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Impact of Initialization Methods on Energy Requirements in SNNs

Abstract:

Spiking neural networks (SNNs) are widely recognized as an energy efficient alternative to

artificial neural networks (ANNs). A lot of research has been done on how to build the most

energy efficient SNNs without sacrificing competitive performance, however initialization of

learnable parameters still needs to be studied. In this work several SNNs are built for image

classification on the MNIST and FashionMNIST datasets, and the impact of the choice for the

initial values of the learnable parameters in the network is analysed by comparing the average

number of spikes in the networks. Models initialized with weights from a low range are found to

produce significantly less spikes than other models. The initialization of neuronal time constants

does not impact the number of spikes produced.

Keywords: Neural networks, energy efficiency

CERCS: P170 Computer science, numerical analysis, systems, control; P175 Informatics,

systems theory; P176 Artificial intelligence
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Initsialiseerimismeetodite mõju impulss-neurovõrkude energiakulule

Lühikokkuvõte:

Impulss-neurovõrgud on laialdaselt tunnustatud kui energiasäästlikud alternatiivid tavalistele

neurovõrkudele. On põhjalikult uuritud, kuidas ehitada võimalikult energiasäästlikke

impulss-neurovõrke ilma konkureerivaid tulemusi ohverdamata, kuid õpitavate parameetrite

initsialiseerimine vajab veel uurimist. Selles töös ehitatakse mitu impulss-neurovõrku piltide

klassifitseerimiseks MNIST ja FashionMNIST andmestikel. Õpitavate parameetrite algsete

väärtuste mõju analüüsitakse võrreldes keskmist impulsside arvu võrkudes peale treenimist.

Leitakse, et mudelid, mille kaalud initsialiseeritakse madalamast vahemikust toodavad oluliselt

vähem impulsse kui teised mudelid. Neuronite ajakonstantide initsialisatsioon impulsside arvu

treenitud mudelis ei mõjuta.

Võtmesõnad: Neurovõrgud, energiasäästlikus

CERCS: P170 Computer science, numerical analysis, systems, control; P175 Informaatika,

süsteemiteooria; P176 Tehisintellekt
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1. Introduction

The use of artificial intelligence has rapidly increased in recent years and only continues to

grow. Many people use AI-powered applications, such as chatbots and image generators, daily,

without ever considering the resources that are required to process their requests. Most of this

software utilizes artificial neural networks (ANNs) as its backbone. Training and using these

ANNs, however, requires a massive amount of energy. Considering the widespread use of

ANNs in contrast to their high energy costs, the question arises: is there a more energy-efficient

alternative?

Taking inspiration from the most powerful and energy-efficient computer of them all - the brain,

spiking neural networks (SNNs) have received a lot of attention as a low energy cost alternative

to ANNs. While ANNs were already created to resemble the behaviour of a brain, SNNs take it a

step further. They attempt to mimic the behaviour of biological neurons by using abstractions of

electrical impulses or spikes as their method of communication. This results in models that can

reach a competitive performance in tasks like image classification, with a much lower energy

cost.

A lot of work has been done on different techniques to optimize the creation of SNNs to achieve

the best energy efficiency but there are still some questions that remain unanswered. This work

aims to study how the choices in the initial values of trainable parameters will impact the energy

costs of a spiking model after training. To achieve this, several spiking models are trained for

the image classification task on two datasets, using different ranges for initial values of some

learnable parameters in the networks. They are then compared on classification accuracy and

the average number of spikes they produce after training.

Chapter 2 provides the theory behind spiking neurons and the methods used to train SNNs.

Chapter 3 describes the details of the used models and experiments. In chapter 4 the results of

the experiments are presented and analysed. Chapter 5 provides a conclusion for this thesis.
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2. Background

This section will explain the main ideas behind SNNs, as well as explore used datasets and

previous research that has been done on the topic.

2.1 Spiking Neural Networks

SNNs are ANNs that aim to more closely mimic the behaviour of naturally occurring neural

networks. They consist of spiking neurons that are modelled as abstractions of biological neurons.

These spiking neurons transmit information in the form of discrete spikes, with the information

being carried in the timing of the spikes. This requires input data to also be encoded into

spikes. This can be achieved using either rate encoding, where the information is stored in the

frequency of spikes, or time based encoding, where the information is carried in the time during

the simulation when the spike is fired.

The sparsity of these binary spikes makes SNNs more energy-efficient by nature as computing

them requires less computational resources than the continuous signals of the neurons in an

ANN. The energy requirements of SNNs can therefore be compared by analysing the amount

of spikes they produce. SNNs can be simulated on CPUs and GPUs but there is specialized

neuromorphic hardware such as the IBM TrueNorth chip [1] where the efficiency of SNNs can

be observed in practice.

2.1.1 Neuron Models

Biological neurons communicate by accumulating signals from other neurons until a threshold

is exceeded, at which point the neuron is triggered to send out its own signal, also called a spike.

This process is mathematically described by the Hodgkin–Huxley model [2]. While highly

biologically accurate, the complexity of the equations in this model makes it computationally

expensive and therefore difficult to use. A more abstract version of this model was introduced

as early as 1906 by Lapicque [3] as the integrate-and-fire (IF) model. The IF neuron can predict

the evolution of the membrane potential and spike firing rate of the neuron but fails to take into

account the decay of the membrane potential, a mechanism observed in the behaviour of natural

neurons which occurs due to diffusion.

More complicated iterations of the model aim to combat this problem. The leaky integrate-

and-fire (LIF) model presents equations that represent the dynamics of membrane potential and

include a term that aims to mimic the loss of potential through time. This model can be used to
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derive Formula 1 used to calculate membrane potential at a given time [4]

U [t] = βU [t− 1] + (1− β)Iin[t] (1)

where U is the membrane potential, t is the discrete time and β is the decay rate. An outgoing

spike Sout is generated when the membrane potential exceeds the threshold θ as defined in

Formula 2 [4].

Sout[t] =

1, if U [t] > θ

0, otherwise.

(2)

Figure 1. The spike generation of a

LIF neuron [5].

The spike generation is illustrated in Figure 1 [5].

After a spike is generated, the membrane potential is

reset. The two most common strategies for this are

reset by subtraction, where the membrane potential

is reduced by a value equal to the threshold, and

reset to constant, where the membrane potential

is set to zero. The leaky integrate-and-fire neuron

model is still commonly used in SNNs and has been

shown to achieve competitive results [6].

2.1.2 Learning Algorithm

SNNs can be trained natively using error back-

propagation or by converting a trained ANN into a

spiking network. The binary nature of the output of

neurons poses a major challenge for training SNNs

using back-propagation. While a change in weight

would result in a change in membrane potential, unless this causes the potential to reach the

threshold, this will not result in a change in the output of the neuron. Also known as the

”dead-neuron” problem, this results in gradients that do not enable learning.

Backpropagation is adapted for SNNs in the backpropagation through time (BPTT) algorithm.

BPTT works by taking into account the loss of all previous time steps as well as the current time

step. The gradients of all these losses are summed up to find the global gradient. Using BPTT

requires employing surrogate gradients to smooth out the spikes. To achieve this, the actual

derivative of the spike is replaced by some other function [7]. While spike firing is still required

to trigger weight updates, this allows errors to propagate to earlier layers [4]. A large variety of
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Figure 2. The figure on the left visualizes the dead neuron problem. The figure on the right

shows how surrogate gradient descent is used to smooth out spikes [9].

functions can be used as the surrogate gradient with different results, depending on the network

and problem [8]. Surrogate gradients help circumvent the ”dead-neuron” problem as illustrated

in Figure 2 [9] and are widely used when natively training SNNs [10, 11].

The problem of the non-differentiability of spikes does not need to be addressed when using

the method of converting from a traditional artificial network. In this approach, the activation

functions in the original network are converted into spiking neurons, while preserving the

structure and parameters [12]. One of the main advantages of this method is that the SNN model

mostly retains the performance of the original model. This means that it is possible to take

advantage of state-of-the-art techniques for training ANNs, such as capsule network designs

[13] or mixed sample data augmentation [14] when training the original model and the results

could be reflected in the converted model. This approach enables generating SNNs that suffer

minimal performance loss compared to their original highly accurate ANN counterparts, but are

able to work on much more energy-efficient hardware [15].

2.2 Previous Work

The problem of finding the best method for converting ANNs to SNNs for an energy efficient

network has been addressed by Bing Han et al. [16]. They showed that time based encoding

resulted in a network that uses significantly less operations than a model converted using rate

based encoding while surpassing it in performance on image classification tasks.
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The low energy requirements of the converted SNN can also be achieved by training the original

network using an approach that specifically aims to minimize the activity in the network after

conversion. Martino Sorbaro et al. [17] proposed a training strategy that included energy costs

in the loss. They found that it was necessary to use additional techniques such as quantizing

network activity to integer activations in order to make this approach plausible. This technique

resulted in models that demonstrated much lower energy requirements with only a small loss in

performance.

A method for natively training an SNN with low energy requirements and performance that

could match state-of-the-art ANNs was first demonstrated by Ana Stanojevic et al. [18] in 2024.

They used time-to-first-spike encoding and a complex initialization strategy that ensured the

stability of neurons during learning.

Energy efficiency focused training has also been attempted by including a penalty term into

the surrogate gradient that discourages high numbers of spikes [19]. The impact of the network

architecture on the performance and energy cost was studied by Byunggook Na et al. [20] who

also proposed a framework called AutoSNN for automatically generating SNNs that outperform

handcrafted networks.

2.3 Datasets

The models presented in this work are studied with inputs from two image datasets: MNIST [21]

(see Figure 3) and FashionMNIST [22] (see Figure 4). Both of the datasets are widely available

and commonly used to train machine learning models for image classification.

The MNIST dataset consists of 60000 training examples and 10000 test examples of 28x28

pixel images from 10 classes and was first introduced by Yann LeCun et al. [21] in 1998. The

images are grayscale and depict handwritten numbers collected from the workers of the United

States Census Bureau and high school students. Examples of images from the dataset with their

corresponding labels are provided in Figure 3.

FashionMNIST was presented in 2017 by Han Xiao et al. [22] as a response to the popularity of

MNIST. Their aim was to create a dataset that could rival MNIST in its accessibility and ease of

use while at the same time providing a more challenging classification task. FashionMNIST

follows the same structure as MNIST, consisting of 70000 grayscale images from 10 different

classes with a size of 28x28 pixels. The images in the FashionMNIST dataset depict different
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Figure 3. Examples from the MNIST

dataset

Figure 4. Examples from the

FashionMNIST dataset

categories of fashion items collected from product photos in the online store Zalando. Examples

of images from this dataset with labels are shown in Figure 4.
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3. Method

CONV128, 3x3

LIF

CONV256, 3x3

LIF

CONV512, 3x3

LIF

CONV1024, 3x3

LIF

CONV512, 3x3

LIF

FC10

LIF

Figure 5. The architecture of

proposed networks.

This section provides the details of all used models and

the description of performed experiments.

3.1 Network Architecture

All networks presented in this work use leaky integrate-

and-fire neurons and consist of five convolutional layers

followed by a fully connected layer as shown in Figure 5.

For all the convolutional layers a kernel of size 3×3 is used

with stirde = 2 and padding = 1. The input is encoded

into 128 features after which the amount of features is

doubled with every convolutional layer up to the last layer

where the amount of features is halved. The membrane

potential is reset by subtracting the value of the threshold.

The class for which the most spikes are generated in the

final layer is considered the predicted class.

Error backpropagation for SNNs is used to update weights,

thresholds and neuronal time constants. The loss is

calculated by applying the cross entropy loss function at

every time step and accumulating the losses. The cross

entropy loss function is a combination of the logarithm of

the Softmax function simplified as1

LogSoftmax(xi) = log

(
exp(xi)∑
j exp(xj)

)
(3)

and the negative log likelihood loss [23] given as 2

l(x, y) =
N∑

n=1

1∑N
n=1wyn

ln, ln = −wynxn,yn (4)

where x is the input, y is the target, N is the batch size and w is the weight. The gradient of the

shifted arc-tan function is used as the surrogate gradient as given in Formula 5 [24] with α = 2

1 https://pytorch.org/docs/stable/generated/torch.nn.LogSoftmax.html (29.04.2025)
2 https://pytorch.org/docs/stable/generated/torch.nn.NLLLoss.html (29.04.2025)
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for all experiments.
∂S

∂U
=

1

π
× 1

1 + (πU α
2
)2

(5)

The threshold for membrane potential is initialized as θ = 1 in all experiments.

The weights are initialized from a normal distribution N (µ, σ), with µ in all models set to 0.1.

The impact of initial weights is studied for three values of σ: -0.01, 0 and 0.01. The decay

rate of the membrane potential β is studied for three different intervals of uniform distribution:

[0, 0.34], [0.34, 0.67] and [0.67, 1.0]. These will be referred to as low, medium and high ranges

in this work.

3.2 Experiments

For every combination of proposed initial values for β and σ, a network is trained for 50 epochs.

The learnable parameters are updated using the Adaptive Movement Estimator (Adam) optimizer.

Adam works by assigning parameters individual learning rates and adjusting them with respect

to the previous gradients of the parameter [25]. This encourages learning when the gradient of a

parameter is moving consistently and discourages learning when the gradient moves chaotically.

The learning rate of the optimizer is initially set to 1e − 2 and is multiplied by 0.1 every ten

epochs. The input information is encoded into spikes using rate encoding during a simulation

length of 20 ms.

The performance of the SNN models is estimated by calculating the classification accuracy of a

trained network on the test datasets as

accuracy =

(
Nc

Na

)
(6)

where Nc is the amount of correct predictions and Na is the total amount of predictions. The

energy efficiency of the trained models is estimated by the amount of spikes generated per layer

by a trained model when classifying images in the test dataset. To enable the comparison to be

independent from the sizes of different layers, the amount presented is an average per neuron

given as

Sl =

∑
n,t,i sln(t, i)

Nimg ×Nn(l)
(7)

where Sl is the reported amount of spikes for layer l,Nimg is the total number of images classified,

Nn(l) is the amount of neurons in layer l and sln(t, i) is the amount of spikes generated by neuron

n in layer l during the classification of image i at time step t. The implementation details and

source code are provided in Appendices 5.2-5.3.
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4. Results

In this subsection the results of the experiments are presented and analysed. The individual

results for all experiments are included in the Appendix 5.1. All results are presented as averages

over 10 runs with the standard deviation provided in brackets.

4.0.1 Weight initialization

Tables 1 and 2 contain results for different weight initializations averaged across all beta ranges

to analyse the impact of initial weights regardless of the initial beta value, obtained on the MNIST

and FashionMNIST datasets respectively.

Table 1. Average results obtained on the MNIST dataset for different weight initializations

across all beta ranges.

Mean weight Average number of spikes (layer-wise) Accuracy (%)

-0.01
0.20, 0.58, 0.91, 2.07, 9.37, 0.10 97.39

(0.09), (0.22), (0.27), (0.56), (0.69), (0.00) (1.95)

0
0.44, 1.36, 1.61, 2.27, 9.48, 0.10 98.18

(0.12), (0.38), (0.17), (0.31), (0.41), (0.00) (0.19)

0.01
1.34, 1.24, 1.6, 2.65, 7.28, 0.10 97.44

(1.95), (0.87), (0.44), (1.23), (2.87), (0.00) (1.26)

Table 2. Average results obtained on the FashionMNIST dataset for different weight

initializations across all beta ranges.

Mean weight Average number of spikes (layer-wise) Accuracy (%)

-0.01
0.66, 1.02, 1.13, 2.86, 8.86, 0.14 77.35

(0.41), (0.46), (0.44), (1.05), (1.01), (0.01) (4.39)

0
0.79, 1.75, 2.18, 4.12, 9.36, 0.14 76.14

(0.15), (0.25), (0.27), (0.48), (0.43), (0.01) (2.17)

0.01
1.46, 2.26, 2.62, 4.67, 9.72, 1.44 75.64

(0.62), (0.47), (0.49), (0.45), (0.41), (0.01) (1.52)

It can be observed that models with different weight initialization strategies have similar

classification accuracies and there is not a lot of variance in the classification accuracy between

experiments. The unpaired t-test is used to confirm that the mean accuracy of the low range is not
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Figure 6. Comparison between different weight ranges across all beta ranges on the MNIST

dataset.

Layer

A
ve

ra
ge

 n
um

be
r o

f s
pi

ke
s

0

2

4

6

8

10

1 2 3 4 5 6

μ = -0.01 μ = 0 μ = 0.01

Figure 7. Comparison between different weight ranges across all beta ranges on the

FashionMNIST dataset.

significantly different from the mean accuracies of the medium and high ranges at a confidence

interval of 95%.

Figures 6-7 present a visual comparison of the results between different initial weight ranges from

the experiments. The unpaired t-test is used to compare the results from each layer separately.

The null-hypothesis is that the average number of spikes for the low range is not significantly

higher than the average number of spikes for the high range.

When comparing high and low ranges at a confidence interval of 95% this hypothesis is rejected

for layers 2 and 3 on the MNIST dataset and layers 1 - 5 on the FashionMNIST dataset. On

layer 5 of the MNIST dataset the opposite is true - the average number of spikes for the high

14



range is significantly lower than the average number of spikes for the low range. It should also

be noted that the deviation in the number of spikes for the first and fifth layers is much higher in

the high range than in other models. When comparing low and medium ranges at a confidence

interval of 95% this hypothesis is rejected for layers 1 - 3 on the MNIST dataset and layers 2 - 4

on the FashionMNIST dataset.

It can also be observed in Table 1 that the standard deviation is significantly higher in experiments

on the higher weight range. This could indicate that initializing weights with a lower mean

results in more predictability in the model after it is trained. These results clearly show that the

networks initialized with a lower mean weight produce less spikes after training.

4.0.2 Neuronal Time Constants

Table 3. Average results obtained on the MNIST dataset for different beta initializations across

all weight initialization strategies.

Beta range Average number of spikes (layer-wise) Accuracy (%)

Low
0.94, 1.17, 1.48, 2.48, 9.51, 0.10 97.55

(1.74), (0.85), (0.51), (1.13), (0.54), (0.00) (1.25)

Medium
0.52, 0.96, 1.3, 2.27, 8.08, 0.10 97.55

(0.97), (0.45), (0.42), (0.51), (2.44), (0.00) (1.91)

High
0.52, 1.05, 1.33, 2.25, 8.54, 0.10 97.92

(0.67), (0.61), (0.40), (0.73), (2.27), (0.00) (0.71)

Table 4. Average results obtained on the FashionMNIST dataset for different beta initializations

across all weight initialization strategies.

Beta range Average number of spikes (layer-wise) Accuracy (%)

Low
0.97, 1.74, 2.03, 4.04, 9.35, 0.14 75.46

(0.47), (0.54), (0.64), (0.92), (0.74), (0.01) (3.23)

Medium
0.96, 1.59, 1.87, 3.69, 9.31, 0.14 76.94

(0.61), (0.67), (0.81), (1.12), (0.73), (0.01) (2.55)

High
0.98, 1.7, 2.03, 3.92, 9.28, 0.14 76.73

(1.95), (0.87), (0.44), (1.23), (2.87), (0.00) (1.26)

Tables 3 and 4 contain results for different beta initialization ranges averaged across all weight

ranges to analyse the impact of beta initialization regardless of the weight initialization strategy,
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dataset.
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Figure 9. Comparison between different beta ranges across all weight ranges on the

FashionMNIST dataset.

obtained from the MNIST and FashionMNIST datasets respectively. It can be observed that

models with different initial neuronal time constants result in a similar classification accuracy.

The unpaired t-test is used to confirm that the mean classification accuracy of the high range is

not significantly different from the mean accuracies of the low nd medium ranges at a confidence

interval of 95

Figures 8 and 9 provide a visual comparison of these results. The results are compared using

the unpaired t-test. The null-hypothesis is that the average number of spikes for the medium

beta range is not significantly lower than than the average number of spikes for the high and

low ranges. When comparing the low and medium ranges at a confidence interval of 95% this
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hypothesis is not rejected for any layers on either dataset. When comparing the high and medium

ranges this hypothesis is also not rejected for any layers on either dataset.

It should be noted that in all experiments the average number of spikes per neuron increases with

every layer up until the last classification layer. Neither weight initialization nor time constant

initialization seem to have any impact on the classification accuracy of the model or the amount

of spikes produced by the last layer of the network. It can be observed that regardless of the

initialization method, the models trained for classification on the FashionMNIST dataset produce

more spikes than the models trained on the MNIST dataset. This could indicate that a higher

complexity of the input data requires the network to use more spikes in order to effectively

communicate information between the neurons.
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5. Conclusion

In a world where the everyday use of ANNs is massively widespread, and superfluous use of

energy resources is often heavily criticized, SNNs could offer an energy efficient alternative

to satisfy the demand for artificial intelligence powered software. Attempting to imitate the

working of a brain even more closely than ANNs, SNNs have been able to achieve competitive

results in many tasks, while requiring less computational resources. There have been many

techniques developed for the training of SNNs that aim to optimize the performance and energy

costs of the models, but a lot of essential choices made during the creation of a spiking model

have not yet been thoroughly studied.

In this work several SNNs are trained with different initialization methods in order to study

which initial values for learnable parameters lead to the lowest energy requirements during

classification in a trained model. The results presented in this work show that the choice of these

initial values has a great impact on the amount of spikes generated during classification. Lower

initial weights are shown to result in a significantly more energy efficient model compared to

initial weights from higher ranges. The difference in the amount of spikes generated by models

initialized with the neuronal time constant β from different ranges are not considered statistically

significant.

This work does not consider the impact of used hardware on the results of the experiments. It

should be more thoroughly investigated if the hardware used for training has an impact on the

energy efficiency of an SNN model. This work also focuses only on the fairly simple task of

image classification. The impact initialization methods have on the energy efficiency of SNNs

should also be studied on other tasks to determine how the nature of the task affects the energy

requirements of an SNN.

In addition there are still a lot of other factors that could impact the energy requirements of a

spiking model, such as other parameters, different neuron models or the structure of the network.

Further research should focus on determining how all these variables affect the number of spikes

a network needs to generate. It should also be studied how all these choices work together and if

there are any particular combinations that are able to achieve better results than others.
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Appendices

5.1 Appendix 1 - Results

This appendix contains the results of all experiments on different weight and beta ranges. The

average number of spikes is provided in order for every layer of the network along with the

standard deviation for the value over 10 experiments in brackets in the row below. The results

for the MNIST dataset are provided in Table 5 and the results for the FashionMNIST dataset are

provided in Table 6.

Table 5. Results obtained on the MNIST dataset.

Mean weight Beta range Average number of spikes (layer-wise) Accuracy (%)

-0.01

Low
0.17, 0.54, 1.02, 2.14, 9.84, 0.10 97.47

(0.09), (0.24), (0.32), (0.50), (0.59), (0.00) (0.90)

Medium
0.2, 0.6, 0.84, 2.2, 8.70, 0.10 96.81

(0.06), (0.21), (0.3), (0.75), (1.29), (0.00) (3.19)

High
0.23, 0.6, 0.87, 1.88, 9.58, 0.10 97.91

(0.10), (0.22), (0.13), (0.36), (0.44), (0.00) (0.73)

0

Low
0.4, 1.17, 1.51, 2.01, 9.17, 0.1 98.32

(0.11), (0.39), (0.07), (0.17), (0.31), (0.00) (0.12)

Medium
0.47, 1.47, 1.63, 2.53, 9.76, 0.1 98.07

(0.13), (0.35), (0.19), (0.25), (0.43), (0.00) (0.20)

High
0.47, 1.42, 1.68, 2.28, 9.51, 0.1 97.70

(0.12), (0.38), (0.17), (0.28), (0.25), (0.00) (0.98)

0.01

Low
2.26, 1.8, 1.91, 3.3, 9.52, 0.10 96.85

(2.61), (1.11), (0.54), (1.64), (0.49), (0.00) (1.73)

Medium
0.89, 0.82, 1.44, 2.07, 5.78, 0.10 97.77

(1.66), (0.18), (0.25), (0.32), (2.81), (0.00) (0.74)

High
0.86, 1.12, 1.45, 2.59, 6.54, 0.10 97.70

(1.1), (0.78), (0.30), (1.12), (3.11), (0.00) (0.98)
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Table 6. Results obtained on the FashionMNIST dataset.

Mean weight Beta range Average number of spikes (layer-wise) Accuracy (%)

-0.01

Low
0.85, 1.28, 1.34, 3.2, 8.87, 0.14 74.54

(0.44), (0.51), (0.44), (1.04), (0.94), (0.01) (5.44)

Medium
0.5, 0.77, 0.83, 2.37, 8.80, 0.14 79.52

(0.40), (0.35), (0.30), (0.96), (0.91), (0.01) (2.60)

High
0.62, 1.01, 1.22, 3.00 8.91, 0.14 77.98

(0.33), (0.39), (0.44), (1.07), (1.27), (0.01) (3.36)

0

Low
0.77, 1.72, 2.16, 4.24, 9.41, 0.14 75.33

(0.12), (0.25), (0.24), (0.47), (0.46), (0.00) (0.86)

Medium
0.80, 1.86, 2.24, 4.29, 9.41, 0.15 75.61

(0.21), (0.21), (0.30), (0.36), (0.47), (0.00) (1.04)

High
0.8, 1.68, 2.14, 3.83, 9.25, 0.14 77.50

(0.11), (0.27), (0.27), (0.52), (0.39), (0.01) (3.21)

0.01

Low
1.28, 2.23, 2.59, 4.68, 9.76, 0.14 76.50

(0.59), (0.37), (0.40), (0.41), (0.48), (0.00) (1.07)

Medium
1.58, 2.14, 2.53, 4.41, 9.72, 0.14 75.68

(0.55), (0.37), (0.27), (0.28), (0.45), (0.00) (1.42)

High
1.52, 2.42, 2.73, 4.93, 9.69, 0.15 74.72

(0.75), (0.62), (0.72), (0.5), (0.30), (0.01) (1.60)
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5.2 Appendix 2 - Implementation Details

The experiments were run using a batch size of 1024 with learning rate lr = 1e−2 on an AMD

Radeon RX 7900 XTX GPU with 24 GB of VRAM using DirectML 0.2. For NVIDIA GPU

hardware, L4 is used with 24 GB of VRAM and CUDA version 12.5. Also, the NVIDIA A100

GPU with 40 GB of VRAM was used in the experiments with a higher batch size of 2048.

All experiments were implemented using the PyTorch version 2.0 and snnTorch version 0.9.1

libraries.

5.3 Appendix 3 - Source Code

The source code for all the experiments described in this paper is available at https://github.c

om/robertaparna/impact_of_initialization_methods_on_energy_requirements_in_SNNs.
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