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Abstract: The development of deep neural networks, although demonstrating astounding
capabilities, leads to more complex models, high energy consumption, and expensive hard-
ware costs. While network quantization is a widely used method to address this problem,
the typical binary neural networks often require the batch normalization (batchnorm) layer
to preserve their classification performances. The batchnorm layer contains full-precision
multiplication and the addition operation that requires extra hardware and memory ac-
cess. To address this issue, we present a batch normalization-free binarized deep spiking
neural network (B-SNN). We combine spike-based backpropagation in a spiking neural
network with weight binarization to further reduce the memory and computation overhead
while maintaining comparable accuracy. Weight binarization reduces the huge amount of
memory storage for a large number of parameters by replacing the full-precision weights
(32 bit) with binary weights (1 bit). Moreover, the proposed B-SNN employs the stochastic
input encoding scheme together with a spiking neuron model, thereby enabling networks
to perform efficient bitwise computations without the necessity of using a batchnorm
layer. As a result, our experimental results demonstrate that the efficacy of the proposed
binarization scheme on deep SNNs outperforms the conventional binarized convolutional
neural network.

Keywords: spiking neural network; binary weight; batch normalization; memory saving;
computational saving

1. Introduction
In recent years, the advancement of the deep neural network (DNN) algorithm has led

to remarkable success in a variety of cognitive applications, for instance, computer vision
and natural language processing. However, to achieve high accuracy, neural networks often
become increasingly complex. This results in high hardware costs and makes them difficult
to adopt in mobile or embedded devices. To address this challenge, many researchers have
proposed methods to make DNNs efficient. Among them, network quantization becomes a
popular approach to saving computation and memory costs. One way to perform network
quantization is by approximating 32-bit full-precision weights and inputs to low-precision
values (e.g., 1-bit binary values).

BinaryConnect [1] provides a highly quantized network by binarizing the weights
while the input is still in the floating point. This method was extended in binarized neural
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networks (BNNs) [2] by binarizing both weights and activations. Rastegari et al. [3] pro-
posed two approximations of the Convolution Neural Network (CNN), namely the binary
weight network (BWN), which contains binarized weight filters, and the XNOR-Network
(XNOR-Net), where both the weight and input have binary values. However, they keep the
weight and input as floating points in the first and last layers. Moreover, BinaryConnect [1],
the BNN [2], BWN [3], and XNOR-Net [3] require a batch normalization (batchnorm)
layer [4] to retain the classification performances. The batchnorm layer normalizes the
input by the mean and variances to prevent a gradient explosion for efficient training. In
doing so, it requires additional full-precision complex operations, which inhibits efficient
computations in the binary neural network. In order to effectively reduce the memory
usage and computational cost, it is necessary to not only use a binarized network but also
refrain from using the batchnorm layer.

Therefore, we propose a novel batchnorm-free binarized deep spiking neural network
(B-SNN) that can be potentially exploited for lightweight and energy-efficient applications.
Spiking neural networks (SNNs), which are often called the third generation of neural
network models [5], emerge as a promising neural computing paradigm for leveraging
the computational efficiency and capabilities of the human brain. They are inspired by the
biological neuron model that communicates by means of sparse binary signals, commonly
called spike events. The sparse spike events are transmitted over time as inputs in SNNs,
replacing the multi-bit precision inputs in typical DNNs. Through this event-driven com-
puting capability, SNNs can achieve low latency and power consumption [6]. Furthermore,
the rise of SNNs has become more prominent with the support of neuromorphic hard-
ware development, such as SpiNNaker [7], IBM TrueNorth [8], and Intel Loihi [9]. They
exhibit low-power, scalable, and parallel computing systems while maintaining their good
performance for inference.

The training of SNNs can be divided into two types: unsupervised learning and
supervised learning [6]. Unsupervised learning studies the features of the supplied input,
without using output labels. Spike Timing-Dependent Plasticity (STDP) is a simple and fast
unsupervised training mechanism that involves only neighboring signals to the synapses
(pre- and post-synaptic spikes) [10]. However, the classification accuracy of STDP is still
below the state-of-the-art results. On the other hand, supervised learning extracts features
from the training examples and output labels. The BANN [11] utilized supervised learning
with a Hoyer thresholding layer for spike activation. Moreover, there have been searches
into applying backpropagation (BP) [12] in supervised SNNs. Lee et al. [13] utilized the
membrane potentials as differentiable signals, thus enabling an error BP mechanism for
deep SNNs. Panda and Roy [14] employed regenerative learning method based on auto-
encoder to train a deep spiking convolutional network. Lee et al. [15] used approximate
derivative leaky integrate-and-fire neuron activation for end-to-end spike-based BP learn-
ing. Despite the positive outcomes, these approaches are still high in computational costs
due to the floating-point weight. Hence, we propose to improve spike-based supervised
learning by binarizing the weight, to retain competitive classification accuracies while
performing energy-efficient bitwise operations.

The main contributions of this work are as follows:

1. We completely remove the batchnorm layer, which results in less computational usage
and makes it more feasible to be realized in lightweight hardware implementations.

2. We use a combination of a supervised spike-based BP and weight quantization algo-
rithm, which ensures that the binary weights are optimally configured to minimize
the loss between the target and predicted outputs.

3. We extend our efforts to conduct a detailed analysis of the benefits of our proposed
method in terms of the classification accuracy, memory saving, and computational
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complexity for the inference. The experimental result on benchmark datasets shows
the effectiveness of our model compared to the conventional binarized CNN, such as
the BWN and XNOR-Net [3], even with our fully binarized layers. The B-SNN can
achieve comparable accuracy with a standard CNN, while performing low computa-
tional overhead operations.

The rest of this article is organized as follows. In Section 2, we present the preliminary
works, including the background of the neuron model and the learning algorithm of the
SNN. In Section 3, we detail our proposed method of the weight binarization technique.
Section 4 contains the experimental results and discussions of the B-SNN on the CIFAR-10
dataset, compared with the standard CNN, BWN, XNOR-Net, and BANN. Finally, we
conclude the article in Section 5.

2. Preliminary Works
2.1. Leaky Integrate-and-Fire Neuron Model

Leaky integrate-and-fire (LIF) [16] is a neuron model created by simulating the oper-
ating structure of the brain. It is designed to transmit output signals as spike events over
time, thus suitable for SNN implementation. LIF can be characterized by the membrane
potential, Vmem, which is the internal state, where the temporal dynamic is shown in the
formula below.

τm
dVmem

dt
= −Vmem + I(t), (1)

where τm is the time constant that represents the membrane potential leakage over time.
I(t) is the input current that sums the weight modulated by pre-spikes, as shown below.

I(t) =
nl

∑
i=1

(
wi∑

k
θi(t− tk)

)
, (2)

where nl indicates the number of weights in layer l, and wi is the weight connecting the ith
pre-neuron to the post-neuron. θi(t− tk) is a spike event of the ith pre-neuron at time tk,
which can be expressed as a Kronecker delta function as follows:

θ(t− tk) =

{
1, i f t = tk

0, otherwise
(3)

where tk is the time instant related to the kth spike. Figure 1 shows LIF neuron dynamics in
which the input spikes, θi(t− tk), are modulated by the weight, wi, to produce an influx
current flowing to the post-neurons. The influx currents are integrated into the membrane
potential of post-neuron Vmem. If there is no incoming input, the membrane potential decays
exponentially over time. When the membrane potential overcomes the firing threshold, Vth,
of the corresponding neuron, the neuron generates an output spike to the next layer and
resets the membrane potential to its resting state. These processes are repeatedly carried out
in each LIF neuron such that the neurons communicate by means of spike events over time.
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and accumulated as the current influx in the membrane potential, which decays exponentially.
Whenever the membrane potential crosses the neuronal firing threshold, a post-spike is fired, and the
corresponding membrane potential is reset.

2.2. Input Encoding Scheme

For event-based operations, the pixel-based input data need to be converted to spike
trains to feed the network during training and inference. To achieve this, the rate-based
encoding scheme is utilized, in which the number of spikes depends on pixel intensities.
First, the dataset is pre-processed by a horizontal flip and normalized to portray zero
mean and unit variance. After that, a random number (in the range of 0 to 1) is generated
uniformly at each time step. The pre-processed input pixel intensities are then compared
with the random number to generate Poisson-distributed spike events, where a spike is
generated whenever the pixel intensity is higher than the random number at the time step.
Every spike event is independently distributed over time and delivered to the first hidden
layer to produce the influx currents, which are the weighted summations of spike inputs.

2.3. Spike-Based Backpropagation Algorithm

The spike-based BP used in this work follows the standard BP [12] in the Artificial
Neural Network (ANN). The standard BP minimizes the errors of the final output by itera-
tively updating the network parameters in a backward direction using a gradient descent.
However, the standard BP technique cannot be directly applied for training SNNs due to
the discontinuous nature of the spike trains produced by spiking neurons. The derivative
of the spiking output with respect to the weighted spike input is not defined at the spik-
ing timing instants and is zero elsewhere. The step function gradient precludes training
convergence since it does not provide useful information during error backpropagation.
We use an approximate backpropagation that implements pseudo-derivative LIF neuron
activation [15] for effectively backpropagating error gradients. Figure 2 shows the flow of
the spike-based BP algorithm and the corresponding equations.
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Figure 2. Illustration of the spike forward- and backward-propagation phases of the BP algorithm
in a multi-layer SNN. Pixel intensities are encoded into spike trains in the input layer and fed to
the network. The green arrow depicts the forward pass process, where pre-spikes are weighted and
accumulated in the membrane potential of the LIF neuron. In the final layer, the final outputs are
determined by accumulating the weighted pre-spikes until the last time step. Then, the final outputs
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are evaluated against the label data to obtain the final errors. The blue arrow represents the backward
pass, where the final errors are back-propagated through the hidden layers employing the chain rule
for the partial derivative computation of the final error with respect to the weights.

2.3.1. Forward Propagation

During forward propagation, the input pixel values are transformed into Poisson-
distributed spike trains and sent to the first hidden layer. In the first hidden layer, the
spike inputs are weighted to produce influx currents that accumulate in the membrane
potential of the post-neurons. When the membrane potential exceeds the firing threshold,
the post-synaptic neuron generates an output spike to the subsequent layer and resets
the membrane potential. This process is carried out successively by the neurons in all the
hidden layers. The total current influx accumulated in the membrane potential of the jth
post neuron in layer l over time t is denoted as netl

j(t) and formulated as follows:

netl
j(t) =

nl−1

∑
i=1

(
wl−1

ij xl−1
i (t)

)
, (4)

where nl−1 and wl−1
ij are the number of pre-neurons and the weights of the preceding

layer, l − 1, respectively. xl−1
i (t) represents the sum of the spike train (tk ≤ t) from the ith

pre-neuron over time t, which can be formulated as Equation (5). The sum of the pre-spike
train of the next layer (xl

i(t)) is equal to the summation of the post-spike train (al
j(t)) as

described in Equation (6).
xl−1

i (t) = ∑
t

∑
k

θl−1
i (t− tk) (5)

al
j(t) = ∑

t
∑
k

θl
i (t− tk) (6)

Unlike the hidden layers, the last layer only performs the accumulation of the weighted
pre-spikes. Thus, the threshold is set to an extremely high value to prevent the membrane
potential of the final layer from spiking and resetting. In the last time step, the output
is quantified as the accumulated membrane potential in the final layer, L, divided by the
number of time steps, T, as seen in the equation below.

output =
VL

mem(t)
T

(7)

2.3.2. Backward Propagation

In backward propagation, the final output error, ej, is determined by the difference
between the target labels and the network’s predicted outputs, as formulated in Equation (8).
The final output error is employed in estimating the loss function gradients at the final layer.
The error gradient of the final layer (L), δL, is described as the output loss gradient with
respect to the total input current received by the post-neurons, as shown in Equation (9).

ej = outputj − label j (8)

δL = e
1
T

(9)

The gradients from the final layer are back-propagated using the recursive chain rule
through the hidden layers to the input layer [12]. The local error gradient at hidden layer
(l), δl , is recursively estimated by multiplying the gradient from the subsequent layer
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(
(

wl
)Tr
∗ δl+1) with the derivative of the neuronal activation (a′

(
netl

)
), represented in the

equation below.

δl =

((
wl
)Tr
∗ δl+1

)
.a′
(

netl
)

, (10)

where “*” indicates matrix multiplication and “.” denotes element-wise multiplication.
a′
(

netl
)

is the pseudo-derivative approximation for hidden layer neuronal activation
that overcomes the discontinuity of spiking behavior and captures the leaky effect of LIF
neurons, as formulated below.

a′
(

netl
)
=

1
Vth

(
1 +

1
γ∑

k
− 1

τm
e−

t−tk
τm

)
, (11)

where γ is the output spike count of a neuron in the forward-propagation phase and τm is
the time constant of the membrane potential decay rate.

The derivative of netl with respect to weight in layer l is derived in Equation (12).
Since the derivative of the output loss with respect to netl equals the error gradient of
the next layer, the output loss gradient with respect to the weights, expressed as ∆wl in
Equation (13), can be determined by multiplying the input spikes from layer l (xl(t)) with
the transposed error gradient at l + 1 (δ l+1). Lastly, the computed partial derivatives of
the loss function are used to adjust the corresponding weights using a learning rate (η), as
illustrated in Equation (13). The weight updates are processed iteratively over mini batches
of input patterns, thereby driving the network state toward a local minimum, allowing the
network to extract hierarchical representations within the data.

∂netl

∂wl =
∂

∂wl (w
l ∗ xl(t)) = xl(t) (12)

∆wl =
∂E
∂wl =

∂E
∂netl

∂netl

∂wl = xl(t) ∗ (δl+1)
Tr

(13)

wl = wl − η∆wl (14)

3. Proposed Method
3.1. Weight Binarization Scheme

The proposed method offers a quantized network through the use of binarized weights
to attain a lightweight model. The binarization scheme constrains the weight parameters
as either +1 or −1, such that 1 bit of information is stored in each synaptic weight. To
replace the full-precision weight (wF), the binary weight (wB) and scaling factor (α) are
approximately estimated as follows:

wFs ≈ (αwB)s, wB = sign(wF) (15)

where s denotes the input spike events. The scaling factor (α) is computed as the average of
absolute weight values in each output channel, while the binary weight (wB) is estimated
as the sign of the full-precision weight (wF).

At the training time, wB was used during the forward pass and for finding the error
gradient in the backward pass. For the parameter update, we kept the real-valued ‘shadow’
weights as containers to accumulate the gradients of parameters. The reason to retain
the real-valued gradient accumulator is that the stochastic gradient descent explores the
possible search space in very small and noisy steps. Hence, it is critical for the accumulation
containers (shadow weights) to have enough precision during the parameter update in
order to fully examine the potential states. After finishing the training procedure, we only
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kept the sign value of the weights (wB) and scaling factor (α). As a result, the inference of
the B-SNN became highly efficient compared to that of a standard neural network.

3.2. SNN Training

The SNN training in this work employed the spike-based BP algorithm, as described
in Section 2.3. On top of that, we applied the dropout technique [17] that randomly
disconnects units to avoid the model being overfitted to the training data. Since the output
calculation and backward pass are carried out only after the last time step of an iteration,
the same subset of units was kept to be processed in every time step within one iteration to
avoid the fade out of the dropout effect.

Algorithm 1 shows the pseudo-code of the SNN training mechanism at each iteration.
First, the full-precision weights that connect every layer were quantized to obtain their
scaling factor and binary weight. For all layers, except the final layer, a random subset was
generated with the probability of (1− p), where p is the probability of dropout. Next, in each
time step, the pixel input was encoded to Poisson-distributed spikes to feed the network.
Then, in the subsequent layers, the spikes from the previous layers were modulated
with the binarized weight and integrated into the membrane potential, apart from the
masked units. If the membrane potential exceeds the threshold, it spikes and resets;
otherwise, it decays exponentially. In the last time step of the final layer, the output error
was calculated, and the error gradient was back-propagated using a binarized weight.
During the parameter update, the error gradients (relative to the learning rate) were
accumulated in the real-valued shadow weight. Lastly, the learning rate was updated using
any scheduling function.

Algorithm 1: SNN training using spike-based backpropagation, weight binarization,
and dropout at each iteration.

Input: Pixel input and target output, SNN model, full-precision weight (wF), dropout
ratio (p), total number of time steps (T), membrane potential (Vmem), time constant of
membrane potential (τm), threshold (Vth), and learning rate (η).
1: for l ← 1 to L− 1 do
2: for wF in l do//binarize weight
3: α← 1

n

∥∥∥wl
F

∥∥∥
4: wl

B ← sign
(

wl
F

)
5: maskl ← generate_random_subset(probability = 1− p)
6: for t← 1 to T do
7: input← encode_to_Poisson_distributed_spike(pixel input)
8: SNN1.spike[t]← input[t]
9: for l ← 2 to L do
10: SNNl .Vmem[t]← SNNl .Vmem[t− 1] + SNNl−1 f orward

(
SNNl−1.spike[t]

)
∗(

maskl−1/(1− p)
)

//accumulate weighted spikes in membrane potential

11: if SNNl .Vmem[t] > SNNl .Vth then//membrane potential exceeds threshold
12: SNNl .spike[t]← 1
13: SNNl .Vmem[t]← 0
14: else//membrane potential decays over time
15: SNNl .spike[t]← 0

16: SNNl .Vmem[t]← e−
1

τm ∗ SNNl .Vmem[t]
17: δ← backward(SNN, target output, wB)//backward pass using binary weight
18: wF ← update_parameter(wF, δ, η)//parameter update using real-valued weight
19: η ← update_learning_rate(η)
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4. Experimental Results
4.1. Experimental Setup

To measure the performance and efficiency of the B-SNN, we examined the classifi-
cation accuracy of the standard image classification task, CIFAR-10 [18], which included
32 × 32 three-dimensional color images in 10 classes of 50,000 training data and 10,000 test
data. We used deep VGG8 [19] for the network architecture, consisting of 6 convolutional
layers with a 3 × 3 filter kernel, 3 spatial-pooling layers with a 2 × 2 kernel, and 2 fully con-
nected layers. Every 2-stacked convolutional layer was succeeded by an average pooling
layer. Figure 3 shows the illustration of the network architecture used in the experiment.
Additionally, the training was performed using batch learning.
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Figure 3. Illustration of VGG8 network architecture used in the experiment. The network consists
of 6 convolutional layers, 3 spatial-pooling layers, and 2 fully connected layers. Every 2-stacked
convolutional layer is followed by 1 average-pooling layer. The last pooling layer is followed by
2 fully connected layers to conclude the network.

The experiments were conducted on various binarization layer types, with the default-
type MID, where the binarization was only on the middle weights interconnecting the
hidden layers, while the first and the last layers of weights were kept in the 32-bit floating
point. The next types were FIRST + MID and LAST + MID, where, alongside the hidden
layers, the first (input to hidden layer) and the last (hidden layer to output) layers were
also binarized, respectively. The last type was the FULL binarization layer, where all the
weight layers were fully binarized. We also compared the results to those of the standard
CNN, BWN [3], XNOR-Net [3], and BANN [11] without batchnorm. All of the networks
used VGG8 architecture for a fair comparison. Table 1 presents the parameters used
in the experiments.

Table 1. List of parameters used in the experiments.

Parameter Value

Number of epochs 100
Number of time- steps 64

Batch size 15
Learning rate 0.005–0.012
Weight decay 0.0003

Threshold 1 (hidden layer), ∞ (final layer)
Dropout 0.01–0.08
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4.2. Results and Discussion

Table 2 provides the result summary of our experiments. In this paper [3], the authors
clarified the need for batch normalization to improve the accuracy in conventional binarized
neural networks, such as the BWN and XNOR-Net. XNOR-Net without batch normalization
is able to eliminate the additional floating-point-based complex computation by removing
batch normalization. However, the classification accuracy of the CIFAR-10 dataset is 80.45%,
which is 11.26% lower than the standard CNN (w/o batchnorm) due to the discretization
of the binary value in the input, weight, and activation. On the other hand, our proposed
binarized spiking neural network with the MID binarization layer achieves a classification
performance of 91.11%, even without using a batchnorm layer. The result is similar to that
of a standard CNN (w/o batchnorm), and it shows an accuracy that is 10.66% higher than
XNOR-Net (w/o batchnorm) and 4.35% higher than the BANN (w/o batchnorm). This
is because the stochastic input encoding scheme together with a spiking neuron model
enables the B-SNN (MID) to achieve comparable accuracy with the standard 32-bit floating-
point-based CNN (w/o batchnorm). Moreover, our FULL binarization layer achieves
87.73% accuracy, which is 7.28% higher than XNOR-Net (w/o batchnorm), reflecting the
efficacy of this work, even with fully binarized layers. Figure 4 illustrates the evolution of
the error curve during training.

Table 2. Comparison of accuracy, memory saving, and computational saving of the existing networks
and the proposed method.

Network Accuracy Memory Saving Computational Saving

Standard CNN (w/o batchnorm) 91.73% 1.00× 1.00×
BWN [3] (w/o batchnorm) 89.70% 30.59× 4.99×

XNOR-Net [3] (w/o batchnorm) 80.45% 30.59× 155.22×
BANN [11] (w/o batchnorm) 86.76% 30.79× 185.88×

B-SNN (MID) 91.11% 30.79× 10.55×
B-SNN (FIRST + MID) 89.21% 31.03× 142.77×
B-SNN (LAST + MID) 89.01% 31.53× 10.22×

B-SNN (FULL) 87.73% 31.79× 144.54×
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We obtain the memory saving results based on the number of parameters and the
respective storage (e.g., 1 bit or 32 bit) in the standard CNN, BWN, XNOR-Net, BANN,
and B-SNN. In the standard CNN, the number of parameters is the number of 32-bit
weights in the convolutional and fully connected layers. The standard convolution layer
is parameterized by convolution kernel K, with the weight parameter size, W, equals
“DK × DK × M × N”, where DK is the kernel size and M (N) is the number of input
(output) channels. The memory usage of the standard CNN in each layer is calculated
as “32× (W + b)”, where b represents bias. In the BWN and XNOR-Net, the number of
parameters is the combination of weights, scaling factors, and bias. The weights in the
intermediate layers have a binary (1 bit) value, while the weights in the first and last layers,
scaling factor, and bias have full-precision (32 bit) values. Hence, the memory usage of
the BWN and XNOR-Net in the intermediate layers is “1×W + 32× (s + b)”, where s is
the scaling factor. Since the first and the last layers in the BWN and XNOR-Net are not
binarized, the memory usage calculation follows the method of the 32 bit standard CNN. In
the BANN and B-SNN, the use of bias is disregarded, therefore the number of parameters
is the combination of weights (1 bit in binarized layers and 32 bit in non-binarized layers)
and scaling factors (32 bit). The memory usage of the BANN and B-SNN depends on the
binarization layer, which can be formulated as “1×W + 32× s” in binarized layers and
“32×W” in non-binarized layers. Based on these assumptions, we obtained the memory
savings and listed them in Table 2. The results show that, compared to the standard CNN,
the proposed B-SNN can compress the memory by 30.79× (MID), 31.03× (FIRST + MID),
31.53× (LAST + MID), and 31.79× (FULL), due to the weight quantization to a 1-bit
binary value on selected layers. More binarized layers in the B-SNN lead to more efficient
memory usage.

We estimated the computation energy by calculating the number of synaptic (convolu-
tion and fully connected) operations based on the energy cost of the 45 nm CMOS process
shown in [20]. In the standard CNN, BWN, and XNOR-Net, the number of convolution
operations is formulated as “DK × DK × M × N × DF × DF”, where DF represents the
spatial width and height of the output feature map. On the other hand, we considered that
a synaptic operation in SNNs occurs only upon receiving an incoming spike. Therefore,
the total number of operations in the BANN and B-SNN can be determined using the
layer-wise multiplication and summation of the total neural spike count for a particular
layer. In comparison to the standard CNN, the B-SNN with a full-precision (32-bit) weight
in the first layer, such as MID and LAST + MID, yields 10.55× and 10.22× computational
savings, respectively, while binarizing the first layer results in a significant increase in the
computational saving, with 142.77× (FIRST + MID) and 144.54× (FULL).

Overall, the proposed B-SNN shows superior accuracy compared to the conventional
binarized CNN, such as XNOR-Net. Despite producing the best accuracy, the MID bina-
rization layer can only reduce the computation energy by 10.55× compared to the standard
CNN. The FULL binarization layer exhibits the highest saving for memory and computa-
tion usage, while the accuracy drastically drops by 4% compared to the standard CNN.
Finally, the FIRST + MID binarization layer generates the best result as it is able to attain
a compatible classification accuracy of 89.21%, large memory saving of 31.03×, and large
computational saving of 142.77× compared to the standard CNN.

5. Conclusions
In this work, we propose a batchnorm-free binarized deep spiking neural network

(B-SNN) for a lightweight machine learning model. The B-SNN uses binarized weights,
inputs, and outputs, and approximates the activation function of the LIF neuron as a linear
function to enable backpropagation in the spiking neural network. In addition, since it does
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not use a batch normalization layer, the B-SNN does not require additional computational
hardware or memory for batch normalization. As a result, the backpropagation learning
method optimized for the spiking neural network can achieve significantly improved accu-
racy with efficient memory and computational usage, compared to the existing binarized
convolutional neural networks, such as XNOR-Net.
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