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Abstract: Deep neural networks (DNNs) have achieved high accuracy in various applica-
tions, but with the rapid growth of Al and the increasing scale and complexity of datasets,
their computational cost and power consumption have become even more significant
challenges. Spiking neural networks (SNNs), inspired by biological neurons, offer an
energy-efficient alternative by using spike-based information processing. However, train-
ing SNNs is difficult due to the non-differentiability of their activation function and the
challenges in constructing deep architectures. This study addresses these issues by inte-
grating DNN-like backpropagation into SNNs using a supervised learning approach. A
surrogate gradient descent based on the arctangent function is applied to approximate
the non-differentiable activation function, enabling stable gradient-based learning. The
study also explores the interplay between the spatial domain (layer-wise propagation)
and the temporal domain (time step), ensuring proper gradient propagation using the
chain rule. Additionally, mini-batch training, Adam optimization, and layer normaliza-
tion are incorporated to improve training efficiency and mitigate gradient vanishing. A
softmax-based probability representation and cross-entropy loss function are used to opti-
mize classification performance. Along with these techniques, a deep SNN was designed
to converge to the optimal point faster than other models in the early stages of training
by utilizing a modified learning rate scheduler. The proposed learning method allows
deep SNNSs to achieve competitive accuracy while maintaining their inherent low-power
characteristics. These findings contribute to making SNNs more practical for machine learn-
ing applications by combining the advantages of deep learning and biologically inspired
computing. In summary, this study contributes to the field by analyzing and adapting deep
learning techniques—such as dropout, layer normalization, mini-batch training, and Adam
optimization—to the spiking domain, and by proposing a novel learning rate scheduler
that enables faster convergence during early training phases with fewer epochs.

Keywords: spiking neural networks; deep learning; learning rate scheduler; gradient
descent; neuromorphic

MSC: 68T07; 68Q32

1. Introduction

Deep neural networks (DNNs) have achieved remarkable success in various fields.
With the continuous advancement of artificial intelligence, the importance of deep learning
has been further reinforced. However, the high computational cost associated with training
DNNs raises significant concerns regarding power efficiency [1-6].
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To address this issue, a new generation of neural networks, namely spiking neural
networks (SNNs), has emerged. SNNs are inspired by the human brain and closely mimic
biological neural processes, enabling high performance with significantly lower power con-
sumption [7,8]. This is primarily due to their information transmission mechanism, which
utilizes spikes instead of continuous values. Unlike DNNs, where forward propagation
involves real-valued computations, SNNs transmit information using binary spikes (0 or 1).

Despite their advantages, training SNNs presents significant challenges. The activation
function of neurons in SNNs most commonly uses the LIF model [9-11], which has a form
similar to that of the Dirac delta function. Consequently, these neurons produce discrete
spike-shaped outputs, making them inherently non-differentiable. As a result, conventional
backpropagation-based training methods used in DNNs cannot be directly applied to SNNs.
Instead, SNNs are often trained using unsupervised learning techniques that leverage
timing-based parameters. A well-known example is spike-timing-dependent plasticity
(STDP), which updates synaptic weights based on the relative timing of spikes between pre-
and post-synaptic neurons. However, this approach has limitations, particularly in training
deep networks with multiple hidden layers [12], leading to lower predictive accuracy.

To overcome these challenges, this study introduces a supervised learning approach
for training SNN5s that is inspired by the backpropagation mechanism used in DNNs.
Specifically, the proposed method applies gradient descent to optimize network parameters
in a supervised manner, enabling the construction of deep SNN architectures. However,
as mentioned earlier, the delta Dirac activation function in SNNs is non-differentiable,
making direct gradient-based optimization infeasible. To address this issue, we employ the
surrogate gradient descent, which approximates the non-differentiable activation function
with a differentiable alternative during gradient descent.

In this study, we not only adopt the training framework of DNNs but also explore
how SNNss process information in the temporal domain [13,14] and how the chain rule
can be simplified to facilitate gradient-based learning. Furthermore, a novel modified
learning rate scheduler technique is proposed to enable faster convergence to the optimal
point in the early training phase compared to other models, along with the most effective
techniques for such SNNs. A deep SNN incorporating all these techniques is compared
with a conventional DNN to validate the performance of the proposed DSNN.

The remainder of this paper is structured as follows. Section 2 provides a detailed expla-
nation of the network composition, including the SNN neuron model, spike activity, network
architecture, loss function, and learning model, along with the proposed modified learning rate
scheduler and the overall algorithm. Section 3 presents a performance evaluation by comparing
the proposed deep SNIN with other models. Section 4 provides a detailed discussion of the
underlying reasons for the DSNN's superior performance, including its temporal dynamics and
the effects of the learning rate scheduler. Finally, Section 5 concludes the paper with a summary
of the findings, implications, and future research directions.

2. Materials and Methods
2.1. Neuron Model

In the proposed deep SNN model, the activation function of each neuron is based on
the Leaky Integrate-and-Fire (LIF) model. In LIF, the membrane potential at the current time
step is determined by the weighted sum of inputs and the membrane potential from the
previous time step. The membrane potential accumulates over time, and, when it exceeds
a predefined membrane threshold, the neuron fires. Upon firing, the neuron generates a
spike, which takes a value of 1. If the neuron does not fire, the output remains 0.

To formalize the LIF neuron, several key components are required [8]. First, the spike
values from the previous neurons and the synaptic weights connecting the two neurons
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play a crucial role. The weighted sum of the spikes from all previous neurons connected to
the current neuron forms an essential term in the computation. Mathematically, this can be
represented in matrix form, as follows:

Wl’lilslil[t—ﬁ— 1] (1)

where W/~ is the weight matrix representing the synapses connecting layer I — 1 to layer
I and S'~1[t + 1] is the vector of spikes from layer | — 1 at time step ¢ + 1.

In the LIF neuron model of SNNs, the membrane potential gradually decreases over
time. This phenomenon is referred to as the leak of the membrane potential. This character-
istic can be represented in the membrane potential term at the current time step ¢, as shown
in Equation (2). Here, leak factor f is a constant within the range of 0 to 1, representing the
leaky nature of the LIF model. This constant modulates the leakage effect of the membrane
potential. The matrix U![t] represents the membrane potential in time step ¢ in layer [. The
process of how the membrane potential evolves over time can be observed in Figure 1.

The membrane potential at the current time step is influenced by the values from
previous time steps. In other words, it is continuously affected by the membrane potential
from earlier moments in time. This reveals that spiking neural networks (SNNs) operate
not only in the spatial domain but also in the temporal domain, which is reflected through
the behavior of the membrane potential.
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Figure 1. Backpropagation through time (BPTT) in spiking neural networks. The temporal depen-
dencies of the membrane potential U[t] are propagated across time steps. Blue arrows represent the
temporal influence of membrane potential modulated by the leak factor g, indicating how previous
membrane states affect the current potential. Gray arrows indicate the direction of information flow:
horizontal arrows represent the progression over time, while vertical arrows represent feedforward
propagation across layers.

When a neuron’s membrane potential exceeds the membrane threshold, the neuron
fires and its membrane potential is reset. The firing frequency of the neuron can be con-
trolled using the membrane threshold and the reset scaling factor. If the goal is to promote
sparse spiking for high energy efficiency in hardware implementation, the membrane
threshold can be set relatively high to suppress frequent firing. During the reset phase, the
membrane potential is typically reduced by subtracting the membrane threshold value,
bringing it close to its initial state. However, this reset behavior can also be adjusted by
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applying a scaling factor (as shown in Equation (3)) to the membrane threshold, thereby
controlling how much the potential is reset. When the reset scaling factor is applied, the
membrane potential is reset to a higher value compared to when the scaling factor is not
used. As a result, the neuron can fire again after a shorter duration. This mechanism can be
used to increase the amount of information carried by generating more spikes, which in
turn may lead to more accurate results.

The reset scaling factor  and the membrane threshold Uy, are defined as follows:

v+ Ugnye - S'[t] 3)

By incorporating all terms that influence the membrane potential of the neurons [8],
the overall update equation can be expressed as follows:

't +1] = U]+ WHISTI[H] — - Une - S'[1] 4

where U'[t + 1] represents the membrane potential vector of neurons in layer [ at time
step t + 1.

2.2. Spike Activity

In the LIF neuron model of an SNN, the membrane potential is checked at each time
step to determine whether it exceeds the membrane threshold. If the membrane potential
exceeds the threshold, the neuron outputs a value of 1; otherwise, it outputs 0. In other
words, each neuron produces an output in the form of a spike, which is either 0 or 1. This
follows the form of a Dirac delta function and can be mathematically expressed as follows:

SM_{LﬁUM%mm 5
0, otherwise

While this activation function does not pose any issues during the forward pass, it
becomes problematic in the backward pass due to its non-differentiability. Consequently,
this function cannot be directly utilized in the backpropagation process. Instead, a surrogate
gradient descent is employed [15], wherein the non-differentiable function is replaced with
a differentiable approximation.

To apply surrogate gradient descent, several differentiable activation functions have
been proposed to replace the original non-differentiable activation function. A common
approach is to approximate the Dirac delta function using activation functions such as
sigmoid or ReLU, which are frequently used in DNNs. However, these functions can suffer
from gradient vanishing issues when applied to deep learning-based SNNs, making them
impractical for effective training.

To address this, we employ an experimentally validated surrogate gradient descent
based on the arctangent function [16]. The arctangent function is differentiable, allowing for
smooth gradient computation during training. The surrogate gradient descent formulation
is expressed as follows:

S~ % arctan(rcll%) (6)

In the above equation, « is the derivative scaling factor, which is typically set to 2.
The derivative of spike activity with respect to the membrane potential is given by the
following equation:

dS 1 o

95 1 7
ou  mq 4 (nu%)z 7
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By adopting this surrogate gradient descent, the original non-differentiable activation
function is replaced with a differentiable function during the backpropagation process.
This replacement enables the computation of gradients during backpropagation, allowing
the training process to be properly carried out.

2.3. Network Architecture

The spiking neural network (SNN) consists of an input layer, multiple hidden layers,
and an output layer. The neurons in the input layer receive input data and transmit spikes
to the next layer. In the hidden layers, neurons process incoming spike activities and relay
information to the next layers. The final output layer computes the network’s final output,
which is then used to calculate the loss at the output neurons. However, training an SNN
effectively through such a conventional network structure presents challenges.

When training with deep learning methods, the number of parameters increases
exponentially as the number of layers grows. This leads to excessive memory consump-
tion and significant computational overhead, which undermines the efficiency of SNNSs,
especially considering their primary advantage of low power consumption. To address
this issue, in this study, the mini-batch gradient descent [17] was utilized. In the case of
mini-batch processing, parameters are not updated for each individual data point; instead,
they are updated only once for a batch of data, enabling efficient computation. Moreover,
when implementing the model in hardware, computations can be performed in parallel
for an entire batch at once, which is another reason for adopting the mini-batch gradient
descent approach.

Furthermore, mini-batch training benefits from the Adam optimizer [18], which com-
bines the advantages of momentum and RMSprop to enhance optimization performance.
The Adam optimizer calculates moment vectors to adjust the direction and magnitude
of parameter updates efficiently. This helps mitigate the problem of getting trapped in
local minima, which is a common limitation in deep learning. Moreover, as SNNs transmit
information through spikes, they are inherently prone to gradient vanishing issues. The
Adam optimizer alleviates this problem by ensuring stable gradient flow during training.

However, the SNN architecture, which incorporates temporal dependencies, introduces
additional challenges. When input data enters the network across multiple time steps, rate-
encoding methods can cause each time step’s input pixels to exhibit similar patterns. This
can lead to certain neurons continuously generating spikes while others rarely fire, eventually
resulting in some neurons never spiking. Such neurons, often referred to as dead neurons,
become ineffective in the network. To mitigate this issue, a dropout mechanism [19] is applied.

Dropout prevents specific neurons from firing spikes by randomly deactivating a
subset of neurons in each layer during training. This ensures that certain neurons do not
dominate spike activity, thereby preventing specific synapses from being overly trained.
The dropout technique is implemented using a dropout mask, which randomly deactivates
neurons, promoting balanced learning across all neurons in the hidden layers.

Since SNNss rely on spike-based information transmission, neuron activation values
can become unevenly distributed, leading to difficulties in learning. To address this, layer
normalization is applied to each hidden layer, ensuring that layer outputs remain within
a controlled range, thereby stabilizing the learning process. Unlike batch normalization,
which depends on batch size, layer normalization normalizes the activation values of
individual neurons independently of batch size. This flexibility allows it to be easily
applied regardless of batch size variations.

By implementing these strategies, we optimize the training process for SNNs, improv-
ing computational efficiency, memory utilization, and training stability.



Mathematics 2025, 13, 1361

6 of 16

2.4. Loss Function

In spiking neural networks (SNNs), the network must be trained to generate more spikes
for the correct label. During training, it is essential to monitor the activation level of the
neuron corresponding to the correct label. There are two primary indicators of neuronal
activation: membrane potential and spike count. Membrane potential provides the most direct
representation of a neuron’s activation level, while spike count conveys the overall activation
level by counting the number of spikes each neuron generates over the entire time step.

The loss is calculated after the completion of forward propagation; that is, when all time
steps have been processed. During this process, the membrane potential generates multiple
spikes and is reset several times. As a result, at the final time step, when the loss is evaluated,
the membrane potential may have been reset and may appear to show no activation at all.
However, in the case of the spike count, the spikes are accumulated throughout all time steps
without being reset. Therefore, when measuring the loss in an SNN, it is more accurate to
evaluate the activation level of each neuron based on its total spike count.

Therefore, the probability of each output neuron is calculated based on the spike count,
and this value is then used in the loss function. In this study, we adopt the cross-entropy
loss function [20], which is widely used for multi-class classification in supervised learning.
In a network that classifies data with multiple classes, the loss for each neuron in the output
layer is calculated by comparing the activation level of each neuron with the target label.
Based on these loss values, gradient descent is performed to train the parameters of the
network. After repeatedly training the network using these loss values, the neurons in the
output layer of the trained network are guided to fire more spikes for the correct label. As
a result, once training is sufficiently completed, the neurons in the output layer produce
more spikes corresponding to the correct label.

To implement this, the spike count is input into the softmax function [21] to obtain
the probability of each output neuron. Then, these probability values are fed into the
cross-entropy loss function to compute the loss for each output neuron. In the following
softmax equation, p;[t] represents the value of the ith output neuron at time step ¢, and
Y. S;[t] denotes the total accumulated spike count of the ith output neuron at time step t.
Furthermore, C represents the number of correct labels.

ex Silt
pill] = SRS ®
Z]':() eXP(Z Sj[tD
Using the softmax function, the cross-entropy loss is formulated as follows:
C-1
Lelt] = =} yilog(pilt]) ©)
i=0

where y; represents the one-hot encoded label corresponding to the correct class.

2.5. Learning Model

In deep neural networks (DNNs), learning is conducted through backpropagation,
where gradient descent is used to compute gradients and update parameters. While DNNs
achieve high accuracy, their real-valued outputs demand extensive computational resources.
In contrast, SNNs utilize spike-based outputs, which take binary values (0 or 1). SNNs
have significantly simpler values for each term during the gradient descent process than
DNN:s, allowing for lower computational complexity in the backpropagation process.

Traditional SNN learning methods rely solely on the temporal domain, where learning
occurs through spike-timing-dependent plasticity (STDP), based on the spike times of pre-
and post-synaptic neurons. However, this approach makes it challenging to train deep
networks with multiple hidden layers, ultimately limiting their ability to learn complex
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datasets. Although SNNs offer lower power consumption than DNNSs, their accuracy
deteriorates when handling intricate tasks.

To address these limitations, this study integrates the advantages of DNNs into SNN
learning by adopting backpropagation with gradient descent. In SNNs, both the temporal
domain and the spatial domain coexist [13]. The temporal domain represents the sequential
evolution of membrane potentials across time steps, while the spatial domain corresponds
to the hierarchical structure of multiple hidden layers. For effective propagation across
these domains, certain structural connections within the SNN network must be considered.

In the spatial domain, each layer is connected through synaptic weights. However,
the connections in the temporal domain are implicit. This can be observed in the mem-
brane potential equation, where the first term involves a leaky constant multiplying the
membrane potential from the previous time step. This illustrates the inherent temporal
connectivity of SNNs. Using this relationship, the chain rule can be effectively applied to
the backpropagation process.

2.5.1. Gradient Computation via Chain Rule

During backpropagation, gradient descent is applied using the chain rule. To construct
the chain rule, we must trace the loss function back through the network, starting from the
output and propagating backward. This process is expressed in Figure 2.

Layer

dinput, Layer L dav

g dL aw dInput,
= e —1] === {mput,[t— 11} €—(U,[t—1] ] €={S.lt - 1]} Le-1]
4
dInput, Layer L au :
dL —aw | dinput, =
FZGI {nputy[f]} < ,11)) ] 5,171 ): L

Layer L _ % )
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dInput,, H TUL dTh‘L
dL
W] LTI {Input,[t + 1]} €= U,[t + 1] Ja— 5[t +1] | Llt+1]

Figure 2. Backpropagation over time in spiking neural networks. The figure illustrates the gradient
flow in the temporal domain, where the membrane potential U|[t] propagates across time steps, and
the gradient of the loss function is computed using the chain rule. Red arrows indicate the flow of
partial derivatives during backpropagation, showing how each term in the chain rule contributes to
the gradient computation. Horizontal arrows represent the backward gradient propagation across
layers, while vertical arrows indicate the backward gradient flow across time steps.

First, to compute the parameter update, the gradient a% must be derived from the loss
function. Since the loss function is expressed in terms of spike-based outputs in a matrix
form, the first term in the chain rule is given by the following equation.

oL! oL! P[] oxS'[t]

= . . 10
oS![t]  oP[t] oxS![t] oS![t] 10
where P|t] represents the softmax probability matrix, as follows:
1
oL =-Y.pP[t! (11)

aP[1]
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By differentiating the probability matrix P[t] with respect to the accumulated spike
count X.5[t], we obtain the following:

aP[t]
x5! [t]

— P[f]- (1 - P[t) (12)

From the definition of accumulated spike count, the differentiation with respect to
spike activity is as follows:

oxSt]
e I (13)

Thus, combining these terms, the gradient can be expressed as follows:

!
aale[t] = (=Y Pl") - (PIH]- (1 - PIA) (14)

Simplifying this equation, we obtain the following:

oL’
—— =-Y+Y-P[t 15
which is finally expressed as follows:
1- Ptarget (16)

where Piarget represents the target probability matrix for classification.

After computing the gradient with respect to spike activity, we now consider the membrane
potential. As discussed in Section 2, the Dirac delta function is non-differentiable, requiring the
use of a surrogate gradient descent for backpropagation. Here, we approximate the activation
function using the arctangent function in a matrix form, whose derivative is as follows:

os'ly] 1
oU'[t] 1+ (rU'[H])?

(17)

This approximation ensures smooth gradient propagation while maintaining the
spiking nature of SNNs.

To account for the influence of previous time steps, the membrane potential must be
differentiated with respect to its earlier states. As described in the temporal domain formu-
lation, the recurrence relation in membrane potential is given in matrix form as follows:

u'fy] = pu'[t — 1]+ WH=1. 8171t — 1] — 4 - Uy, - S — 1] (18)

u'[t—1] = pu'(t — 2] + W1 8171t — 2] — - Uy, - S'[t — 2] (19)
Thus, differentiating with respect to the previous time step, we obtain the following;:

ou'[t]
— B] 20
ou'lt — 1] p (20)
Next, we consider the dependency on input activity. The membrane potential equation
shows that one of its terms corresponds to input activity, implying the following:

ou'[t —1]
(W1 gI-17¢ — 1))

=1 (1)

Since input activity is the product of synaptic weight and spike activity, differentiating
with respect to the synaptic weights gives the following:
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ou'[t —1]
awl,lfl

Similarly, differentiating with respect to the spike activity at the previous layer results

=1 —1) (22)

in the following equation:

ou'[t —1]

e = W 23
a1t — 1] 23)

2.5.2. Extending to Deep SNN Architectures

The above process applies to networks with a single hidden layer. However, for
deeper networks, multiple hidden layers must be incorporated. To compute the gradients
efficiently, the chain rule must be reused across layers. When multiple hidden layers are
present, the backward pass follows a similar structure.

For networks with two hidden layers, the gradient propagation follows the same recursive
structure, ensuring computational efficiency. This allows the reuse of previously computed
gradients to optimize memory and computational efficiency. Ultimately, this approach facilitates
deep SNN training while preserving biological plausibility and energy efficiency.

2.6. Modified Learning Rate Scheduler

The ADAM optimizer [18] adaptively adjusts each parameter by leveraging the first and
second moments of the gradient, inherently modifying the learning rate within the optimizer.
Therefore, at first glance, using the ADAM optimizer may seem to eliminate the need for a
learning rate scheduler. However, there are still aspects of the ADAM optimizer that can be
improved. The most crucial aspect of a neural network is how quickly and accurately it learns.
To accelerate learning, the early epochs, where most of the learning takes place, should involve
the most significant updates. In other words, the learning rate should be adjusted sharply
during the initial epochs to maximize the learning impact. To adjust the learning rate, the Adam
optimizer should be used while additionally applying a learning rate scheduler.

There are various types of learning rate schedulers. In this study, we empirically
verified various learning rates to identify the most suitable one for the given network. By
experimenting with different learning rate schedulers, including lambda, exponential [22],
multiplicative, and cosine annealing [23], we found that the lambda learning rate scheduler
achieved the best performance for this network.

However, while using only a learning rate scheduler enables stable training, there
were few differences in the early epochs compared to using the standard ADAM optimizer
alone. Therefore, to achieve faster convergence in the early epochs, the existing learning
rate scheduler was modified.

First, the gradient of the loss was calculated based on the difference between the recent
loss and the loss from the previous batch. The cases were then divided based on whether
this gradient was positive or negative. If the gradient was positive, it indicated an increase
in loss, likely due to an excessively large learning rate causing oscillations. In this case, the
learning rate was decreased accordingly.

When the gradient was negative, three different cases were considered. The degree
of the negative gradient was categorized into three levels. Since it is desirable to have
a steep gradient during the early epochs for rapid learning, different adjustments were
applied based on the steepness of the gradient. If the gradient was in the steepest range,
the learning rate was maintained. If the gradient was in the second steepest range, the
learning rate was slightly increased to encourage movement toward the steepest gradient
range. Finally, if the gradient was in the lowest range, the learning rate was significantly
increased to accelerate convergence toward the optimal steep region.
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The following equation adjusts the learning rate when the loss is decreasing, adapting
it based on the gradient magnitude in three cases. Here, a1 g is the learning rate scaling
factor , which scales the learning rate in the modified learning rate scheduler, and BagsF is
the additional scaling factor, which applies further adjustments beyond the second stage.

LearningRate, if Aloss > third stage
LearningRate = { LearningRate x (1 + aggp X |Aloss|), if Aloss > second stage (24)
LearningRate x (14 apgp X (JAloss| + Bask)), otherwise

2.7. Algorithm

The complete training algorithm, including both the forward pass and backward pass
when using two hidden layers, is set out in Algorithm 1 below.

Algorithm 1 Training algorithm for spiking neural network with modified learning rate
scheduler.

Require: Training data (X,Y), test data (Xtest, Yeest)

1: Initialize weights W, biases b, and Adam parameters

2: Set hyperparameters: B, T, 1o, B, 0, p,a, tht g, thrhigh

3: for each epoch e = 1 to num_epochs do

4: Shuffle training data, set base LR: 7 = 1o x scheduler_lambda(¢=")

5 for each batch (X, Y};) do

6 (1) Dropout mask generation
7: M < random(B, H) < p
8
9

(2) Forward pass (for each t = 1to T)
Compute input currents: I*

10: Normalize: I' = LayerNorm(I?)

11: Update membrane potential: U’

12: Generate spikes: S = (U! > 0) - M

13: (3) Compute loss

14: Apply softmax to U! and compute cross-entropy loss

15: Accumulate total loss over T time steps

16: (4) Modified learning rate adjustment

17: if e <5 then > Apply modified LR in early epochs
18: Compute loss_grad = Lpatch — Lprev

19: if |loss_grad| > thryg, then > Third stage
20: n=rn

21: else if |loss_grad| > thry,;q then > Second stage
22: n=nx(1+uwa-|loss_grad|)

23: else > First stage
24: n=nx1+wa-(|loss_grad| + B))

25: end if

26 end if

27: (5) Backpropagation (for t = T to 1)

28: Compute gradients g—#\,

29: Update using surrogate gradient descent

30: (6) Adam optimizer update

31: for each parameter W, b do

32: Compute momentum m, variance v updates

33: Apply Adam weight update rule

34: end for

35: end for

36: Evaluate test accuracy and update Liest

37: end for

38: Output: trained weights, loss history, and final accuracy




Mathematics 2025, 13, 1361

11 of 16

3. Results

To evaluate the performance of the deep SNN, we compared it with a conventional
DNN using the same environment and network techniques. In the DNN, we employed
the same mini-batch, dropout, layer normalization, and Adam optimizer used in the deep
SNN. The activation function was set to ReLU, and the same loss function was applied. The
dataset used was the Modified National Institute of Standards and Technology (MNIST)
dataset, and the number of neurons in each hidden layer was fixed at 800. For the deep
SNN, the time step was set to 25, and the learning rate was identical to that of the DNN.
The hyperparameters used in both models are summarized in Table 1.

Table 1. Training hyperparameters.

Parameter Value

Batch size 128

Initial learning rate 3x 1075

Time step 25

Neuron per layer 800

Activation function DNN: ReLU / DSNN: LIF

Loss function Cross entropy loss

Spike threshold 1.0

Lambda decay factor 0.95

Dropout probability 0.8

Second-stage threshold (modified LR) 20 (for 2, 3, and 4 hidden layers)
Third-stage threshold (modified LR) 35 (2 layers), 35 (3 layers), 28 (4 layers)
Alpha 0.3

Figure 3a presents a comparison graph of training accuracy between a DNN and the
DSNN. In this graph, the DSNN is a model that applies only the techniques described
in Section 2 without incorporating a learning rate scheduler. The graph shows that, al-
though both models share the same techniques except for the network structure, the DSNN
consistently outperforms the DNN across all epochs. Furthermore, the DSNN exhibits
stable learning as training progresses, whereas the DNN demonstrates fluctuations in
performance over epochs.

Similarly, Figure 3b presents the classification results of both models. As observed in
the training accuracy comparison, the DSNN achieves higher classification performance
than the DNN across all epochs.

100 100

. .
98 - 98
9
= 9 - < 9
& 3
> 94 - C e
) 5
- Q
3 92 S 924
3 <
c
g 90 | S 9
£ g
88 S 88
] ®
o
= g6 2 86
o, —e— DNN o —e— DNN
84 - +— DSNN(basic) 84 - e DSNN(basic)
82 1 - - - - 82

0 5 10 15 20 0 5 10 15 20

Epoch Epoch
(a) (b)
Figure 3. Comparison of DNN and DSNN performance: (a) training accuracy; (b) classification accuracy.
Next, Figure 4a presents a comparison between a fully basic DSNN model, which

does not incorporate any of the applied techniques (Adam optimizer, dropout, layer
normalization, and learning rate scheduler), and a DSNN model with these techniques
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applied to verify their effectiveness. As a result, the DSNN model without these techniques
achieved a maximum accuracy of 68.96% over 20 epochs. In contrast, the DSNN model with
these techniques applied achieved an accuracy of 98.78% over 20 epochs, demonstrating
the necessity of these applied techniques.

Figure 4b shows a comparison of the loss values for both models. The DSNN model
with the applied techniques recorded a maximum loss of 73.949 over 20 epochs, whereas
the basic DSNN model exhibited a significantly higher maximum loss of 333.3932. This
substantial difference in loss values between the two models highlights the impact of the
applied techniques.

These results collectively demonstrate the necessity of incorporating the most suitable
techniques for optimizing DSNN performance.
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0 T T T T T 0

Training Accuracy (%)

Figure 4. Comparison of DSNN training accuracy and test loss: (a) training accuracy of DSNN with
and without applied techniques; (b) test loss comparison between DSNN (lambda) and DSNN (basic).

Figure 5a presents a comparison of training accuracy between the DSNN models using
the proposed modified learning rate scheduler and the conventional lambda learning rate
scheduler to verify the effectiveness of the newly introduced approach. The two models
differ only in the learning rate scheduler, while all other network configurations remain
identical. The graph shows that the DSNN model with the modified learning rate scheduler
achieves a higher accuracy than the DSNN model using the lambda learning rate scheduler,
particularly during the initial epochs (i.e., the first 10 epochs). The average accuracy over
the first 10 epochs is 95.9215% for the DSNN with the modified learning rate scheduler
and 94.8093% for the DSNN with the lambda learning rate scheduler, demonstrating the
effectiveness of the proposed approach.

Similarly, Figure 5b compares the test loss of both models. The results show that the
DSNN model with the modified learning rate scheduler consistently achieves lower loss
across almost all epochs, further validating the effectiveness of the proposed learning rate
scheduling method.

Figure 6a presents a graph measuring the training accuracy of the DSNN with the
modified learning rate scheduler applied, evaluated across different numbers of hidden
layers. In this graph, the model with the highest number of hidden layers (four hidden
layers) exhibits the highest accuracy in most cases over the 20 epochs. Additionally, after
extending the simulation to 30 epochs, the four-hidden-layer model achieved the highest
training accuracy of 99.913% and the highest test accuracy of 98.787%.

Similarly, Figure 6b compares the test loss of the three models. Once again, the model
with four hidden layers demonstrates the lowest loss across most epochs, reinforcing the
observation that deeper neural networks tend to yield higher performance.
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Figure 5. Comparison of DSNN performance with modified and lambda learning rate schedulers:
(a) training accuracy; (b) test loss.
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Figure 6. Comparison of DSNN performance with different numbers of hidden layers: (a) training
accuracy; (b) training loss.

To further evaluate the effectiveness of the proposed DSNN, a comparative analysis
was conducted against two representative models—LeNet-5 and MobileNet v2—on the
MNIST dataset. These models were selected due to their similar number of trainable
parameters to the DSNN. For a fair comparison, the DSNN was configured with three
hidden layers. As shown in Figure 7, both the DSNN and LeNet-5 achieve significantly
higher test accuracy than MobileNet v2. In particular, the DSNN achieves a comparable
performance to LeNet-5, with a difference of less than 1% in test accuracy.
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@ MobileNetv 2
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L]
20 T T r T
0 5 10 15 20
Epoch

Figure 7. Comparison of test accuracy on the MNIST dataset using DSNN (3 hidden layers), Mo-
bileNet v2, and LeNet-5 over 20 training epochs.

In addition to the MNIST dataset, training and test accuracy were also evaluated on
the Fashion-MNIST dataset using DSNN models with two, three, and four hidden layers.
As the number of hidden layers increased, the classification accuracy showed consistent
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improvement. In particular, the model with four hidden layers achieved a maximum test
accuracy of 92.19% at epoch 10. The training and test accuracy trends for different model
depths are illustrated in Figure 8a and Figure 8b, respectively.
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Figure 8. Comparison of DSNN performance on the Fashion-MNIST dataset with different numbers
of hidden layers: (a) training accuracy; (b) test accuracy.

From the perspective of computational efficiency, the proposed two-hidden-layer
DSNN exhibits average spike rates of less than 30% in the first hidden layer, second hidden
layer, and output layer, thereby yielding an overall average of around 0.24 across epochs.
Unlike a conventional dense DNN, where all neurons are involved in computation at every
time step, the DSNN performs MAC operations only for the fan-out of neurons that actually
fire, leading to a linear reduction in the number of operations proportional to the spike
rate. Although the input-to-hidden layer remains densely connected, the use of sparse,
event-driven computation in the subsequent layers—with spike activity limited to less
than 30% of the neurons at each time step—significantly reduces the computational burden.
This sparsity alone led to a reduction in total MAC operations, despite the presence of
multiple time steps, clearly demonstrating that temporal expansion is effectively offset by
the sparsity of spike events.

4. Discussion

There are several reasons why the DSNN outperforms DNNSs. First, the DSNN utilizes
temporal information, allowing input patterns to be learned over multiple time steps. Since
the membrane potential accumulates over time, information is propagated more effectively.
Consequently, unlike DNNs, which rely solely on the output at a single time step, the
DSNN generates multiple spikes over time, enabling more stable feature extraction and
ultimately achieving higher classification performance.

Moreover, in the case of DNNs, when deep hidden layers or a large number of
parameters are used, the activation values of numerous neurons are not reset. This can lead
to gradient vanishing or exploding during the backpropagation process. Conversely, in the
DSNN, each neuron fires only when its membrane potential exceeds a threshold, and the
potential resets upon spiking. This prevents activation values from increasing indefinitely.

Finally, by applying the modified learning rate scheduler to the DSNN, the learning
rate is actively adjusted based on the loss gradient during the early epochs. As a result, the
DSNN reaches the optimal point more quickly during the initial training phase and can
achieve more effective learning in fewer epochs.

Due to these reasons, a DSNN with the modified learning rate scheduler outperforms
not only conventional DNNs but also traditional DSNN models.
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5. Conclusions

In this paper, we applied a supervised learning approach, using deep learning tech-
niques, to spiking neural networks (SNNs) instead of the conventional unsupervised
methods. Additionally, we enhanced the stability of the network and achieved higher per-
formance by incorporating optimization techniques best suited for SNNs, such as the Adam
optimizer, dropout, and layer normalization. Furthermore, we proposed an improved
DSNN by introducing a modified learning rate scheduler that enables faster training and
more rapid convergence to the optimal point compared to conventional DSNNs.

The proposed DSNN with the modified learning rate scheduler was validated on
the MNIST dataset. The results demonstrated that it achieved higher accuracy than both
conventional DSNNs and deep neural networks (DNNs) that employed the same opti-
mization techniques. In particular, the application of the modified learning rate scheduler
significantly improved performance during the early training phase.

In future research, we plan to further enhance DSNN performance by introducing a
new surrogate gradient descent and conducting FPGA-based implementation and simula-
tion for more precise validation.
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