as the dataset for gender separation. The dataset con-
tains voices from 326 men and 136 women for training and leaves voices from
112 men and 56 women for testing. Each sample is a wav le with 6-bit and
16kHz, processed after MFCC with 800 frames and 13 bands. These MFCC fea-
tures are then sequentially added into the SNN with the length of 20 timesteps.
Notably, we here haven't directly made classi cation with spectrogram, which
will lose the temporal information in the network input.

Additionally, for datasets that consist of static 2D-images, e.g., MNIST,
Fashion-MNIST, and Cifar-10, a further procedure is applied, i.e., the spike

train generation with random sampling within a prede ned time window.

4.2. The network and parameter con gurations.

In this paper, the related codes were written under the PyTorch framework,

thus weights were randomly initialized by the default method of PyTorch. We

14
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used the Adam as an optimizer with decayed learning rate by epochs. Every
accuracy presented below was the average of ve repeatable tests with di erent
random seeds. The 3-layer SNN with 600 hidden neurons with di erent types
was constructed. The parameters for meta neurons were identi ed from the
rst training of a task, and then kept xed for the following tasks. For the LIF
neurons, these related parameters were dened as, =1, ;= 1, =0,
g = 0:8, Vin = 0:5, Vieset = 0, and Viesy = 0. Besides shallow SNNs, we
also designed some deep SNNs for achieving a higher performance, de ned as
follows: three convolutional layers with output channels = 256; kernel size = 3
and stride = 1; a 2D average-pooling layer with kernel size = 2 and stride =
2; three convolutional layers with output channels = 256; kernel size = 3 and
stride = 1; a 2D average-pooling layer with kernel size = 2 and stride = 2; two
fully-connected layers with output size = 2048 and output size = 100; a 1D

average-pooling layer with kernel size = 10 and stride = 10 as the voting layer.

4.3. The acquired dynamic parameters in meta neurons.

The training process (mentioned in Section 3.4) of learning MNIST and
TIDigits were shown in Fig. 3(a) and Fig. 3(b), respectively. The test set
rstly increased and then decreased to a relatively low accuracy level, imply-
ing that keeping dynamic parameters tunable was not always bene cial to the
network learning. Dynamic parameters of Ugecay and , showed a 2d normal
distribution with one clustering center (labelled as black ring in Fig. 3(c)) after
learning MNIST. Compared to it, 3 clustering centers of parametersVieset and
u were shown in Fig. 3(e). Thus 3 types (calculated by 1 3) of meta neurons
were generated from the MNIST dataset. Since MNIST contained more spatial
information, we dubbed these meta neurons as \spatial neurons".

Similar to that, we also collected another 6 \temporal neurons” (3 2),
containing 3 centers of (gecay, v) in Fig. 3(d) and 2 centers of (Vieset, u))
in Fig. 3(f), after learning the TIDigits dataset. These six neurons were then
called \temporal neurons".

Hence, nine potential meta neuron types were reserved, containing 3 spatial

15



Figure 3: The constructing process of dynamic parameters. Sub gures (a) and (b) were the
testing accuracy curves of MNIST and TIDigits, respectively (the initial values of Udecay
vy Vreset , u, Vj, and U; were 0.02, 0.2, 0, 0.08, 0, and 0.08, respectively). For the spatial
MNIST task, clustering centers of Ugecay and  were shown in sub gure (c) while those of
Vrieset and  were shown in sub gure (e). Meanwhile, the clustering centers of  Ugecay - u for
temporal TIDigits task were shown in sub gures (d) and (f). Data points in sub gures (c-f)

represented parameter pairs close to di erent clustering centers labelled as di erent colors.

16
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neurons and 6 temporal neurons. We further Itered out ve meta neurons in
them for their similar ring activity to the other four meta neurons (the sort-
ing process mentioned in Section 3.4). After this procedure, we got the nal
two spatial and two temporal meta neurons, with their ring patterns shown
in Fig. 4(a,b,d,e). For the two spatial meta neurons with biologically plausi-
ble ring activity, we named them as Dense-Tonic Bursting (shorted as DTB,
hereinafter) neuron and Sparse-Tonic Bursting (shorted as STB, hereinafter)
neuron, showing relatively strong and weak linear relationships between out-
put ring-rate and input strength, respectively. As for the two temporal meta
neurons, with their neuronal dynamics shown in Fig. 4(d,e), we named them
as Strong-Depression Bursting (shorted as SDB, hereinafter) neuron and Weak-
Depression Bursting (shorted as WDB, hereinafter) neuron, showing that the
rst few spikes had a strong and weak depression on the following spikes, re-
spectively. Notably, the dynamic Vj; in temporal meta neurons contained more
temporal information than spatial ones, including both spike time and phase
position, which might contribute to the learning of temporal tasks. The key dy-
namic parametersfugecay; v; Vreset ; u0 for the four meta neurons were shown
as follows: the spatial DTB neuron usingf 0.06, 0.219, -0.065, 0.0Qf the spatial
STB neuron usingf0.06, 0.219, -0.010, 0.05f) the temporal SDB neuron using
f-0.009, 0.246, -0.058, 0.0@p the temporal WDB neuron using f0.005, 0.158,
-0.058, 0.065.

As a comparison, Fig. 4(c) showed a negative example of an unreasonable
neuron selected from the nine potential meta neurons, wherd/;; kept ring
without attenuation no matter the amplitude of the input is high or low, partly
caused by the continuously decreasetl;; . It was obvious that this special meta
neuron was surprisingly non-sensitive to di erent neuronal inputs that contained
either spatial or temporal information. Hence, it should be discarded in the next-
step spatio-temporal experiments. Additionally, we also plot the ring pattern
of LIF neuron for further comparison, as shown in Fig. 4(f). Giving the same
neuron input, the LIF neuron exhibited a similar ring activity to that of the

spatial neurons (e.g., DTB and STB) but di erent from that of the temporal

17



370

375

neurons (e.g., SDB and WDB), which indicated that the regular LIF might be

a special case of meta neurons from the perspective of spatial encoding.

Figure 4: The ring activity patterns of ve meta neurons and LIF neurons. Red line: the
dynamic membrane potential. Blue line: the Sine like neuronal input. Yellow line: the
attractor value of membrane potential. Green line: dynamic recovery variable. (a-c), Firing
activity of three spatial meta neurons, containing two normal ones (a,b) with regular ring
patterns and one unreasonable one (c) with continuous ring. The attractor value for the
unreasonable neuron should be in nity, here we use a voltage value much higher than the
ring threshold to represent it. (d-e), Firing patterns of two temporal neurons. (f), Firing
pattern of the LIF neuron, similar to that in temporal meta neurons in DTB and STB, but

without an recovery variable.

4.4. Accuracy comparison of SNNs using spatial and temporal meta neurons
First, we tested the performance of these four selected meta neurons (2
spatial and 2 temporal types) on their source datasets (MNIST and TIDigits
datasets) and compared them classi cation accuracy with the LIF neuron. As
shown in Fig. 5(a), the spatial meta neurons of DTB and STB were con-
vergent during learning the spatial MNIST dataset, while the spatial DTB
achieved a higher test performance (98.620.09%; SD, n= 5) than that of spa-
tial STB (98.29+ 0.02%; SD, n= 5), comparable with that of the LIF neuron
(98.63t 0.01%; SD, n=5; P=0.5). This result showed that the spatial neurons

(including LIF) could well handle the spatial tasks.
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For the temporal tasks, we used the TIDigits dataset and made comparison
of temporal meta neurons (i.e., SDB and WDB) and the LIF neuron. As shown
in Fig. 5(b), it was obvious that the temporal neurons achieved test accuracy to
77.24£ 0.01% (SD, n= 5) for the SDB neuron and 75.3% 0.01% (SD, n= 5) for
the WDB neuron, markedly higher than that for the LIF neuron (61.07 + 0.01%;
SD, n=5; P<0.001). This result indicated that the temporal meta neurons also
could well performed the temporal tasks, while on the contrary, as a comparison
to the spatial LIF neuron.

Even though achieving the highest test accuracy was not the main goal
of this paper, we also tried to show the dynamic e ciency of the proposed
meta neurons. Here we constructed a deep SNN with 8 layers and incorporated
spatial meta neurons (DTB and SDB) and LIF neuron on the spatial Cifar10
benchmark task. As shown in Fig. 5(c), the accuracy for deep SNN using LIF
neurons (87.2& 0.34%; SD, n=5) was lower than that with spatial DTB neuron
(88.91+ 0.20%; SD, n= 5; P<0.001) but higher than that with another spatial
SDB neuron (78.7% 0.98%; SD, n=5; P<0.001), close to the benchmark SOTA
performances in-(93.63%) [45],- (92.64%) [46], and®(93.50%) [47], which

showed the accuracy and e ciency of the proposed meta neurons.

Figure 5: The testing accuracy curves of four meta neurons and one LIF neuron on the
spatial MNIST, temporal TIDigits, and spatial Cifarl0 dataset, respectively. (a), The testing
accuracy curves of two spatial meta neurons and one spatial LIF on MNIST. (b), The testing
accuracy curves of two temporal meta neurons and one spatial LIF on TIDigits. (c), The
testing accuracy curves of spatial DTB neuron, temporal SDB neuron, and LIF on Cifarl0,

similar to the performance of some SOTA algorithms, including  —:[45], - :[46], and ®:[47].

Second, we extended the comparison to more spatial and temporal machine

learning benchmark tasks, which were non-source (where some key parameters
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in meta neurons were learned and con gured without further revision), including
spatial tasks of Fashion-MNIST and NETtalk, and temporal tasks of TIMIT.
Notably, we also selected a spatio-temporal task using N-MNIST dataset to test

the integrative features of spatial and temporal information.

Figure 6: The performances of four meta neurons and LIF neuron on spatial and temporal

tasks.

For the source tasks, as shown in Fig. 6(a,e), a similar conclusion could be
given on source dataset of MNIST and TIDigits, where spatial neurons (DTB
and STB) would usually achieve higher test accuracy than temporal neurons
(SDB and WDB), or vice versa. For the non-source spatial Fashion-MNIST
task, as shown in Fig. 6(b), the spatial neurons (DTB and STB, about 90.0%
accuracy) outperformed the temporal neurons (SDB and WDB, about 85.5%
accuracy) with obviously higher mean test accuracies (the dashed red lines on
the top of bars). Similar performance were reached by the spatial NETtalk task
for spatial neurons (91.6%) and temporal neurons (88.2%), and also the non-
source temporal TIMIT task for spatial neurons (87.7%) and temporal neurons
(91.6%), as shown in 6(c) and in Fig. 6(e), respectively. Furthermore, for the

non-source N-MNSIT task, which contained both spatial and temporal informa-
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tion, the performance was similar for networks using spatial and temporal meta
neurons, as shown in Fig. 6(f).

Taken together, we found reduced accuracy from spatial neurons to temporal
neurons in spatial MNIST (-3.40%), spatial Fashion-MNIST task (-0.45%), and
spatial NETtalk task (-3.3%); while on the contrary, we found elevated accuracy
in temporal TIDigits task (+9.5%) and temporal TIMIT task (+3.8%). As a
comparison, we found a comparable accuracy in spatio-temporal N-MNIST task
(about 0.5% and close to zero), indicating that the spatial neuron and temporal
neuron might compensate each other for their weakness in handling spatial or
temporal information. In these experiments, the LIF neuron was also tested and
compared with those of both spatial and temporal meta neurons, and the results
showed that the LIF neuron was with more spatial features closer to the spatial
meta neurons. These results were coincident with the previous hypothesis from
the comparison of ring patterns where the ring activity of LIF neuron was

also more similar to that of the spatial meta neurons.

4.5. The comparison of spatio-temporal capability.

The spatio-temporal capacity of SNNs was one of the important indicators
for describing the network ability to process spatial or temporal information. As
far as we know, we are the rst to propose this indicator, which is important in
the research area of SNNs since SNNs are believed to have more complex neu-
ronal dynamics and should handle both spatial and temporal information. Fig.
7 showed the summarized spatio-temporal capability for SNNs using di erent
meta dynamic neurons. More detailed introductions of this capacity indicator
were shown in Equation (1). From the gure, we could nd that the spatial
capability of spatial neurons (DTB and STB) was much higher than that of
temporal neurons (WDB and SBD), congruent to the previous experimental
results.

Considering that SNNs using a single type of neurons usually showed limited
spatial or temporal functions, here we run further by mixing these spatial and

temporal meta neurons with di erent proportions (spatial vs. temporal, 1 : 1).
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Figure 7: The capability of spatial and temporal tasks for SNNs using di erent meta neurons,
de ned by the spatial and temporal capacity values de ned by the Equation (1) in Section
3.1.

Surprisingly, we found that the SNNs using mixed neurons could achieve high
spatial capacity as well as high temporal capacity. This result was important
since the biological neural network could also handle many spatio-temporal tasks
with networks containing di erent types of neurons. Furthermore, we changed
the mixing proportion from 1 : 1 to 1 : 3 and 3 : 1 (spatial vs. temporal),
and found that containing di erent types of neurons or not was more important
than how many of them were used in each type.

We also compared the capacity of LIF neuron, and the result satis ed the
argument that the LIF neuron had more spatial capacity but less temporal

capacity.

5. Conclusion

Nowadays, the spatio-temporal capacity of neural networks is more based
on the carefully designed network structures, while compared to it, the neuron
models with activation functions are usually surprisingly simple, such as Sigmoid
function and recti ed linear unit (ReLU). In this paper, we want to highlight
the potential key role of dynamic neuronal models, with neuronal dynamics for

e cient spatial and temporal information processing.
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There are many types of excitatory or inhibitory neurons in the brain after
a careful selection by the natural evolution, resulting in tonic bursting neu-
rons (similar to the proposed spatial DTB and STB meta neurons) and depres-
sion bursting neurons (similar to the proposed temporal SDB and WDB meta
neurons). Inspired by these biological neurons, we have proposed some meta
dynamic neurons after arti cial clustering and human-expert selection. These
designed meta neurons contain complex 2nd-order dynamics of membrane po-
tential, which makes them powerful in spatial or temporal information process-
ing. In the experiments, we nd that these dynamic neurons could also be well
tuned by the gradient approximation algorithm, and the SNNs using these meta
neurons could convergent and achieve higher accuracy than that using conven-
tional LIF neuron, which could also be considered as one special case of the
spatial meta neuron. The datasets for the veri cation includes some benchmark
spatial datasets (e.g., MNIST, Fashion-MNIST, NETtalk and Cifar-10) and tem-
poral datasets (e.g., TIDigits, TIMIT), and also spatio-temporal dataset (e.g.,
N-MNIST). We also test a deep SNN on Cifar-10 dataset and have reached a
comparable test accuracy to other SOTA SNN algorithms.

We think this is a small step towards biologically-plausible e cient informa-
tion processing from the perspective of meta dynamic neurons. Next, further
research on meta dynamic circuits (or network Motifs) will be given for a better

design of stronger spatio-temporal SNNSs.
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