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Abstract—Spiking Neural Networks (SNNs) and neuromorphic
computing offer bio-inspired advantages such as sparsity and
ultra-low power consumption, providing a promising alternative
to conventional artificial neural networks (ANNs). However,
training deep SNNs from scratch remains a challenge, as SNNs
process and transmit information by quantizing the real-valued
membrane potentials into binary spikes. This can lead to in-
formation loss and vanishing spikes in deeper layers, impeding
effective training. While weight initialization is known to be
critical for training deep neural networks, what constitutes an
effective initial state for a deep SNN is not well-understood.
Existing weight initialization methods designed for ANNs are
often applied to SNNs without accounting for their distinct
computational properties. In this work we derive an optimal
weight initialization method specifically tailored for SNNs, taking
into account the quantization operation. We show theoretically
that, unlike standard approaches, our method enables the prop-
agation of activity in deep SNNs without loss of spikes. We
demonstrate this behavior in numerical simulations of SNNs with
up to 100 layers across multiple time steps. We present an in-
depth analysis of the numerical conditions, regarding layer width
and neuron hyperparameters, which are necessary to accurately
apply our theoretical findings. Furthermore, we present extensive
comparisons of our method with previously established baseline
initializations for deep ANNs and SNNs. Our experiments on four
different datasets demonstrate higher accuracy and faster con-
vergence when using our proposed weight initialization scheme.
Finally, we show that our method is robust against variations in
several network and neuron hyperparameters.

Index Terms—neuromorphic computing, spiking neural net-
works, weight initialization, information propagation, image
classification.

I. INTRODUCTION

Spiking Neural Networks (SNNs) are a class of artificial
neural networks inspired by the dynamics of biological brains,
where information is encoded and transmitted through discrete
action potentials, or spikes [1]-[3]. This unique mode of com-
munication enables SNNs to perform fast computations with
remarkably low power consumption [4], [5], especially when
combined with specialized neuromorphic hardware [6]-[8].
However, the task performance of SNNss is still not comparable
with that of conventional artificial neural networks (ANNS).
This discrepancy can be ascribed to the additional challenges
associated with their training. Relying on the differentiability
of the loss function with respect to the network parameters,
ANNS are typically trained using a gradient descent algorithm.
However, the discrete nature of spikes prevents the direct
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use of backpropagation in SNNs. Different methods such
as ANN-SNN conversion [9]-[11] and backpropagation with
surrogate functions [12], [13] are proposed to circumvent this
problem. Nevertheless, the proposed solutions haven’t been
sufficient to fully bridge the accuracy gap between SNNs and
ANNSs, without compromising the efficiency advantages of
SNNs. Therefore, novel perspectives on other aspects of SNN
optimization are necessary.

Similarly to ANNs, in SNNs a suboptimal weight initializa-
tion can lead to vanishing or exploding gradients and hamper
the training process [14], [15]. This issue becomes even more
evident in deep networks [16]. The question of how to properly
initialize the weights in a network has been widely explored
in the ANN literature, and different initialization strategies
have been proposed tailored to specific activation functions
and weight distributions [17]-[19]. On the other hand, SNNs
are often initialized following standard schemes designed for
ANNS, irrespective of their distinct properties. Unlike ANNS,
SNNs feature temporal dynamics, resetting mechanisms, in-
formation quantization and their activation function differs
from those examined in the ANN literature. Hence, ANN
initalization schemes are inadequate for SNNs and often lead
to undesired effects such as vanishing or exploding spikes in
deeper layers. In this paper:

e We analytically derive a weight initialization method
which takes into account the specific activation function
of a Spiking Neural Network, following the variance flow
approach proposed in [18] for standard ANNs.

o We show that, unlike the standard method for the Rec-
tified Linear Unit (ReLU) activation function, our ini-
tialization enables spiking activity to propagate from the
input to the output layers of deep networks without being
dissipated or amplified.

o We empirically validate our theoretical findings on simu-
lations of deep SNNs up to 100 layers and 20 time steps
and present an in-depth analysis on the impact of neuron
and network hyperparameters on the results.

o We compare our initialization method against 7 baseline
methods on four distinct datasets and two network archi-
tectures, and we find that our proposed method leads to
better accuracy, faster convergence and lower latency.



II. RELATED WORK

A proper initialization method should avoid reducing or
amplifying the magnitudes of input signals across layers. In
the context of ANNS, Glorot & Bengio [17] address saturated
units with the logistic sigmoid activation function and propose
a weight initialization scheme aimed at maintaining constant
activations and gradient variance across layers. He et. al [18]
extend this analysis to include the ReLU non-linearity and
introduce what is conventionally called the Kaiming initial-
ization, now widely adopted in deep ANNSs. In comparison,
there are fewer studies on initialisation schemes in SNNs.
Some research regards ANN-SNN conversion as an initial-
ization method for SNNs [20], which confines SNN design
to traditional ANN architectures and limits the exploration of
alternative network structures. In addition, conversion methods
are limited to using a single, rate-based encoding strategy and
do not allow for networks with arbitrary encoding schemes
to be trained from scratch, limiting SNNs flexibility and
adaptability.

The problem of how information propagates in SNNs has
been indirectly addressed. In [21] and [22] the appropriate
membrane leak factor and firing threshold are learned during
training. Similarly, in [23], [24] some learnable parameters
are incorporated in the SNN to optimize the neuron firing
rate. However, this approach inevitably results in increased
computational complexity, which can hinder the scalability
and efficiency of the model. A different way to control
the neurons’ output is to regularize the spike response. For
instance, [25] introduces a global unsupervised firing rate
normalization. Similarly, [26] and [27] adapt the concept of
batch normalization [28] to SNNs and propose a batch nor-
malization method along channel and time axes, respectively.
This approach aims to stabilize the firing rates during training,
analogous to how BN stabilizes activations in ANNs, ensuring
smoother gradients and more effective learning. Another way
to regulate the information flow is by introducing additional
terms in the loss function to constrain the distribution of
membrane potentials [29], [30]. Additionally, a number of
studies have addressed improving information propagation in
deep SNNs by modifying network architectures, incorporating
mechanisms such as residual connections and attention to
enhance learning and performance [31]-[33].

While the importance of effective weight initialization for
training deep networks is largely acknowledged, weight ini-
tialization in SNNs has not received much attention. Some
works attempt to empirically determine a suitable weight
scale in the case of SNNs, but they often lack a solid
theoretical foundation [16], [34]-[36]. In [37] the authors
derive a new initialization strategy considering the asymptotic
spiking response given a mean-driven input. However, this
hinders the network from operating in an energy-efficient
regime, characterized by very sparse spikes, and undermines
the generalization to real-world data, which is typically noisy.
[15] proposes a fluctuation-driven initialization scheme, but
neglects both the spiking and the resetting mechanism, and

relies on prior knowledge of the neurons’ firing rates for a
given dataset. In [38] a specular approach similar to the one
presented in [18] is studied, yet the theoretical insights lack
empirical validation or comparison with standard initialization
methods for ANNs. In this paper, we adopt [17] and [18]
as baselines for ANNs due to their extensive adoption and
effectiveness. For SNNs, we considered and implemented the
methods introduced in [16], [15], [34], [35] and [37], as these
approaches are specifically tailored to their dynamics.

III. METHODS

We first introduce the spiking neuron model in Sec-
tion III-A, then we derive a novel weight initialization method
specifically designed for the activation function of a spiking
neural network in Section III-B.

A. The spiking neuron

The Leaky-Integrate-and-Fire (LIF) neuron [1] is one of the
most popular models used in SNNs [2], [39] and neuromorphic
hardware [6], [7] to emulate the functionality of biological
neurons. The state of a LIF neuron at time ¢ is given by the
membrane potential U (¢) which evolves according to

TM = =U(t) + RI(1), (1)

dt

where 7 is the membrane time constant, R is the resistance
of the membrane and I(t) is the time-varying input current.
Following previous works [27] we convert the continuous
dynamic equation into a discrete equation using the Euler
method with discretization time step At. We can represent
the membrane potential u at time step ¢ as:

ut = But Tt + Y wjal, )
J

where 8 o (1 — At/7) is a leak factor € [0,1] governing the
rate at which the membrane potential decays over time, j is the
index of the pre-synaptic neuron, w; represents the connection
weights between the pre- and post-synaptic neurons and z;
is the binary spike activation. When the membrane potential
u’ exceeds the firing threshold 6, the neuron emits an output
spike z¢ = 1. After firing, the membrane potential is reset by
subtracting from its value the threshold 6. This operation is
conventionally called a ‘soft reset’, in contrast to a ‘hard reset’
(resetting u to O after a spike), as it minimizes information loss
and can achieve better performance [40].

B. Proposed SNN initialization method

Our derivation is inspired by He et al. [18], which suggests
that an effective weight initialization should enable informa-
tion flow across many network layers by keeping the variance
of the input to each layer constant. Similar to the Kaiming
initialization, our derivations can be extended to arbitrary
feedforward architectures (as shown in Section V). In our
analysis here, we focus on the variance of responses within



each layer of a fully-connected SNN initialized at time step
t = 0. For a generic layer [ with m neurons:

u; = wxr; (3)
x; = f(ui—1) “4)

Here x; € {0,1}™ is a binary vector representing the n input
spikes, w; € R™*™ is the weight matrix and u; € R™
represents the membrane potentials of neurons in layer [.
x; is obtained by applying the activation function f to the
membrane potentials of layer [ — 1. In a conventional SNN f
is defined as the Heaviside step function:

1, if w1 >80

flu—) = {0, if w_y <0 ©)
where u;_1 are the elements of u;_; and 6 > 0 is the
neuron’s firing threshold. We assume that at initialization the
elements of w; are mutually independent and share the same
distribution (i.i.d.). Following [17] and [18], the elements of x;
are also considered to be mutually independent and identically
distributed (i.i.d.). Lastly, w; and «; are independent of each
other. We can then write:

Var[u;] = n;Var[w;x;]. (6)

Here u;, w;, and x; represent each element in u;, w; and
x; respectively. We choose w; to be symmetrically distributed
around 0. Since w; and z; are independent of each other, we
can rewrite the variance of their product as:

Var[uy] = n; Var[w;| E[27], (7

where E[z7] is the expected value of z7. It is worth noting
that the expression E[z?] strongly depends on the network
activation function. Here is where our derivations crucially
differ from He et al. [18].

Post-activation distribution

Pre-activation distribution Activation function

ANN

SNN

X

Fig. 1. Comparison of standard activation functions for ANNs (fop) and
SNNs (bottom): 6 is the neuron firing threshold. When applied to the pre-
activation distribution w;_1 (left) the SNN thresholding mechanism (middle)
generates binarized activations x; (right). The dark shaded areas of u;_1
correspond to the fraction of neurons which will be activated and provide non-
zero input to the next layer. With identical input distributions, this fraction
is considerably lower for SNNs. This highlights why weight initializations
optimized for ReLU will lead to vanishing activity in deep SNNs.

Assuming u;_1 is zero-centered and symmetric around its
mean, for the ReLU activation function, z; = max(0, u;—1),
one obtains E[z?] = % Var[u;_1]. This result stems from the
fact that the ReLU function preserves exactly the positive half

of the distribution it acts upon. As depicted in Figure 1, this
doesn’t hold true for the activation function of SNNs where,
by definition, & > 0. This difference leads to considerably
sparser activations in SNNs and to a different conclusion about
optimal weight initializations from [18]. In the case of an SNN,
we can express E[z?] as:

E[z}] = Zx{zP(xl = x{) (8)
j=1

Again, the binary elements z; € {0,1} represent spikes.

Applying the SNN activation function (5) to Eq. 8, we find
that E[z?] = P(u;—1 > 0). Equation 7 can then be rewritten
as:

Var[w;] = nyVar[w;] P(u;—1 > 6). )

As commonly done in recent works [21], [24], [30], [41], we
consider a real-valued input I encoded to binary spikes using
the first layer of the SNN. When feeding the input to the
membrane potentials ug of the initial layer, ug = Iy and ug
trivially follows the same distribution as the input. We let I
be standard normal distributed Iy ~ N (u = 0,02 = 1), thus
Var[ug] = 1, E[ug] = 0. A proper initialization method
should avoid reducing or amplifying the magnitudes of the
input signals when propagated across the network layers. In
other words, the objective is to prevent vanishing or exploding
spikes. This condition can be met if Var[u;] = 1 for every
layer [, which lets us simplify Eq. 9 and leads to a zero-mean
Gaussian weight distribution with variance:

1

m P (ul,1 > 9)
Equation 10 is our proposed weight initialization method
for training deep SNNs. Note that in terms of architecture
parameters, it only depends on the number of input neurons
n. This makes our initialization applicable to arbitrary archi-
tectures and datasets, without any prior knowledge other than
n. Because wu;_; is symmetric around O and ¢ > 0, then
P(u;—1 > 0) < 1. It is therefore important to note that:

1 < 2
mP(u_1>60) " n’

Var[wy] = (10)

Y

where n%is the standard initialization for a ReLLU network [18].
Thus, initializing the weights of an SNN using a method de-
signed for conventional ANNs with ReL.U activation functions
does not ensure the propagation of information from the input

throughout the network.

IV. EMPIRICAL VALIDATION

In this section, we empirically validate our theoretical
findings using numerical simulations of deep SNNs. In Sec-
tion IV-A, we show that the simulations agree with our theo-
retical derivation and demonstrate that our weight initialization
is able to effectively propagate activity throughout a deep
SNN. Conversely, other initialization methods, not specifically
tailored to the SNN activation function, do not achieve similar
results, but often lead to vanishing spikes. We also discuss



how parameters like firing threshold and layer width affect
our theoretical findings, and we highlight the presence of
finite-size effects in SNNs. In Section IV-B we expand our
analysis to include multi-time-step simulations. We show that
our new initialization strategy maintains its ability to conserve
the level of activity across layers and time steps, and we
explore variations in neuron hyperparameters which uphold
this property.

A. Validation in numerical simulations

For the following analysis, unless otherwise specified, we
consider fully-connected SNNs with 100 layers and n = 1000
LIF neurons in each layer. The input I, is real-valued and
randomly drawn from N (p = 0,02 = 1). Consistent with the
derivation in Section III-B, we encode the inputs to binary
spikes by feeding them to the membrane potentials of the
initial LIF layer ug.

We investigate the behavior of activity propagation under
different weight initialization schemes. First, we compare
our method against the prevailing choice for conventional
ANNSs: Kaiming initialization [18]. The weights in the net-
work are therefore randomly initialized respectively from

N(0, ,/ m) (our method) and (0, \/%) (Kaiming),
where n is the layer width. Since ug ~ N(0,1), P(up > 0)
is defined as:

<1 u3

= 2
P (UO > 0) /0 \/ge dug.
The integral in Eq. 12 doesn’t have a closed-form solution, but
it can be numerically estimated using the error function [42].
The purpose of our initialization is to retain spiking activity
over depth, by conserving Var[u;] across the layers. To investi-
gate the change in this variance across depth, we initialize the
network at time ¢ = 0, propagate the input across its layers,
record the values of the membrane potentials w; in every layer
I and compute their variance. Figure 2 shows how Var[u]
evolves with depth for the 2 different initialization schemes
and for 6 different values of the firing threshold 6. For every
different value of 6, we run the simulation 20 times and plot
the average. The shaded areas represent the standard deviation

over the different runs.

The results demonstrate that in an SNN initialized with our
proposed method (Figure 2, left), the variance Var[u;] of the
neuron states stays constant across layers as the theory pre-
dicts. Specifically, we show that neuronal activity seamlessly
propagates across all 100 layers, regardless of the threshold
value 6. Conversely, when the network weights are initialized
using Kaiming (Figure 2, right), information dissipates across
the layers. To alleviate this effect, it is necessary to decrease
the standard threshold value 6 = 1, to enable more spikes.
Notably, using Kaiming, the only viable method to effectively
preserve information is by setting 6 = 0, where the activation
function becomes effectively equivalent to ReLU (Figure 1,
left).

Additionally, we repeat the analysis described above,
comparing our method with seven other weight initialization
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Fig. 2. Propagation of Var[u,;] across network layers for (leff) our ini-
tialization scheme and (right) Kaiming for six firing threshold values(0):
for all 6, our proposed initialization method enables information propagation
across all 100 layers. In contrast, Kaiming initialization leads to information
dissipation across layers, particularly evident with threshold values close to
the standard § = 1. Each simulation was repeated 20 times, and the shaded
areas represent the standard deviation over these runs.

schemes proposed in the literature for both ANNs ( [17], [18])
and SNNs ( [16], [34], [35], [37], [15]). For this analysis,
we set & = 1 and record the variance Var[y;| and the total
number of spikes emitted per layer. As shown in Figure 3,
preserving the variance directly corresponds to maintaining
effective spike propagation. The results indicate that nearly
all alternative initialization methods, except for [15], fail to
sustain activity beyond approximately 5 layers.
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Fig. 3. Propagation of (leff) Var[u;] and (right) total number of spikes
across network layers for our method and baseline approaches from
the literature: comparing our method (blue line) with different initialization
schemes from the literature for both ANNs and SNNs for § = 1. Our proposed
initialization method maintains a constant variance Var[w,], therefore enabling
the propagation of spikes across all 100 layers. In contrast, other methods
struggle to conserve activity. Each simulation was repeated 20 times, and the
shaded areas represent the standard deviation over these runs.

We then explore the scalability of our approach with respect
to the width of the layers. First, we note that, the higher the
firing threshold, the smaller the area defined by the integral in
Eq. 12. This means that the probability of spiking is decreased.
For high 6, where spiking probability is theoretically low, as
we reduce the number of neurons n in each layer, it becomes
increasingly less likely to numerically sample the estimated
‘average’ number of spikes in the simulations. Specifically,
since we cannot sample the necessary number of spikes in
layers with small n, the activity will die out in deeper layers.
This deviation of simulations from theory does not happen
if the layer size n is large enough compared to the spiking
probability of Eq. 12. We refer to this phenomenon as a finite-
size effect, and its impact on the propagation of information



Variance of u;

in the network is illustrated in Figure 4.

The results demonstrate that a 100-layer network with layer
width n = 100 struggles to retain the spiking activity in deeper
layers as we increase 6 (Figure 4, left). The finite-size effect
becomes particularly prominent for values of 6 exceeding 0.85.
However, when we increase the layer width from 100 to 600,
we observe a significant reduction in the prominence of this
effect, except for the case of § = 1 (Figure 4, right). We find
this insight particularly relevant in the context of designing
SNN architectures and determining their hyperparameters. Due
to the thresholding operation serving as the activation function
in an SNN and the binarization of activations, the combination
of the number of neurons and firing threshold significantly
influences the network’s behavior. Specific configurations of
these parameters can in fact complicate information propa-
gation if proper adjustments are not implemented. Finally, we
note that our theory holds exactly in simulations with threshold
0>6>1 and n > 600.

Our initialization, neurons = 100 Our initialization, neurons = 600
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Fig. 4. Impact of the finite-size effect on the propagation of Var[u;]

across layers: as the number of neurons decreases and spiking threshold 6
increases, the discrepancy between empirical and theoretical results becomes
more pronounced. (Left): n = 100. The network can’t conserve activity over
depth for 8 > 0.85. (Right): n = 600. By increasing the number of neurons
the finite-size effect becomes less pronounced even for higher values of 6.
Each simulation was repeated 20 times, and the shaded areas represent the
standard deviation over these runs.

B. Extension to multiple time steps

SNNs demonstrate their main advantages when processing
time-dependent input. This is because spiking neurons, in-
spired by biological counterparts, possess an intrinsic mem-
ory, the membrane potential w, which naturally integrates
information over time. Through precise spike timing, SNNs
can process temporal information with greater computational
power than ANNs [3]. This makes them well-suited for
tasks involving dynamic temporal patterns, such as speech
recognition and video analysis [43]-[45].

In this section we extend the analysis of Section IV-A
to activity propagation in space and time. We address the
question of how weight initialization affects information prop-
agation in multiple time-step simulations of deep SNNs. We
employ fully-connected SNNs of 100 layers with n = 1000
neurons in each layer. We consider LIF neurons with soft reset
and numerically compute the discrete-time dynamics based on
Eq. 2. The dynamics of the membrane potentials including the
reset term is given by:

uf = wix; + fu; " —xj 6, (13)

for time step ¢ > 0 and layer I. 8 € [0,1] is again the
leak factor. Inputs to the first layer are randomly drawn
from ~ N(0,1) and we set § = 1 and 3 = 0.5, same as
in Section IV-A (Figure 3). Differently, in this section, we
iteratively feed the input (constant over time) to the membrane
potentials of the initial LIF layer u, at every time step t. As
in Section IV-A, we first compare our initialization method
against Kaiming initialization. We compute the variance of
the membrane potentials ] and the total spike count at each

layer [ and time step ¢, for a total of 7" = 20 time steps.
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Kaiming initialization neuronal activity dies out after a few layers.

The network initialized with our method succeeds in con-
serving Var(u!] across both space and time, whereas the net-
work initialized with Kaiming dramatically fails at it (Fig. 5).

We then repeat the analysis using our initialization scheme
and the strategies proposed in [17], [18], [16], [34], [35],
[37] and [15]. For each initialization method, we compute the
variance of the membrane potentials u} and the total spike
count at each layer [ and time step ¢, for a total of 7' = 20 time
steps. The results are then avaraged across the time dimension.
Each simulation is repeated 10 times, and we report the mean
of these runs.

We observe a slow decrease in the spike count, but our
initialization method succeeds in conserving Var[u}] across
both space and time relatively well compared to other methods
(Fig. 6). Conserving Var([u!] is crucial, as it means conserving
activity, and therefore ensuring a consistent network output.

Although our mathematical derivation does not explicitly
take time into account, it’s an improvement on using ANN
initializations as we consider the specific SNN activation
function. By keeping the variance of the membrane potentials
u; constant, our method indirectly constrains the network to
keep the variance of the layer input w;x; constant (Eq. 3). This
helps to effectively propagate information also across multiple
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time steps. Nevertheless, we expect deviations from theory,
caused by the leak and reset terms (Eq. 13).
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symmetrically centered around 0. This effect is evident in the reduced stability
of Var[u;] across layers and time steps, and in the non-zero values of skewness
and kurtosis. Each simulation was repeated 10 times and the shaded areas
indicate the standard deviation across the runs.

In particular, the reset operation has a non-negligible effect
on the distribution of the membrane potentials. This operation
violates the assumption that u! is always normally distributed
and symmetrically centered around 0. However, how well the
normal distribution still holds as an approximation depends on
neuron hyperparamters. For example, deviations from theory
are visible at higher values of 5. A larger 3 leads to broader
distributions of u}, and thus to a more abrupt change in the
distributions when neurons with u} > 6 are reset. As illustrated
in Fig. 7 (left), when 8 = 0.9, the Var[u;] exhibits less stability
across layers and time steps. We attribute this instability
to the shift in u! distributions. In fact, in Figure 7 (right)
we present the skewness and excess kurtosis values for u}
across layers and time steps. Skewness measures the degree of
asymmetry of the distribution, while excess kurtosis measures
the degree of peakedness and flatness of a distribution. For
reference, a normal distribution has 0 skewness and 0 excess
kurtosis. We observe that, in this case, uf tends to a left-
skewed and heavy-tailed distribution, thus diverging from a
normal distribution. Nevertheless, despite this deviation from
the analytical solution, with the proposed method we’re still
able to retrieve a consistent network output.

V. EVALUATION ON CLASSIFICATION DATASETS

In this section, we evaluate how our variance-conserving
weight initialization for SNNs can translate into accelerated
training, improved accuracy and lower latency. To that end,
we conduct image classification experiments using both fully-
connected and convolutional SNNs. Unless otherwise speci-
fied, our fully-connected SNN (MLP) consist of 10 layers,
each comprising n 600 LIF neurons with soft reset,
# =1 and 8 = 0.5. The convolutional SNN (CNN) consists
of six convolutional layers, each providing input to a layer
of LIF neurons with 8 = 0.5 and § = 1. The final layer is a
fully connected linear layer. Each convolutional layer has 64
channels, 3 x 3 kernels, and padding of 1, preserving spatial
dimensions across layers. For a convolutional layer [, the n; in
Eq. 10 is computed as n; = k%c, where k xk is the kernel size
and c is the number of input channels. For input encoding,
the MLP converts inputs to binary spikes through the first
LIF layer, while the CNN directly passes the input to the first
convolutional layer. In both architectures the final layer of the
network outputs binary spikes, which are accumulated over
time steps and passed to the cross-entropy loss function. The
cross entropy loss encourages the correct class to fire at all
time steps, and aims to suppress incorrect classes from firing.
We considered four different datasets: MNIST [46], Fashion
MNIST (FMNIST) [47], CIFAR-10 [48], and Neuromorphic
MNIST (NMNIST) [49]. The MNIST and FMNIST datasets
each consist of 60,000 training samples and 10,000 test
samples, where each sample is a 28x28 pixel grayscale image
representing one of ten classes. CIFAR-10 consists of 60,000
color images (32x32 pixels), divided into 50,000 training
images and 10,000 test images, with each image classified
into one of ten categories. For all datasets, pixel intensities are
normalized to have a mean of 0 and variance of 1, following
the assumptions in our theoretical derivations. The NMNIST
dataset provides a spiking neuromorphic representation of the
original MNIST digits. It includes 60,000 training samples
and 10,000 test samples, where each sample is represented
as a 28x28 pixel event-based recording of a digit. Events are
binned into frames using a time window of 1000 pus.

Commonly, SNNs performing spike-count based object
classification on standard image datasets require a large num-
ber of total time steps 7', in order to accumulate a reliable
number of spikes at the output layer. A typical range of T
can be between 10 and a few thousand [50]. Here, in order to
demonstrate the power of a good weight initialization, we set
the number of total time steps to 7' = 3. We hypothesize that
initializations which enable constant information propagation
across depth might also enable inference with low latency,
where there is no need to wait for many time steps to
accumulate the necessary number of output spikes.

The networks are trained using backpropagation through
time (BPTT) [16] and the arctan surrogate gradient func-
tion [24]. We utilize the Adam optimizer [51] with an ini-
tial learning rate of 1 x 102 and employ cosine annealing
scheduling. Training is conducted for 150 epochs across all
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Fig. 8. Training accuracy across 4 image classification datasets and 2 network architectures: comparing our weight initialization method against 7
methods from the literature for both ANNs and SNNs. For the MLP, only our method (blue) and [15] (orange) achieve over 90% accuracies on MNIST and
70% on FMNIST, with our approach showing a slight advantage on FMNIST. All methods perform similarly on NMNIST. For the CNN, all methods perform
well on FMNIST, with ours and [15] show marginally better results. Notably, our approach significantly outperforms the others on CIFAR-10.

datasets, except for CIFAR-10, where the number of epochs is
increased to 300. We compare our weight initialization method
with other commonly used initialization techniques from the
literature for both ANNs and SNNGs, as in previous sections.

The results are shown in Figure 8 and Figure 9. Using
the MLP architecture, we find that networks initialized with
different methods achieve similar performance on NMNIST,
likely due to the inherent information redundancy in this
dataset. Specifically, even though the samples in NMNIST are
temporal sequences of events that are grouped into frames,
all the information necessary to perform the task is encoded
primarily in the spatial domain. The temporal information,
while present, does not contribute significantly to the task,
making it largely redundant for solving the classification
problem. However, for MNIST and FMNIST, only our method
and that of [15] reach training accuracies above 90% and 70%,
respectively, after 150 epochs, with our method showing a
slight advantage on FMNIST. As observed in Figure 6, these
two methods were most effective at preserving information
across network layers and time steps, suggesting that this prop-
erty may contribute to their improved performance. For the
CNN architecture, all initialization methods perform well on
FMNIST, but our method outperforms the others on CIFAR-
10.

We then examine the robustness of our weight initialization
method under variations in network and neuron parameters us-
ing the MLP architecture described above, trained on MNIST.
Specifically, we test different values for network depth, layer
width, 3, and # and find that our initialization method remains
stable and effective across these variations. We compare our
method with Kaiming initialization, the prevailing choice for
conventional ANN, and observe that our approach enables
faster convergence during training and results in higher train-
ing accuracies. Networks initialized with Kaiming show slower
convergence, worse performance and significant variability in
behavior across different parameter values, indicating a lack
of robustness to such changes. Consistent with both theoretical
insights and empirical findings presented in previous sections,
we attribute this behavior to inadequate activity propagation.
Specifically, we note that training becomes increasingly chal-

lenging with deeper networks, higher values of 6 (resulting in
fewer neurons emitting spikes) and lower values of 8 (leading
to less information retention from the previous time step). In
contrast, our proposed initialization scheme proves resilient to
changes in these critical hyperparameters.

VI. CONCLUSION AND DISCUSSION

Introduction of new initialization techniques has signifi-
cantly contributed to the overwhelming success of ANNs in
recent years, particularly in enabling deeper architectures. It’s
evident that proper weight initialization plays a crucial role in
achieving optimal accuracy and facilitating fast convergence.
In this paper, we address the problem of weight initializa-
tion in Spiking Neural Networks (SNNs) and show how the
techniques developed for ANNSs, such as Kaiming initializa-
tion, are inadequate for SNNs. Unlike standard non-linearities
for ANNS, the thresholding mechanism in SNNs produces
binarized activations. Consequently, combining SNNs with
weight initializations optimized for ReLU results in the well-
known vanishing spikes problem. This inevitably leads to
information loss in deeper layers. Here, we analytically derive
a novel weight initialization method which takes into account
the specific activation function of SNNs. We empirically
demonstrate that, in contrast to Kaiming and other commonly
used schemes, our initialization enables spiking activity to
propagate from the input to the output layers of deep networks
without being dissipated or amplified, a necessary condition
for effective network training. Similar to the popular Kaiming
initialization for ANNs, our weight initialization depends only
on the number of input neurons n to a layer. Therefore, our
approach is broadly applicable to all deep, spiking network
architectures with fixed connectivity maps. Furthermore, we
observe that the only baseline SNN initialization method
with comparable performance to ours is [15]. While [15] can
retain the variance of the activations over a large number of
layers, it needs statistics of the datasets, and spiking rates
of the specific architecture obtained from simulations of the
untrained network. In this way the method in [15] overfits
its initialization to the distribution of the training set, and is
not dataset-agnostic. In contrast, our method is generalizable
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Fig. 9. Test accuracy across 4 image classification datasets and 2 network architectures: comparing our weight initialization method against 7 methods
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on FMNIST, while our approach achieves better accuracy than the others on CIFAR-10.
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Fig. 10. Robustness to variations in network and neuron parameters for
our method and Kaiming: training accuracy of an MLP trained on MNIST
for different values of (top left) network depth, (top right) layer width, (bottom
left) 8 and (bottom right) 6. We compare our proposed initialization method
(solid lines) to Kaiming (dashed lines) and find that it achieves better training
accuracy, faster convergence and it remains robust across different network
and neuron parameters.

to all datasets, without requiring prior knowledge of dataset
statistics.

In addition, we demonstrate that our proposed initialization
is robust against variations in several important network and
neuron hyperparameters, including network depth, layer width,
[ and 6. This robustness can enable deep activity propagation
for diverse models and machine learning tasks. To further
improve training in deep SNNs, we highlight that, due to the
specific properties of the SNN activation function, the width of
the network and the firing threshold might significantly affect
information propagation.

A limitation of our approach is that the proposed initializa-
tion does not account for the temporal dynamics of the neuron
membrane potentials w;, specifically the effects of the leakage
and the resetting operation. Specifically, after neurons which
emit a spike are reset, our assumption that u; is normally
distributed around zero is violated. We observe that the extent
to which the normal distribution remains a valid approximation

depends on the neuron hyperparameters. Our initialization
strategy, unlike Kaiming, still helps to effectively propagate in-
formation, also across multiple time steps. However, the theory
can be expanded to explicitly take into account the temporal
variations in u;. Another assumption of our derivation is that
the activations x; are mutually independent, but this condition
is typically violated in the case of real-world data, such as
images. However, the same assumption underlies the popular
ANN initialization methods, known to be effective on real-
world datasets. Empirically, in Section V we illustrate how, for
an SNN trained on 4 different image classification datasets,
our variance-conserving initialization scheme still translates
into accelerated training, improved accuracy and low latency,
especially when compared to Kaiming. It is important to note
that the 10-layer MLP network was not selected to achieve
high accuracy, but rather to benchmark the impact of different
initialization methods, which is why its performance may
appear suboptimal. We acknowledge the necessity of extending
this analysis to more complex architectures and datasets, in
order to evaluate its effectiveness in various settings.
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