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Abstract. The feedback alignment provides a biologically plausible learning mechanism, which can
directly transmit error signals with a random weight matrix to multiple layers of a neural network. This
paper proposes an online supervised learning algorithm based on the feedback alignment mechanism
for multilayer spiking neural networks, named Multi-OSLFA, which can support real-time learning for
the spatio-temporal pattern of spike trains. The online learning rule is represented by the kernel function
of spike trains and adjusts the synaptic weights when the output neuron fires a spike during the running
process of spiking neural networks. The Multi-OSLFA algorithm is successfully applied to spike train
learning tasks and nonlinear pattern classification problems on two UCI datasets. Simulation results
indicate that the proposed algorithm can improve learning accuracy in comparison with other
supervised learning algorithms. It shows that the proposed learning algorithm is effective for solving
spatio-temporal pattern learning problems.
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1. INTRODUCTION

Spiking neural network (SNN) is a new brain-inspired computing model, which encodes and transmits
neural information through precisely timed spike trains [1]. SNN has been proved to be a suitable tool for
processing spatio-temporal information [2]. Supervised learning of SNN refers to adding the multiple input
spike trains to the network and comparing the corresponding desired output spike trains with the actual output
spike trains to obtain the error signal, so as to find the appropriate synaptic weights to minimize the error after
multiple training [3]. According to the running mode of supervised learning algorithms of SNNSs, they can be
divided into two categories: online learning and offline learning [4]. For the entire actual and desired output
spike trains, offline learning can only adjust the parameters once after running the network. However, the
synapses of biological neural networks are updated in a real-time manner. Online learning can adjust
parameters many times when the output neuron fires spikes in the running of the network. Therefore, online
learning is a biologically plausible algorithm, and suitable for solving real-time problems.

In recent years, some online supervised learning algorithms of SNNs have been proposed [5]. Based on
the spike-timing-dependent plasticity (STDP) mechanism, Ponulak and Kasinski [6] proposed a remote
supervised method (ReSuMe) for training single layer SNNs in an online manner, where the adjustment of
synaptic weights is represented as a combination of STDP and anti-STDP. Sporea and Griining [7] extended
this work to multilayer SNNs, called Multi-ReSuMe. Wang et al. [8] proposed an online hybrid learning
method for feedforward SNNs with an adaptive structure that combines unsupervised and supervised learning
rules. Lin et al. [9, 10] reported the online supervised learning algorithm based on spike train kernels for single
layer networks. Combining the mechanisms of error backpropagation and spike train convolution, Lin et al.
[11] have proposed a supervised learning algorithm based on the operations of spike train inner products for
multilayer feedforward SNNs, named Multi-STIP. The Multi-STIP algorithm adjusts the synaptic weights in
an offline manner. In order to better compare online and offline algorithms, we extend Multi-STIP to an online
learning algorithm, and call it Multi-OSTIP.
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The traditional backpropagation algorithm transmits the error by multiplying the error signal with all the
synaptic weights on the axon of each neuron and passing it further down. This process involves a precise and
symmetrical connection pattern, but in fact, this pattern is impossible to achieve in the brain. In other words,
in backpropagation, all synaptic connections represent two types of weights: the weights in the forward path
and the weights in the feedback path. In the brain, the connections in the forward and feedback paths are
different, and the weights in the feedback path are changing in the weight adjustment process. Grossberg [12]
introduced this problem and called this phenomenon the weight transfer problem. In recent years, Lillicrap et
al. [13] proposed a feedback alignment mechanism, in which the weight matrix for propagating network error
does not need to be symmetrical with the weight for forwarding propagation, but can be randomly generated
and then stay the same. Feedback alignment is considered to be more in line with the biological mechanism.

In this paper, on the basis of the spike train kernel function, an online supervised learning algorithm
based on the feedback alignment mechanism is proposed for multilayer feedforward SNNs, named Multi-
OSLFA. The characteristics of Multi-OSLFA are as follows: (1) The derivation of the weight learning rule
only depends on the convolution of spike trains, so it can be applied to various spiking neuron models. (2) By
constructing real-time network error, synaptic weights in all layers are updated many times in the running
process of the network. (3) The online learning algorithm based on the feedback alignment mechanism has
good biological plausibility. In addition, in order to compare with the proposed learning algorithm, the Multi-
OSLFA can also be extended to offline learning manner, and called Multi-SLFA.

2. MULTI-OSLFA: ONLINE SUPERVISED LEARNING ALGORITHM

2.1. Spike train kernel representation and network error

In SNNs, the input and output signals of spiking neurons are encoded into discrete spike trains. The spike
train s(t)={t" eI': f =1,2,---,F} represents the ordered sequence of spikes fired by the spiking neuron in
the interval T". The spike train can be formally expressed as follows:

s(t)=;6(t—tf), 1)

where t" is the f-th spike time, and F is the number of spikes. 8(+) is the Dirac delta function, 8(x)=1 if
x=0 and 8(x)=0 otherwise. Using the convolution operation with a symmetric and positive definite kernel
function «k(x) , the spike train can be converted to a unique continuous function [14]:

F
fo(®) =s(t) *x(t) =D x(t—t"). @)
f=1

When the spike trains are converted the continuous functions, a linear relationship between the inputs of
presynaptic neurons and the output of postsynaptic neurons can be expressed as [15]:

fsO (t) = Zwoi (t) fsi (t) ) (3)

where f, (t) and f, (t) are convolved continuous functions corresponding to the postsynaptic spike train

s, (t) and the presynaptic spike train s;(t) , respectively. w,; is the synaptic weight between the presynaptic
neuron i and the postsynaptic neuron o, and N is the number of presynaptic neurons. In fact, the spike train
linear summation relationship has been used for deducing the corresponding learning rule in the SNNs [16].

For the multilayer SNN, assuming that s’ (t) and s2(t) represent the desired and actual output spike
trains of output neuron o, the error e, (t) of each output neuron is defined in terms of the square difference
between the convolved continuous functions fSd (t) and fSa (t) . The total instantaneous error of the network

at time t can be formally defined as:
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where N, is the number of neurons in the output layer.

2.2. Learning rules based on feedback alignment mechanism

Error backpropagation is an extremely important technique for designing supervised learning algorithms
and has been widely applied to train neural networks. In the traditional backpropagation algorithm, the
connection weight in the feedback path must be equal to the weight in the corresponding forward path. In this
process, the error of the upstream neuron needs to be multiplied by a weight matrix that is completely
symmetrical with the feedforward connection. Therefore, during the backpropagation process, the error signal
matrix of upstream neurons is multiplied by the weight matrix W T, which is the transpose of the weight matrix
W of forward synaptic connections. Backpropagation means that feedback neurons must know all synaptic
weights in the forwarding path. It is considered biologically unreasonable and difficult to implement neural
circuits in the brain. Therefore, the feedback alignment mechanism is an effective and biologically feasible
alternative method and exists in the backpropagation algorithm for training neural networks [17]. The feedback
alignment replaces W' with a fixed random weight matrix B. The concept diagram of the error
backpropagation with feedback alignment mechanism is shown in Fig. 1. The feedforward SNN architecture
is used in this paper, where the neurons are fully connected. The real-time error signal E(t) is the sum of €, (t)
of each output neuron in the output layer, it is directly used to update the synaptic weights between the hidden
and output layers, and propagated to the hidden layer through the fixed random matrix B to update the synaptic
weights between the input and hidden layers.

Hidden layer

Output layer Output spike train

_> .
Input layer -—E@)
— Ll

Desired spike train

Error pathway
B
Fig. 1 — The diagram of error backpropagation with feedback alignment mechanism for a feedforward SNN with one hidden layer.

According to the gradient descent rule, the change of synaptic weight Aw(t) at time t is computed as:
OE(t)

o ()
ow(t)

where n is the learning rate and VE(t) represents the gradient calculation value of the total spike train error
E(t) . The gradient can be expressed as the derivative of the instantaneous error E(t) with respect to synaptic
weight w(t) at the time t.

We firstly deduce the learning rule for synaptic weights between the hidden and output layers. For a
connection weight w,, in the SNN, the gradient value is computed using the chain rule:

Aw(t) =-nVE(t) =-n

oE() oM Fe®

V)= G0 " o @) Wy () ©
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According to Eq. 4, the first partial derivative term of Eq. 6 is computed as:

OE(t)
afsa (t) N fsg ®- fsg ©- )
Using the linear relationship of spike trains in Eq. 3, the second partial derivative term of Eq. 6 is computed as:
%0 o ®)
M (1)

where fg (t) is the continuous function corresponding to the spike train s, (t) fired by the neuron h in the

hidden layer.
Therefore, the online adjustment rule for synaptic weights between the hidden and output layers can be
expressed as follows:

M (O =1 VE,, O =1 1,0 T, © |, © ©)

In the learning process, when the output neuron fires a desired spike or actual spike, the synaptic weight is
updated, the adjustment value is determined by f; (t) and the difference between f (t) and fa (t) at time

t.|If fSd ®- fSa (t) >0, the synaptic weight is strengthened; if fSd ®- fSa (t) <0, the synaptic weight is
weakened; if fsd t) - fSa (t) =0, the synaptic weight is not changed.

Furthermore, we deduce the learning rule for synaptic weights between the input and hidden layers. The
derivative of the instantaneous error E(t) is expressed as:

PE(t)  OE() of, ()

VE,(t) = = - 10
" 1)t () awy (0 (10)
Using the chain rule, the first partial derivative term of Eq. 10 can be computed as:
GE(t) < oE(t) Fa®
) _ t) “s 1)

of, (1) St (t)af, (t)

Using the feedback alignment mechanism for the error signal backpropagation, the feedback weight matrix

W T can be replaced by a fixed random matrix B . The second partial derivative term of Eq. 11 is expressed
as:

of . (1)
> __—p., 12
5fsh (t) oh ( )
where by, is an elementin B . By combining Egs. 7 and 12, Eq. 11 can be rewritten as:
OE(t) NO[
— = f.()—fq(t) by
o, () 2| fe O (0 by, (13)

o=1

Similarly, using the linear summation relationship the spike trains between all input neurons and a hidden
neuron, the second partial derivative term of Eg. 10 is computed as:
of, (1)
(1), (14)
ow (t)

where f (t) is the continuous function corresponding to the spike train s;(t) fired by the input neuron i .

Therefore, the online adjustment rule for synaptic weights between the input and hidden layers can be
expressed as follows:



5 An online supervised learning algorithm based on feedback alignment for multilayer spiking neural networks 193

A (©) = NVE, © =11 | 14 ® - £, ], Obi. (15)

In the learning process of synaptic weight from the input neuron to the hidden neuron, the updating value of
synaptic weight is determined by f (t) and the difference between f (t) and fa (t) attime t.

The synaptic weights in the feedforward SNNs can be adjusted according to Egs. 9 and 15 in an online
manner. We integrate Eqgs. 9 and 15, the offline supervised learning algorithm can be obtained. The learning
rules of Multi-SLFA are expressed by the inner products of the corresponding spike trains:

Nd N, N2 N
AW, =n[F<s;‘,sh>—F(ss‘,shﬂ:n{zzlc(ti —t =D k(] —tﬁ)] (16)
m=1 n=1 m=1 n=1
No No | NS Ni NN _
Ay () =0 S [F(s8.5)— F(s%.5) by =nZ{ZZK(t$ =33 kel —tA)] o (17)
0=1 o=1| m=1n=1 m=1 n=1

where F(s,,s,) :<fsk ), f, (t)> :IF f, (1) f; (t)dt is the inner product of the corresponding functions f, (t)

and f, (t) [9]. ty. ta, t) and t, are the spike times in the corresponding spike trains, and Ny, N&, N, and
N, are the numbers of spikes in the spike trains.

3. EXPERIMENTS AND RESULTS

3.1. Learning of spike trains

The spike train learning tasks are used to demonstrate the learning performance of the Multi-OSLFA
algorithm. The algorithm is applied to train SNN that output the given target spike trains. The clock-driven
strategy is used to simulate SNNs with time step dt = 0.1 ms. The three-layer SNN contains 40 input neurons,
100 hidden neurons, and one output neuron. The synaptic weights are generated in the interval [0, 0.2] that
satisfies the uniform distribution, and the feedback elements in the fixed random matrix B are generated in
the interval [0, 0.05]. The learning rate of the algorithm is n=0.005. In this paper, the spiking neuron uses

the spike response model (SRM) [11], the spike firing threshold is 6 =1, the time constant of the postsynaptic
potential is T = 2, the time constant of refractory period is Tz =50, and the absolute refractory period is t; =1 ms.
The Laplacian kernel function «k(s) =exp(—|s|/c) with parameter =5 is used in all simulations. In the
biological nervous system, it is usually observed that the spikes fired by neurons satisfy the Poisson distribution
of a certain frequency. For spike train learning tasks, the spike trains in the input layer are generated randomly
by a homogeneous Poisson encoding method [18] with spike firing rate r =40 Hz in the time interval
I' =[0,200] ms. The outputs of randomly initialized SNN are used as the desired spike trains. To quantitatively

evaluate the learning performance, the spike train kernel is used to define a correlation-based measure C [3].
The value of C is within the range of [0, 1]. When the two spike trains are identical, the value of C is 1, and
gradually tends to O as their similarity becomes lower and lower. The results are averaged over 20 trials, and
each trial of the learning algorithm is applied for a maximum of 200 learning epochs.

In the following experiments, we show the learning process and the influence of different parameters on the
Multi-OSLFA algorithm. Figure 2 shows the spike train learning process of Multi-OSLFA to reproduce the desired
spatio-temporal spike pattern. Figure 2a shows the complete learning process in the time interval T . It shows that
the actual output spike train gradually approaches the desired spike train. The evolution of learning accuracy with
measure C during the learning process is presented in Fig. 2b. The learning accuracy increases gradually with the
increase of the learning epoch. After 135 learning epochs, the learning accuracy C reaches 1.0. As shown in
Figure 2c, synaptic weights from the input layer to the hidden layer change over time during the 50" learning epoch.
The results from top to bottom show the changes of synaptic weights at 50 ms, 100 ms, 150 ms and 200 ms
respectively. Figure 2d shows the real-time changes of the synaptic weights between the hidden and output layers
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during a learning epoch. When the output neuron fires a spike, the synaptic weights change over time, which
indicates that the Multi-OSLFA algorithm is learning in a real-time manner.
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Fig. 2 — The spike train learning process of the proposed Multi-OSLFA algorithm: a) the complete learning process (A, the initial
actual output spike train before learning; V', desired output spike train; *, actual output spike trains during the learning process);
b) the evolution of learning accuracy with measure C; c) the changes of the synaptic weights between the input and hidden layers

during a learning epoch; d) the changes of the synaptic weights between the hidden and output layers the interval [0, 200] ms.

Figure 3 shows the learning results of the Multi-OSLFA, Multi-OSTIP, Multi-SLFA and Multi-STIP
algorithms with different learning rates. As shown in Fig. 3a, with the increase of the learning rate, the learning
accuracy C of the four algorithms increases first and then decreases. When the learning rate is less than 0.01,
the learning accuracy of the two online learning algorithms is higher than that of the two offline algorithms.
The two online algorithms have the highest learning accuracy when the learning rate is 0.005. The average
learning accuracy C of the Multi-OSLFA and Multi-OSTIP algorithms is 0.9999 and 0.9996, respectively.
Multi-SLFA achieves the best learning result when the learning rate is 0.05, and the learning accuracy C is
0.9961. When the learning rate is 0.005, the Multi-STIP algorithm achieves the best learning result and the
learning accuracy C is 0.9946. Figure 3b shows the learning epoch when the learning accuracy C reaches the
maximum value. The learning epochs required for the four algorithms to achieve maximum learning accuracy
are gradually reduced with the increase of the learning rate. When the learning rate is 0.005, the mean learning
epochs of the four algorithms are 68.2, 36.9, 160.95 and 160.55, respectively. Therefore, in the following spike
train learning experiments, we set the learning rates of the Multi-OSLFA, Multi-OSTIP, Multi-SLFA and
Multi-STIP algorithms as 0.005, 0.005, 0.05 and 0.005, respectively.

Figure 4 shows the results of the four algorithms with different spike train firing rates in the input layer
of SNNs. The firing rate of input spike trains is increased from 20 Hz to 100 Hz in steps of 10 Hz while the
other parameter settings remain the same. As shown in Fig. 4a, the learning accuracy of these four algorithms
is decreased gradually with the increase of the spike train firing rate, and the learning accuracy of the Multi-
OSLFA algorithm is higher than that of the other three algorithms. In addition, the learning accuracy of the
online algorithms is higher than that of the offline algorithms. For example, when the spike train firing rate is
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60 Hz, the learning accuracy C of the Multi-OSLFA, Multi-OSTIP, Multi-SLFA and Multi-STIP algorithms
is 0.9962, 0.9933, 0.9329 and 0.9852, respectively. Figure 4b shows the learning epochs when the learning
accuracy C reaches the maximum value. It shows that the learning epochs of these four algorithms increase
first and then decrease. This simulation indicates that the proposed Multi-OSLFA algorithm can well learn
with different firing rates of the spike trains.
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Fig. 3 — Learning results with different learning rate: a) the learning accuracy C;
b) the learning epochs when the learning accuracy C reaches the maximum value.
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Fig. 4 — Learning results with different firing rates of input spike trains: a) the learning accuracy C;
b) the learning epochs when the learning accuracy C reaches the maximum value.

Finally, the learning performance of the proposed Multi-OSLFA algorithm with different lengths of spike
trains is tested and compared with the Multi-OSTIP, Multi-SLFA and Multi-STIP algorithms. The length of
spike trains is increased from 100 ms to 1000 ms in steps of 100 ms while the other parameter settings remain
the same. The corresponding learning results are shown in Fig. 5. Figure 5a shows the learning accuracy of the
four learning algorithms with different spike train lengths after 200 learning epochs. The learning accuracy C
of these four algorithms is decreased slowly with the increase of the length of spike trains, and the standard
deviation of C gradually increases. In addition, the learning accuracy of the Multi-OSLFA algorithm is higher
than that of the other three algorithms. It can be seen from the results that the learning accuracy of the online
algorithms is higher than that of the offline algorithms, and the learning accuracy of the algorithms with the
feedback alignment mechanism is higher than that of the algorithms that propagate error using weight matrix
W . When the length of spike trains is 800 ms, the learning accuracy C of the Multi-OSLFA, Multi-OSTIP,
Multi-SLFA and Multi-STIP algorithms is 0.9913, 0.9845, 0.8937 and 0.9733, respectively. As shown in Fig.
5(b), the learning epochs of the four algorithms increase gradually with the increase of the length of the spike
trains. For example, when the length of spike trains is 400 ms, the mean learning epochs for the four algorithms
are 100.4, 103.75, 102.1 and 155.35, respectively. This simulation indicates that the proposed Multi-OSLFA
algorithm can well learn in a large range of spike train lengths.
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Fig. 5 — Learning results with different spike train lengths: a) the learning accuracy C;
b) the learning epochs when the learning accuracy C reaches the maximum value.

3.2. Nonlinear pattern classification

In this experiment, we apply the proposed online learning algorithm to practical nonlinear pattern
classification problems. Figure 6 shows the computational process of pattern classification using the SNN.
Firstly, the features of samples in the dataset are normalized, and the linear encoding method is used to convert
the samples into the spike trains within a given simulation duration [19, 20]. The number of input neurons
depends on the number of features of the sample. Then, the encoded spike trains of each sample are input into
the SNN, and the proposed online learning algorithm is used for training. The instantaneous network error is
calculated according to the actual output spike train and the desired output spike train representing the input
sample label information given in advance. Synaptic weights are updated in real-time by error backpropagation.
Finally, the classification information of input sample is obtained according to the similarity of spike trains.
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sample SNN S~ ! —> similarity
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I .
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N Class n
Backpropagation
I I
Spike train encoding Online learning Classification

Fig. 6 — The pattern classification process using SNNs with the online learning method.

Two benchmark datasets are selected from the UCI machine learning repository, including Wisconsin
breast cancer (WBC) and Pima Indians diabetes (PIMA) (The programs and datasets of this experiment are
available at http://121.42.213.146:8080/SNNLea3.0.zip). The WBC dataset contains 683 samples with 9 features,
and the PIMA dataset contains 768 samples with 8 features. The samples in the dataset are divided equally into
the training set and testing set. In the following experiments, the simulation duration is 100 ms. The values of
time decay constants of the SRM model are t=5 and t, =50 . Table 1 shows the parameter settings for different
datasets, where the range of the initial synaptic weights and the fixed random matrix B before learning is different.
The label information of each sample in the two datasets is encoded into desired spike trains with different
frequencies using a linear encoding scheme. The classification results are averaged over 20 trials.
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Table 1
Parameter settings for different datasets

: Weight range Frequency range of Frequency of desired Upper limit of
Dataset  Weight range of B input spike train (Hz) spike trains (Hz) learning epochs
WBC [0, 2.0] [0, 0.05] [15, 50] 40, 50 150
PIMA [0, 1.0] [0, 0.005] [10, 45] 30, 50 200

To further evaluate the learning performance of the Multi-OSLFA algorithm, we compare the
classification accuracy of the Multi-OSLFA algorithm against some other supervised learning algorithms for
SNNs for the datasets of WBC and PIMA. The SpikeProp [21], SWAT [20], Multi-ReSuMe [7] and Multi-
STIP [11] are chosen, the classification accuracy of the two datasets refer to the results described in [20] and
[22]. The classification accuracy of different learning algorithms for the datasets of WBC and PIMA is shown
in Table 2. It can be seen that for the two datasets, the SpikeProp algorithm achieves the highest classification
accuracy on both the training set and the testing set. However, the SpikeProp algorithm is a single-spike
learning method, which adopts a more complex data encoding method and network structure. For the multi-
spike learning methods, the classification accuracy of the Multi-OSLFA algorithm is 97.2% and 96.9% on the
training set and the testing set respectively, which is higher than that of the SWAT, Multi-ReSuMe, Multi-
STIP and Multi-SLFA algorithms on the WBC dataset. For the PIMA dataset, the classification accuracy of
the Multi-OSLFA algorithm is 72.7% and 72.2% on the training set and the testing set, respectively. In general,
our proposed Multi-OSLFA algorithm can well solve the nonlinear pattern classification problems and achieve
high classification accuracy on both the training set and the testing set for different datasets.

Table 2
The classification accuracy of different supervised algorithms on two datasets

Dataset Algorithm Architecture Training accuracy (%)  Testing accuracy (%) Epochs
SpikeProp [20] 64-15-2 97.6+0.2 97.0+0.6 500
SWAT [20] 9-117-2 96.2+0.4 96.7+2.3 500
WBC Multi-ReSuMe 9-40-1 955+1.2 948+21 150
Multi-STIP 9-40-1 96.1+0.8 96.1+0.5 150
Multi-SLFA 9-40-1 96.9 +0.6 96.4+0.8 150
Multi-OSLFA 9-40-1 97.2+0.7 96.9 + 0.6 150
SpikeProp [22] 49-20-2 786+25 762+1.8 3000
SWAT [22] 48-624-2 77.0+£21 721+18 500
PIMA Multi-ReSuMe 8-30-1 69.3+3.0 68.4+25 200
Multi-STIP 8-30-1 72.1+13 71111 200
Multi-SLFA 8-30-1 732x17 71.3+23 200
Multi-OSLFA 8-30-1 72711 722+15 200

4. CONCLUSIONS

In this paper, we use the feedback alignment mechanism to design a new online supervised learning
algorithm for multilayer feedforward SNNs. The discrete spike trains are converted to continuous functions
using convolution operation. Then the continuous functions are used to construct the error function and derive
the online learning rule of synaptic weights. The learning rule only depends on the precisely timed spike trains,
so it can be theoretically applied to various spiking neuron models. It can be seen from the spike train learning
experiments that the proposed Multi-OSLFA algorithm can successfully learn the spatio-temporal pattern of
spike trains. Compared with the Multi-OSTIP, Multi-SLFA and Multi-STIP algorithms, the Multi-OSLFA
algorithm can obtain higher learning accuracy. Since the instantaneous error is backpropagated through the
feedback alignment mechanism and synaptic weight is updated in a real-time manner, it has a biologically
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plausible mechanism for learning. In addition, the two UCI benchmark datasets of WBC and PIMA are used
to test the classification performance of the proposed algorithm. The Multi-OSLFA learning algorithm is
compared with different supervised learning algorithms for multilayer feedforward SNNs. Classification
results show that the proposed method can effectively solve the nonlinear pattern classification problems and
achieve high classification accuracy on both the training set and the testing set for different datasets.
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