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Abstract

In this work, we target the efficient implementation of spiking neural networks (SNNs) for low-power and low-latency
applications. In particular, we propose a methodology for tuning SNN spiking activity with the objective of reducing
computation cycles and energy consumption. We performed an analysis to devise key hyper-parameters, and then we show
the results of tuning such parameters to obtain a low-latency and low-energy embedded LSNN (eLSNN) implementation.
We demonstrate that it is possible to adapt the firing rate so that the samples belonging to the most frequent class are
processed with less spikes. We implemented the eLSNN on a microcontroller-based sensor node and we evaluated its
performance and energy consumption using a structural health monitoring application processing a stream of vibrations for
damage detection (i.e. binary classification). We obtained a cycle count reduction of 25% and an energy reduction of 22%
with respect to a baseline implementation. We also demonstrate that our methodology is applicable to a multi-class
scenario, showing that we can reduce spiking activity between 68 and 85% at iso-accuracy.

Keywords Spiking NN - Low-power - Microcontroller - Edge computing - SHM - Energy efficiency - Cyber-physical

systems

1 Introduction

Recently, the research community has shown increased
interest in the third generation of artificial neural networks
(ANNSs), known as spiking neural networks (SNNs) [1].
This interest spans various embedded application domains,
including anomaly detection and autonomous cyber-phys-
ical systems (CPS) [2, 3]. Their brain-inspired, event-based
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nature has the potential to significantly reduce energy
requirements compared to traditional ANNs [4-10].

Also, the dynamic neuron structure of spiking neural
networks makes them suitable for microcontroller-based
applications that involve the processing of sensor data
generated by sparse physical events occurring over time
[11, 12] or produced by neuromorphic sensors such as the
retina or cochlea: These sensors generate signals in the
form of spikes in response to changes in physical quanti-
ties, instead of performing regular sampling [13].

However, SNNs are not used uniquely with event-based
input. Indeed, recent research works have demonstrated
that converting streaming input signals into spectral coef-
ficients is also effective [14].

Additionally, also due to the lack of consolidated
benchmarks with dynamic signals, SNNs are typically
evaluated (and compared) with static input, such as per-
sistent images, where pixel values are converted into spikes
using either rate or temporal coding. In the first case, the
values are proportional to the spike rate, and in the second
time intervals between spikes. In this paper, we consider
both dynamic and static input, where dynamic input comes
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from a real application of anomaly detection. The static
benchmark instead is a handwritten digits dataset used in
many SNN related works [15-18].

As the target architecture for SNN execution, in this
work, we focus on a low-cost commercial MCU equipped
in an industrial IoT sensor node designed for anomaly
detection tasks. However, the general approach we propose
for spiking activity tuning is not limited to a specific
implementation and can be applied to custom neuromor-
phic accelerators [19-23].

The primary distinction between SNNs and ANNs lies
in their utilization of spikes for both encoding and infor-
mation processing. As such, spiking activity is a pivotal
parameter to be explored when designing an efficient
network.

Spiking activity is represented by the number of spikes
that have to be processed in the inner layers of the network
for a given input sample. Spikes are generated when a
neuron in the network “fires”. Recurrent SNNs, also called
LSNN (long short-term SNN), are typically composed by a
single hidden neuron layer with feed-back connections,
differently from feed-forward networks. This makes the
prediction of “firings” non-trivial because it depends on
time-dependent neuron internal states. On the other side,
LSNNs are interesting because they allow efficient pro-
cessing of temporal data streams from sensors (similarly to
their artificial counterparts such as LSTMs). Moreover,
with respect to feed-forward SNN, they are more powerful
as they can exploit the full potential of SNN [1, 11, 24].

To enable the implementation of brain-inspired, edge
processing on low-power, resource-constrained microcon-
trollers, the exploration of spiking activity within network
models is a key aspect. For instance, SNNs have recently
garnered attention in embedded applications such as object
recognition and obstacle detection for camera-based or
radar-based autonomous robot tasks [25, 26]. In these
domains, the reduction of spiking activity and minimiza-
tion of latency are relevant aspects.

The aim of this work is to leverage spiking activity to
enhance the energy and computational efficiency of SNN
implementations, as spike processing directly correlates
with the number of cycles and, consequently, the energy
consumption of the target device. Furthermore, the latency
of SNN inference is correlated with spiking activity. In
contrast to their artificial counterparts, SNNs, operating as
dynamical systems, necessitate the processing of spikes
over a predefined period (specified as a parameter) to reach
an output class convergence.

We introduce a methodology designed for training
LSNNs (while being applicable to non-recurrent SNNs)
with the aim of fine-tuning spiking activity for specific
classes. This approach results in the creation of
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“asymmetric” network models, where one class exhibits
reduced spiking activity compared to others.

Furthermore, we illustrate that in the most extreme
scenario, where a desired class exhibits zero spiking
activity, it is feasible to implement a low-latency network
with significantly diminished computational overhead. Our
experiments reveal that in the context of the anomaly
detection application for which we deploy our LSNN
model, achieving this extreme scenario is attainable.

In this paper, we employ a combination of two
strategies:

(i) Through an exploration of LSNN models, we
identify critical network hyper-parameters that
influence spiking activity. Then, we devise tuning
policies to reduce this activity while maintaining
acceptable classification accuracy.

(il) We introduce class imbalance (i.e. a disparity in the
number of training samples belonging to different
classes) during the training process. This deliberate
imbalance is leveraged to fine-tune hyper-parame-
ters, resulting in the creation of models where
certain classes exhibit minimal or, in some cases,
zero neuron firing. This controlled approach allows
us to dictate which class experiences a reduced
firing rate, leading to an “asymmetric” network
behaviour.

This approach proves effective in reducing energy
consumption and latency for classes that are more fre-
quently represented in the input data. For example, in the
context of anomaly detection, input samples belonging to
the “normal” class are more prevalent than those belong-
ing to the “anomaly” class. By reducing network firing
activity for the normal class, we achieve an overall
reduction in energy consumption and latency compared to
a network with a more uniform distribution of spiking
activity.

Compared to the original models, the derived models
exhibit decreased execution cycles and reduced energy
consumption when subjected to samples associated with
low-firing classes during the inference phase. It’s important
to note that while the proposed method can be employed in
conjunction with SNN quantization techniques, an in-depth
investigation of the quantization impact falls beyond the
scope of the current study.

Leveraging the introduced tuning approach, we design
an embedded LSNN implementation tailored for low-
power microcontrollers, referred to as eLSNN. In case the
tuning process successfully identifies an asymmetric model
that achieves the extreme scenario of zero spiking activity
for a particular class, we used it to develop an optimized
variant, denoted as reduced eLSNN. This optimized ver-
sion further reduces both the number of cycles and energy
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consumption by eliminating certain algorithmic operations
compared to a complete eLSNN implementation. We argue
that if such a condition is attainable for a specific task, it
can be harnessed through the proposed spiking activity
tuning strategy.

To demonstrate the effectiveness of the proposed
methodology, we applied the tuning procedure to both
binary and multi-class classification scenarios. In the case
of binary classification, we present performance and energy
results obtained from an actual hardware sensor node used
for structural health monitoring (SHM) applications. The
dataset utilized in this evaluation comprises accelerometer
data collected from a highway viaduct under both healthy
and damaged conditions. This dataset was used in other
state-of-the-art studies on SHM data analysis [3, 27]. In
particular, in [3] SNNs were successfully applied to dam-
age recognition. Another application of SNNs to SHM can
be reported in [28], where a feed-forward SNN emulated
on a neuromorphic accelerator is proposed.

For the multi-class scenario, we employed the widely
recognized MNIST handwritten digit database [29], widely
adopted for SNN training. Our selection of this dataset
aims to demonstrate the feasibility of our proposed method
in a multi-class context, rather than evaluating the perfor-
mance of LSNNs on this benchmark, which is the focus of
other papers in the literature.

Compared to existing state-of-the-art approaches that
primarily focus on reducing latency and energy consump-
tion in SNNs, the contributions of this paper are:

e We introduce a novel methodology for leveraging
network and dataset hyper-parameters to fine-tune
LSNN spiking activity directly within the trained
LSNN models.

e We demonstrate a practical approach to control the
firing activity of specific classes through a training
methodology that results in the creation of asymmetric
network models.

e We present an optimized computational model, referred
to as “reduced”, which minimizes latency and compu-
tational overhead when zero firing activity for a specific
class is attainable.

e We provide an optimized implementation on a low-
power microcontroller-based sensor node, enabling
quantitative performance and energy evaluations.

e Our work demonstrates how the tuning strategy effec-
tively reduces spiking activity during inference for both
binary and multi-class classification scenarios.

e We report energy and latency measurements of the
“reduced” model implementation on the sensor node
performing an anomaly detection task.

Experimental results illustrate the effects of the spiking
activity tuning for both multi-class and binary scenarios. In

the multi-class scenario, we observed a reduction in spiking
activity ranging from 68 to 85% for specific classes in
comparison to the average activity levels.

In the context of the SHM application, we conducted
cycle and power measurements using a hardware imple-
mentation. This setup involved a Hardware-in-the-Loop
approach, allowing us to inject real accelerometer data into
the sensor node.

The results obtained on the reduced version show a 25%
reduction in cycle count and a 22% decrease in energy
consumption when compared to the complete eLSNN
version.

The rest of this paper is organized as follows. Section 2
presents some background on LSNN and the adopted
neuron model. Section 3 explains the efficient LSNN
implementation for microcontroller targets. Section 3.2
explains the eLSNN tuning strategies. Section 5 reports the
experimental test bed and results, and Sect. 6 concludes the
work.

2 Background and related works
2.1 Neuron model

ANNSs are computing systems inspired by the biological
neural networks that constitute animal brains. The base unit
of the ANNSs is the neuron that has a differentiable acti-
vation function. This feature allows training, with gradient-
based optimisation methods and backpropagation. The
SNN model is a brain-inspired (so-called third generation)
type of neural network. They have a greater computational
capacity as the single neuron is modelled with a much more
complex dynamic than the neurons present in traditional
artificial neural networks (ANNSs). This means that SNNs
can solve the same tasks as ANNs with fewer neurons [1].
Moreover, their hardware implementation on neuromor-
phic architectures and accelerators can lead to greater
energy efficiency in data management and computation
[19-23]. In this work, we do not focus on neuromorphic
implementation, but rather on commercially available
MCUs widely used for embedded and cyber-physical
applications. However, the proposed LSNN model explo-
ration and tuning methodology is applicable also to dedi-
cated hardware architectures, provided a suitable training
algorithm is available.

SNNs differ from the ANNs in that the neuron is a
dynamic system composed of differential equations that
describe physical metrics like membrane potential and
synapse injecting currents. A spiking neuron is character-
ized by a dynamic behaviour described by the evolution of
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an internal state hj’ eventually triggering output spikes
(binary variables), representing the observable state z; [14].

Many neuron models can be found in literature: Hodg-
kin—-Huxley (HH) [30], Izhikevich (IZK) [31], Integrate
and Fire (LIF) [32]. Each of them implements a different
dynamic behaviour, leading to a different trade-off between
biological plausibility and computational cost.

Within an SNN, the connections between neurons are
mediated by synapses. Each synapse transports information
from a pre-synaptic neuron i to a post-synaptic neuron
j. The various neuron models describe, with different
degrees of approximation, the evolution of the membrane
potential stimulated by the currents injected by synapses.
When the membrane potential reaches a threshold value,
the neuron emits an impulse called a “spike”. The bio-
logical plausibility of a spiking neuron lies, among other
things, in its ability to model different operating states:

e Rest period The neuron is waiting to receive a stimulus
strong enough to emit a spike (i.e. it fires);

e Absolute refractory period In this state, the neuron
cannot fire independently on the input activity;

e Relative refractory period The neuron can fire, but it
has to receive a stimulus stronger than the one that
needs to fire in the rest period.

In this manuscript, we focus on LSNN [14]. A LSNN
network is composed of an input layer composed of [
sources, which is in turn connected in an all-to-all fashion
to a recurrent layer composed of N adaptive-integrate and
fire neurons (ALIF) through a W/ € RM matrix. The
hidden layer is recursively connected to itself with an all-
to-all connection matrix W ¢ RV, Lastly, the hidden
layer will be all-to-all connected to the output layer com-
posed of O neurons. This connection creates one more
connection matrix W0 € ROM,

In the ALIF neuron model, the hidden state A; is rep-
resented by the membrane potential v; and by a variable a;,
which controls the dynamic behaviour of the threshold
voltage v,h.

In our network model, the output is represented by the
membrane potential of the neurons in the output layer,
which is described by the following equation:

p ALIF-Out  piac
1 A | ot |’ ‘ (1)
Y= ¢€¢ * Y, + Z ijZj + bk
J

where 7, is the decay constant of the membrane potential of
the neurons and b is the bias of the neuron, which repre-
sents a constant current that stimulates the neuron.

The training of the network parameters for a given
learning task requires finding the optimal parameters of the
LSNN networks which are f;,r that is the number of
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integration ticks (J7) that the network uses to process the
network, I, N, T,, T,, Vm that is used to compute vy,

(v = Ve /(1 — e ™)) and 7, that is used to compute 7,
(4 = Tactins). Given that a spike neuron model is consid-
erably more complex than an artificial neuron model (ac-
cumulation and threshold), its training requires higher
computational effort than its simplified version. To train
the LSNN model, we applied the backpropagation through
time (BPTT) algorithm [14, 33].

2.2 Structural health monitoring scenario

The dataset has been collected from a highway viaduct,
representative of many SHM monitoring systems mounted
on other viaducts, such as the one presented in [27]. The
viaduct is built with eighteen sections, each supported by
two pairs of concrete pillars at their ends. The dataset refers
to a single section instrumented for data analysis before a
scheduled maintenance intervention in this work. The
maintenance was necessary for the strengthening of the
viaduct structure. The dataset was made of accelerations,
which were segmented to isolate the crossing vehicles that
will form the dataset. Each vehicle was labelled with the
label belonging to the class “damaged bridge” or “healthy
bridge”, depending on whether the vehicle had crossed the
bridge. This procedure resulted in a dataset of 6394 train-
ing samples, 546 validation samples and 994 test samples.
The dataset is balanced. The fast Fourier transform (FFT)
of each sample was computed. The FFT will be the input of
the network and will be kept constant for the inference
time. This approach has been successfully applied to tasks
dealing with similar input and network models like in [14]
for phoneme classification and in [25] for image
classification.

2.3 Related works

Very recently, given the rising interest in SNN, researchers
focused on the latency problem, which is correlated to
spiking activity, including hardware accelerators to enable
real-time applications [16]. Indeed, a network trained for
low latency also shows reduced spiking activity. A sum-
mary of basic approaches is present in [34]. The majority
of literature work addressing low latency focuses on
training ANN networks and then converting to SNN while
optimizing latency. This typically limits the SNN network
structure to feed-forward networks with simple neuron
models (i.e. LIF). A recent approach aims at capturing pre-
activation values distribution trying to minimize the error
between ANN and converted SNN, resulting in SNN fea-
ture ultralow-latency and activation sparsity [35].
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Compared to these approaches, in this work, we focus
on directly trained SNN. The proposed method is designed
to directly train SNN, as it exploits a specific loss term in
conjunction with dataset unbalancing. In general, it is
recognized that direct training leads to a lower firing
activity with respect to covered SNNs, thus leading to
higher energy efficiency.

More recently, in [36], a training framework for one-
time-step SNNGs that uses a novel regularization approach is
presented, showing a reduction of spiking activity. Authors
use pre-trained dynamic neural network (DNN) models,
and they do not focus on firing control for a given class. In
[37], the authors implement a decision-making agent in
order to minimize the timesteps in an interactive manner.
In [38], a method to generate high-performance, low-la-
tency (up to 32-time steps) SNNs converted from ANN is
proposed, exploiting an optimized initialization of mem-
brane potential. In [39], a shifting of the initial membrane
potential is adopted to calibrate the output spikes and
obtain high accuracy while reducing latency for converted
ANN-SNN models. Similarly to the previous methods, in
[18], latency is reduced using a pre-charged membrane
potential (PCMP). An Iterative Initialization and Retrain-
ing method for SNNs (IIR-SNN) is proposed in [34] to
perform single-shot inference. The authors focus again on
converted ANN-SNN and feed-forward networks.

An alternative method based on information represen-
tation is presented in [40], where the differentiation of
spike representation (DSR) is proposed to achieve low
latency and high performance. This method is demon-
strated to achieve comparable or higher accuracy than
ANN even with low-latency networks (with a few tens of
time steps). In [41], a hybrid training method is presented
based first on ANN-to-SNN conversion to select initial
thresholds in each network layer. Successively, a gradient
descent-based training method is used that learns the cor-
rect membrane leak and firing threshold for each layer of a
deep spiking network via error backpropagation. The tai-
lored membrane leak and threshold for each layer leads to
large improvements in activation sparsity and energy effi-
ciency. All these methods are applied to ANN-to-SNN
converted networks, while in our paper, we perform direct
training using BPTT. Also, our method focuses on spiking
activity tuning rather than timestep reduction.

Compared to these approaches, the method proposed in
this work is original in that it is the first attempt to exploit
asymmetry in the dataset coupled with a loss term to adapt
the firing rate. Overall, the advantage is that, in a classifi-
cation task, it is possible to decide which class is associated
with a lower firing rate. In case a class is less represented
during inference, this actually leads to an overall lower
firing rate, thus reducing energy consumption. Note that
reducing the timesteps is not the same as reducing the

spiking activity. Indeed, in a single timestep, the network
can integrate many spikes. From this perspective, our
approach is orthogonal to training methods focused on
timesteps reduction. From the other side, our method can
be integrated to these ones to further reduce the overall
spiking activity.

Concerning fully directly trained SNN methods, Li et al.
[42] introduces SEENN-I and SEENN-II. The former uti-
lizes confidence score thresholding to determine the opti-
mal number of timesteps, whereas the latter employs a
policy network to predict the number of timesteps. In [43],
the authors propose a Shrinking SNN (SSNN) in which,
during the training, they reduce the number of timesteps
over multiple training steps. In [17], the authors introduce a
novel temporal batch normalization through time (BNTT)
to solve the issue of unstable training. This work also
shows that trained networks are also characterized by lower
inference latency with respect to original training. All these
methods reduce time steps as a side effect, while our
method focuses on a direct tuning of spiking activity with
control of spiking for a given class. A novel approach
based on temporal pruning done on training iterations with
a reduction of timesteps at each iteration is proposed in
[44]. This approach is focused on timestep reduction and
works on recurrent SNN. Compared to the method pro-
posed in this work, it focuses directly on timestep reduc-
tion, while we selectively reduce spiking activity on
specific classes and we obtain latency reduction as a side
effect. Indeed, their try to overcome the problem of too
poor spiking activity playing on the neuron thresholds. In
our work, the training approach used in our work (which
leverages the one presented in [14]) allows us to exploit the
f* parameter to directly control spiking activity.

The advantage of being able to tune spiking activity
materializes in tasks where there is an asymmetry in the
class representation during inference, which is samples
belonging to one class are more represented than others.
One such example is the case of anomaly detection task,
where the “normal” class is typically more represented
than the “anomalous” class. In these cases, our method
outperforms other approaches in terms of energy con-
sumption. Also, as mentioned, our approach can be coupled
with any other training method, including the ones aimed at
reducing the timesteps. In other cases, where this asym-
metry is not present, the proposed approach does not
introduce any predictable advantage. Another considera-
tion that we added in this discussion is related to the pro-
posed approach’s impact on latency, as other state-of-art
papers deal with latency, presenting training methods to
reduce the number of timesteps. First of all, our approach is
not an alternative, as it can be applied orthogonally to
introduce asymmetry in the spiking activity related to the
most represented class. From the other side, our method
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can further reduce latency, in the extreme case where the
spiking activity is reduced to zero for a specific class. From
this perspective, the proposed approach outperforms other
methods as no one leads to a minimum of zero timesteps.
Clearly, this is an extreme case and relates only to one
class. As said, this is convenient only in case there is an
asymmetry in the class representation during inference: for
those samples belonging to the most represented class, we
can reach very low or even null spiking activity for the
large majority of the samples. As discussed in the experi-
ments, the number of samples with reduced spiking activity
can be regulated by an asymmetry threshold as a training
hyper-parameter.

3 Efficient embedded LSNN model
exploration methodology

In this section, we introduce the key hyper-parameters that
we leverage to tune the spiking activity of the neurons and
we describe the tuning methodology we used on the
training dataset for reducing spiking activity of specific
classes. The key idea is to control which class will have
low-firing activity in the output layer to reduce both energy
and latency. Indeed, if the more frequent class during
inference causes low-firing activity, we obtain a larger
impact on energy reduction. This is typically the case of
anomaly detection applications, where the large majority of
input samples represent “normal” conditions, while
“anomaly” conditions are less frequent. If we force the
normal condition to cause less firing activity in the net-
work, then we will save more energy (considering the
application lifetime) with respect to a network that has a
more uniform distribution of firing activity across the
classes.

3.1 Loss function impact on spiking activity

In this manuscript, we propose to leverage a training hyper-
parameter to obtain a low activity. Bellec et al. [14]
introduce two regularization parameters in computing the
loss of the network: (i) the classification loss (L,) computed
with the cross-entropy and (ii) the firing rate loss (Ly). The
Ly is computed as the difference between the firing rate
activity of the network and the value f* that is the desired
firing rate [14].

nT

2
1 l t *
szzzj:<nTtZ:Zj_f> @)

The overall loss is the weighted sum of the classification
loss and the firing rate loss.
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L= Kpr + Kfo (3)

The coefficients k, and x; amplify or dampen the contri-
bution of loss values. We explore these parameters in the
grid search performed in the multi-class scenario in the
experimental section.

We also explore the class unbalancing ratio in the
training dataset (uy,) to amplify the f* parameter effect in
the loss function and tune the firing activity of a specific
class in the binary classification scenario of anomaly
detection.

3.2 Training for reducing spiking activity

In this section, we present a novel methodology to obtain
LSNN models which can run efficiently on resource-con-
strained embedded systems. We call these models eLSNN.
As early introduced in the previous section we can identify
three sets of parameters which impact to the cost of the
proposed eLSNN model inference: i) The number of neu-
rons in the input and hidden layer (I, N); ii) The inference
time (¢;,r) and iii) The firing activity (z). The first two are
properties of the LSNN model and do not depend on the
input sample for which the LSNN is computing the infer-
ence. The third instead depends on the latent representation
associated with the given input sample. As described in
Sect. 3.1 a given LSNN model can be tuned to reduce the
overall firing rate (though the f* training hyper-parameter),
and to zero the hidden layer firing activity for input sam-
ples belonging to a specific class. In this manuscript, we
propose to control the specific class which can be learnt
with zero firing rate by controlling the class unbalance in
the training dataset. In anomaly detection applications,
where the anomalous class is rare, having a LSNN model
which represents the normal class with zero firing activity
can further reduce the inference cost.

Figure 1 shows the proposed eLSNN tuning methodol-
ogy. It consists of the following main steps:

1. The training set is processed to obtain a new training
set with an artificial class unbalance which induces
asymmetric firing behaviour for the input samples
associated with the most represented class. For a binary
classification problem, we define the dataset unbalance
(uy) as the percentage of a given class in the new
training set. We refer to uﬁ}c, for instance, in case the
wanted class is class “0”. In the experiment section,
we will show the impact of this parameter. Also, when
imposing an overall spiking activity reduction (see
Step 2), by increasing the fraction of samples in the
training set for a given class, that class will reduce its
spiking activity. The spiking activity is thus inversely
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Fig. 1 The eLSNNs tuning methodology. It consists of four steps:
(i) Splitting the dataset, (ii) Applying the dataset unbalance to obtain
multiple training set instances, (iii) Training models in the grid search

proportional to the fraction of samples in the training
set.

A population of trained LSNN models ({M}) is
generated with a grid search on the eLSNN hyper-
parameters. The eLSNNs hyper-parameters we focus
on in this paper are I, N, t;,, and f*. Other hyper-
parameters do not directly influence the computational
complexity of the LSNN model but are included in the
grid search to achieve higher model accuracy.

From the population of trained models (M) we select a
set of optimal models (M), using the following
criteria (in logical AND) on the validation set:

(a) Accuracy above a specified threshold;
(b) Low neuronal activity;
(c) Asymmetric behaviour.

The asymmetric ratio for a class (a;) we refer to in Step 2 is
defined as the fraction of input samples classified by the
model in a given class with a fire rate equal to zero among
all the sample classified by the model in the class:

a; = ‘{S:M(S) :i’Z(S7M) :OﬂSEDH/HSZM(S) =1, ED}l
(4)

In Eq. 4 i is the class, s is the sample and D is the dataset.
We employ the optimized asymmetric eLSNN model
inference only if the highest asymmetric ratio (a;) for the
class k is above a user-defined threshold (a*). We will
explore this trade-off in the experimental result sec-
tion. Formally A : {a;,ay, ...ap} (used also in Fig. 1) is the
vector of asymmetric ratios a; computed for each class.
The class with the maximum asymmetric ratio is the
class k = argmax(A) and if a; > a* we can consider the
model as an asymmetric model. From optimal models, we
select to be deployed on the resource-constrained micro-
controller. The optimized implementation is described in
Sect. 4, while in Sect. 5, we report details about accuracy,
energy and latency on the test set where we will discuss the

using the eLSNN hyper-parameters, (iv) Using a set of policies,
identifying the best configuration for the network implementation on
the microcontroller

impact of the application of the proposed methodology to
binary and multi-class classification scenarios.

4 eLSNN implementation

In this section, we first describe a baseline embedded
LSNN model which targets resource-constrained micro-
controllers and implements the ALIF neuron model. Then,
we describe an optimized LSNN implementation which
exploits the asymmetry in the latent representation in order
to skip processing cycles during inference. Figure 2 depicts
the LSNN computation.

The network update consists of four main steps: (i)
Membrane voltage update (v), (ii) Membrane voltage
threshold update (a), (iii) Evaluation of the spike emission
(z) (iv) Evaluation of the output (y). The diagram shows x
data dependencies in green, v data dependencies in blue, a
data dependencies in red, z data dependencies in purple,
and y data dependencies in magenta.

4.1 Neuron model

The evolution of the membrane potential v; of neuron j
over time is given by the following equation:

0( ALIFHALIF
v — e v g WH - !
i#j (5)
In—>ALIF Reset

t—1
§ : jnxz_vfhz

In 5, we considered the hidden state as hj := [v}, af] and the
observable state as z; € {0, 1} [14]. v is called membrane
potential; it increases when the neuron receives a stimulus
(spike or current). According to [14], in this model,

describing the behaviour of internal neurons, biases are
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Fig. 2 LSNN update cycle flowchart. Network status variables are
represented with rectangles. Operations are represented with circles.
Matrix multiplication operations with synaptic weights are

absent. We instead introduce biases in the output neurons
model as shown in Eq. 1.

When v reaches a threshold called vy, it emits a spike z.
In the case of ALIF neurons, the variable vy, is dynamic: It
increases when a spike is emitted and decreases in the
absence of spikes.

This behaviour is described by the variable a; for the
J — th neuron as follows:

~~
aj’-:efaa +Zt1 (6)
A;:Vth+paj
Z{:{l if vi>Af and r} # 1
J 0

otherwise
In Eq. 5, the first term accounts for the decay of the
membrane potential (o), which depends on the membrane
time constant 1,, and the tick (o¢) of the network.

The second and the third terms describe the contribution
of the recurrent part and the input layer, respectively. x
represents the input signal and can be either spikes or
currents. The final term in Eq. 5 accounts for the reset of
the membrane potential upon crossing v,,. Due to this term,
v is a non-differentiable function due to the spike emission.
In ALIF neurons, additional equations are used to describe
the dynamics of the threshold voltage update. More
specifically, in Eq. 6 ¢ is the decay of the adaptive
threshold, and it depends on J¢ and 7, called decay time
constant. a is weighted by a factor p before being added to
vs. Equation 7 describes the firing behaviour, similar to
LIF neurons. The neuron can spike (fire) only if it reaches a
certain value (A) and it is out from the refractory period
(r' # 1). The refractory period is a time interval in which
the neuron is insensitive and happens right after the spike
emission.

To train the LSNN model, we applied the backpropa-
gation through time (BPTT) algorithm [14]. This algorithm
is a gradient-based training model that is normally applied

(7)
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represented by grids. Constants are represented with black circles.
Data movements are represented by arrows between operators and
operands

to the recurrent network whose goal is to minimize the
difference between the network output compared to a target
(ground truth) by updating the weights of the network. To
achieve this task, the networks have to be unrolled. Since
Eq. 5 is a discontinuous function, for applying the BPTT,
we can use a pseudo-derivative that allows bypassing this
problem [14]:

W_a—z';_ /pdmax<0 1-—
A T

v —A’

- D if 1
th

0 otherwise
(8)

The above equation represents the distance between the
spike threshold and the v level. The default value of y is
0.3.

4.2 Membrane voltage update

The computation involved in the membrane voltage update
is done through the following steps:

1. v® := gy—Membrane voltage decay

2. v := W!x —Contribution of inputs on membrane
voltage

3. v#) .= WHz —Contribution of internal neuronal activ-
ity on membrane voltage

4, ylth) .— —vmZ —Reset of membrane voltage in case of
previous spike emission

5. vev+v® 4pd pyH) Ly __Update of mem-

brane voltage

In the membrane voltage update step, for the internal
neuron’s contribution the elements of z can only assume
binary values (z; € {0,1}), the W#z operation can be
implemented using only additions. As shown in Fig. 1 on
the left, for a naive implementation, the number of oper-
ations to be performed is (I + N + 2)Nt;,r additions and
(I + N + 2)Nt;,; multiplications. The required operations
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will depend on the number of nonzero elements in the
vector z. The number of nonzero elements in the vector z
will change with each inference tick. We then identify
using the symbol z the average number of nonzero ele-
ments of z for each inference tick. The value of z depends
on the behaviour of the network. When training the net-
work, it is possible to minimize Z by introducing its value
into the loss calculation. In Table 1 on the right, we report
the operations (additions and multiplications) of the opti-
mized implementation for each component of v. In the
optimized implementation, (H)
requires z-1 additions.

The computation steps of our LSNN implementation are

summarized in Algorithm 1.
Algorithm 1 Pseudo-code of the eLSNN timestep computation.

the computation of v

binary classification was applied to time windows on a
waveform of vibrations. Following the approach in [14],
the samples in a time window are pre-processed to extract
spectral coefficients. This input is kept constant to the
network for a period called Exposure Time f,,,. In what
follows, we will refer to this eLSNN version as current-
driven eLSNN, since it uses a continuous and constant
input over the exposure time (that can be modelled as a
current).

Within the network exposure time, the values of x are
persistently presented to the network.

N; := Number of timesteps

N,, := Number of neurons
a := Membrane voltage decay factor
¢ := Adaptive threshold decay factor
p = Adaptive threshold correction factor
B := Output membrane voltage decay factor
for t < Ny do
vl —avt T it Wi+ 2t Wy — ozt

al — gat~1 4 zt-1
A" — vy, + pa’
Yyt — Byt~ + 2t Wo +b
end for

> Membrane voltage update
> Adaptive threshold update

> Output membrane voltage update

In the case of current-based input, where the input
vector x contains real values, the reduction of multiplica-
tions to additions concerns only the internal layers.

For instance, in [14], current input is used in phonemes
recognition tasks performed over time windows on a
speech waveform. Inspired by this work, we used the
current input for the anomaly detection scenario, where a

Table 1 Operations analysis for a single neuron

Item Naive Optimized
Sum Mul Sum Mul
p(® - 1 - 1
v(l) I-1 I ([ - l)/le_\'p +1 I/[exp
p(H) N—-1 N z-1 -
p(th) - 1 1 -
y 4 - 4 -
Total ~ I4+N+42  I+N+2 I=1)/top+7+5 Lty +1

These operations must be executed for each neuron (N) and for each
inference tick (Z;,r)

4.2.1 Membrane voltage update: internal neurons
contribution

The computation of v\#) requires a row-column multipli-
cation between the matrix W# (with N x N elements) and
the column vector z (with N x 1 elements). The result will
be added to the vector v. As shown in Fig. 1 on the left, for
a naive implementation, the number of operations to be
performed is (I + N +2)Nt;, additions and (I + N +
2)Nt;,; multiplications.

When the elements of z can only assume binary values
(z; € {0,1}) the WHz operation can be implemented using
only additions). Let Z be a list containing only the index of
the nonzero elements of z. By iterating over the elements of
Z, we select the columns of W# to be considered in the
inner cycle (cycle of additions). The sum cycle iterates
over the rows of the selected column and, for each element,
it accumulates its content in the result vector. Therefore,
the required operations will depend on the number of
nonzero elements in the vector z. The number of nonzero
elements in the vector z will change with each inference
tick. We then identify using the symbol z the average
number of nonzero elements of z for each inference tick.
The value of z depends on the behaviour of the network.
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When training the network, it is possible to minimize Z by
introducing its value into the loss calculation.

In Table 1 on the right, we report the operations (addi-
tions and multiplications) of the optimized implementation
for each component of v. In the optimized implementation
the computation of v(*) requires z-1 additions.

4.2.2 Membrane voltage update: input neurons
contribution

In the case of current-based input, where the input vector x
contains real values, the reduction of multiplications to
additions concerns only the internal layers.

For instance, in [14], current input is used in phonemes
recognition tasks performed over time windows on a
speech waveform. Inspired by this work, we used the
current input for the anomaly detection scenario, where a
binary classification was applied to time windows on a
waveform of vibrations. Following the approach in [14],
the samples in a time window are pre-processed to extract
spectral coefficients. This input is kept constant to the
network for a period called Exposure Time t.y,. In what
follows, we will refer to this eLSNN version as current-
driven eLSNN, since it uses a continuous and constant
input over the exposure time (that can be modelled as a
current).

Within the network exposure time, the values of x are
persistently presented to the network. This leads to the
existence of three-time domains, represented in Fig. 3:

e Input time domain, accounting for input;

e Network time domain, accounting for the #,,, iterations
performed by the network, possibly observing the same
value of x;

e Output time domain, accounting for output updates.

Figure 3 shows that vector x updates in sync with the input
(input domain), while vector v is used to update v()
according to the network time steps. The number of
operations to compute v(/) then becomes ((/ —1)/z,,, +
1)Nt;,s additions and 1y texp)Ntiny multiplications.

The second vector Z decouples the network time domain
from the output. At each tick, the network will accumulate
the emitted spikes inside the vector Z.

In the output time domain, the content of the vector 2
will be averaged over the exposure time, obtaining Z, that
will be used for the calculation of y#) := W9z,

The number of operations for computing y# then
becomes (1 /1., (N — 1)O + 2)t;, additions and finf /1,,,NO
multiplications.

Overall, in our implementation, as reported in Table 1,
the number of additions required for the membrane voltage
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update is (I —1) [texp +Z+ 5)Ntiys and the number of
multiplications is ({/ fexp + 1)Ntiyys.

4.2.3 Membrane voltage threshold update

This is a part of the computation characterizing the ALIF
neuron model. Updating the maximum threshold for the
membrane voltage is broken down into the following
operations:

1. a'® := &a - Evaluation of threshold decay

2. a% :=z - Threshold adjustment in case of previous
spike

3. a <+ a+a® 4 a® - Threshold update

4. a®) := pa - Weighted threshold computation

(a)

5. vy :=vy +a®) - Reference threshold augmentation

In total, 3Nt additions and 2Nt;,; multiplications are
required to implement the adaptive threshold functionality.

4.3 Evaluation of the spike emission

At each inference tick, the spike firing condition must be
checked. For each neuron, the membrane voltage is com-
pared with the spike threshold. In the ALIF neuron model,
the threshold voltage is adapted to the activity of the
neuron and increases as its activity increases. A spiking
neuron is also inhibited for a period ¢, called refractory
time. During this period, even if the neuron has a mem-
brane voltage above the threshold, it will not fire. To check

this condition, each neuron stores the information about the

tick of the last spike 7.

When checking the emission of a spike, two conditions
must therefore be checked for each neuron:

1. The membrane voltage must be above the adaptive

threshold: v; >v\%/

2. The neuron must not be inhibited by an earlier spike:
1219 41y

If the above conditions are satisfied, the vector z will take
the value “1” at position i, otherwise the value will be “0”.

In our implementation, instead of directly handling the
vector z, we use the list of events Z to replace matrix
multiplications W#z and W9 with additions. At the
beginning of the spike emission check phase, the list Z of
previous events is cleared. In the presence of a spike
emission, the identifier of the spiking neuron will be added
to the 7 list.
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Fig. 3 Flowchart modified to handle current-driven input. In this application scenario, the input and output have two different time domains from
the network. v and Z vectors are used to pass information from the input to the network and from the network to the output

4.4 Evaluation of the output

Spikes generated by network neurons in the recurrent layer
are received by output neurons at the same time as they are
emitted. The output neurons have a similar update cycle to
the recurrent neurons:

1. y® := py - Output decay;

2.y .= W9 - Contribution of internal neuronal activ-
ity on the output;

3. y® :=p - Bias contribution;

4. y—y+yP 4 yH 1 y®) _Update of the output.

Again, the computation of y#) = W9z can be done using
the list Z to perform ZOt;,, additions instead of (N — 1)Ot;,,
additions and NOt;,; multiplications of the naive
implementation.

According to Eq. (5), in the presence of a constant input
current each neuron in the internal layer receives a constant
stimulus equal to k; = Zj Wj’l”xj’ Considering initially null
neuronal activity (z/= = 0Vi) it is possible to express the
evolution of the membrane voltage by the following
equation:

—1

2 r T

Vi =o'vo + k; E o
=0

1—o
1 —o

©)

:OCZV() +k;

If the inference time of an eLSNN is known and is equal to
T it is possible to identify the range of values k; that given
as input to a neuron do not cause the emission of a spike:

T
Vi < Vih
1 —af
OCTVO + k; < Vi
1—a (10)
1 —ua
T
ki< va - aT_VO“ T
k* k(+.0)

In the case of asymmetric networks, in case we are able to
train an asymmetric class to be recognized with no spikes
(for instance the most represented one in input), this class,
identifiable by the absence of synaptic activity, can be
detected without performing the network calculation,
without waiting for #;nf, as the inference is reduced to a
threshold check of the k; values, thus leading to a negligible
latency for a large fraction of input samples.

Indeed, it is sufficient to verify that the input of a neuron
k; remains under a certain threshold: k; <k* — k%) Vi, a
condition that must be valid for every neuron. This pro-
cedure can be effectively implemented on a microcon-
troller as it only requires comparison operations and
depends on pre-computed parameters. Moreover, in the
case of binary classification, there is no need to execute the
inference at all.

Clearly, an asymmetric class can have a percentage of
samples that lead to some activity. In this case, this reduced
version introduces a drop in accuracy corresponding to the
fraction of these samples (as reported in the experimental
section). To reduce this drop, we have to increase the
asymmetric threshold a*. However, depending on the
dataset and the task, it is not always possible to obtain the
desired asymmetry.

In the case of anomaly detection, the asymmetric class
will be the most represented one. In this case, the approach
is viable as it is conservative: Some samples belonging to
the “normal” class will be attributed to the “anomaly”
class.

Anyway, we believe that it is possible to mitigate this
drop with a less aggressive reduction. We will explore this
in future works. However, this drop concerns only the
reduced implementation, while the benefit of reducing
spiking activity still remains from a computational and
energy viewpoint.
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5 Experimental results

In this section, we report experiments to evaluate the
proposed eLSNN methodology in two different classifica-
tion scenarios. The first scenario targets a multi-class
classification task and focuses on the MNIST dataset [29].
As discussed in the introduction, this kind of task, while
static, is commonly used to evaluate SNN performance. In
our case, it is adopted to evaluate the spiking activity
tuning in a general multi-class case using a public bench-
mark [24].

The second scenario focuses on SHM anomaly detec-
tion, a binary classification task which aims to predict the
health status of a highway bridge. In this case, we use a
benchmark resulting from a monitoring system consisting
of an IoT node equipped with vibration sensors.

As the bridge underwent a repair intervention during
monitoring, the dataset includes samples belonging to
either the class “anomalous condition” before the inter-
vention or “healthy condition™ after the intervention. This
dataset has been successfully used in various SHM state-of-
the-art works.

Through this dataset, we evaluate the latency and energy
consumption of eLSNN inference running on a microcon-
troller node and we show the impact of the spiking activity
tuning methodology we propose in this work.

In Table 2, we provide an overview of state-of-art
methods focusing on latency (timestep) reduction for
comparison. In particular, we report the training algorithm,
the dataset used and the timesteps for SNN computation.
We also report the timesteps configurations used in this
work, showing that the range of considered timesteps is in
line with the state-of-the-art methods, but we are also able
to reduce to zero timesteps for strong asymmetric network
models. We remark that our method does not focus pri-
marily on timestep reduction. Rather, we focus on spiking
activity tuning. By reducing spiking activity for some
classes, we can also reduce the required timesteps as a side
effect. Indeed, in the extreme case in which we reach zero
spikes for one specific class, we can perform the classifi-
cation in zero timesteps. It is worth noting that recent work
demonstrates how reducing the firing activity is more
beneficial than minimizing timesteps in terms of energy
efficiency and overall latency [45, 46].

5.1 Multi-class classification scenario

We applied the spiking activity tuning methodology pro-
posed in Sect. 3.2 to the MNIST dataset [47]. The dataset is
composed of 60,000 samples in the training set and 10,000
samples in the test set. The dataset is composed of 10
classes, one for each digit. Each sample is fed to the
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network without being pre-processed. The pixels are cur-
rents that will remain constant throughout the inference
time (). From the original training set, we extracted
10,000 samples to be used as validation set and left the
remaining 50,000 samples to train our models. Training,
validation and test sets are balanced. In this scenario, the
dataset used to train all the models ({AM}) has not been
artificially unbalanced. This experiment evaluates the
impact of hyper-parameters on spiking activity without
modifying the public dataset. As such, Step 1 in Sect. 3.2 is
not applied.'

The hyper-parameters explored in the grid search (Step
2 in Sect. 3.2) are the follows:

1. eLSNN hyper-parameters: (N = [100, 200, 300, 400], I

= [768], tiy = [5, 10, 20, 50] ticks, f* = [0.1, 0.01,
0.001, O]).

2. Other hyper-parameters: (t,, = [20], 7, = [3], Ve =

[0.01], B. =[1.8], 14c =[0.5, 0.1], x, = [1, 100, 300], ¢
= [1, 100, 300])

From these models, we applied the policies defined in Step
3 in Sect. 3.2 to (i) select an optimal modeled (ii) evaluate
the hyper-parameter impact on the eLSNN performance.

In Step 3, we select models with accuracy above 90%.
On these models (M™), we first evaluated the impact of f*
(training parameter able to control the firing activity) on
the different classes in the training set. The results of this
test are depicted in Fig. 4. On the x-axis are reported for the
different classes (highlighted with different colours) a box
plot showing the average firing activity for the sample for
the selected models. From the plot, we notice that on
average the firing activity of the models computed in the
test set decreases as the f* decreases. Moreover, also the
variability of the firing activities among the models trained
with the same (f*) decreases as well.

We observe that spiking activity reduction can be up to
2 orders of magnitude, which translates into a computa-
tional load reduction as discussed in Sect. 3. We then
selected an optimal model (M™) applying an asymmetric
behaviour threshold (a*) equal to 90% in the Step 3.
Looking at inference, Table 3 reports the performance for
the selected optimal model computed on the test set.

The selected eLSNN model correctly classifies as class
“1” the 93% of the samples with zero spikes (firing rates
equal to zero) in the internal layer. For the remaining 7%
(84 samples) of the samples, the network produces only on
average 7 spikes. For the other classes, the average activity
is about an order of magnitude higher. As discussed in

! Even if the unbalancing can be applied to a multi-class scenario, in
this work, we limit our exploration of the unbalancing to the binary
classification. Also, the unbalancing has a practical implication in the
anomaly detection application, for which we devise an optimized
implementation on a microcontroller node.
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[17] VGG9 SG CIFAR10 20
VGG11 SG CIFAR100 30
VGG11 SG Tiny-ImageNet 25
/ SG DVS-CIFAR10 /

[18] CNN ANN-to-SNN MNIST 19
CNN ANN-to-SNN CIFAR10 204
ResNet20 ANN-to-SNN CIFARI11 198
AE-CNN ANN-to-SNN CIFAR12 56

[34] VGGI16 IIR-SNN (Hybrid) CIFAR10 1
VGG16 IIR-SNN (Hybrid) CIFAR100 1
VGG16 IIR-SNN (Hybrid) ImageNet 1

[35] VGG16 SG CIFARI10 2
VGG17 SG CIFAR100 2

[36] VGG16 SG CIFAR10 1
VGGl16 SG ImageNet 1

[38] VGG16 ANN-to-SNN CIFAR10 8
ResNet20 ANN-to-SNN CIFAR10 8
ResNet18 ANN-to-SNN CIFARI10 8

[39] VGGI16 ANN-to-SNN CIFAR100 1
ResNet20 ANN-to-SNN CIFAR100 1
VGG16 ANN-to-SNN ImageNet 1
ResNet34 ANN-to-SNN ImageNet 1

[40] ResNet18 SG CIFAR10 20
ResNet18 SG CIFAR100 20
ResNet18 SG ImageNet 50
VGGI11 SG DVS-CIFAR10 20

[41] VGG6 Hybrid CIFARI10 5
VGG16 Hybrid CIFAR10 5
ResNet20 Hybrid CIFAR10 5
VGG16 Hybrid CIFAR100 5
ResNet20 Hybrid CIFAR100 5
VGGl16 Hybrid ImageNet 5

[37] VGG16 ANN-to-SNN CIFAR10 3.17
ResNet18 ANN-to-SNN CIFARI10 2.52
VGG16 ANN-to-SNN ImageNet 3.26
ResNet50 ANN-to-SNN ImageNet 4.42

[42] ResNet34 SG ImageNet 2.40
ResNet34 ANN-to-SNN ImageNet 29.53

[43] VGG9 SG DVS-CIFAR10 5
VGGY SG N-Caltech101 5
VGGY SG DVS-GESTURE 5

Ours LSNN SG Anomaly Detection 0, 5, 10, 20
LSNN SG MNIST 0, 5, 10, 20

SG means surrogate gradient and hybrid means that the authors use mixed training, i.e. using both ANNs

and SNNs
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Fig. 4 Spike activity distribution of MNIST eLSNN configurations. We highlighted the mean activity per sample for each class (with different
background colours) and for each configuration with a specific value of f* (with different box-plot foreground colours)

Sect. 3, the proposed asymmetric eLSNNs can significantly
reduce its computational cost for samples belonging to
class “1” in the MNIST dataset.

We conclude that using the proposed methodology is
effective in reducing spiking activity and that it is possible
to impose an asymmetric behaviour. This characteristic
will be exploited in the anomaly detection scenario, where
we will show, additionally, that it is possible to impose the
asymmetry for a specific class (i.e. the healthy class, which
is more frequently seen at the network input).

5.2 Binary classification scenario

In this section, we apply the eLSNN tuning methodology
described in Sect. 3.2 to an anomaly detection task of
Structural Health Monitoring (SHM) [27]. The imple-
mented pipeline is consistent with what is required in a real
use case. It involves (i) sensor data acquisition and pre-

Table 3 Results of a eLSNN configuration with an asymmetric
behaviour, trained with f* =0

Class # Samples # Samples (z = 0) >z a;

0 995 0 60041 0.00
1 1233 1149 591 0.93
2 991 0 34255 0.00
3 957 0 25069 0.00
4 990 0 73179 0.00
5 840 0 55652 0.00
6 969 0 50213 0.00
7 1023 0 55824 0.00
8 981 0 29778 0.00
9 1021 0 45070 0.00

The table reports, for each class, the total number of samples
(# Samples), the number of samples recognized with no spikes
(# Samples (z = 0)), the total number of spikes (3} z) and the
asymmetry ratio a;
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processing, (ii) FFT computation and (iii) model inference.
The pipeline has been executed on an IoT node (described
later in this section) based on a STMicroelectronics
microcontroller.

The dataset is composed of a training set with 6394
samples, a validation set with 546 samples and a test set
with 994 samples. All sets are balanced. Starting from the
training set, we considered five artificially unbalanced
versions of it obtained using a class sub-sampling (Step 1
in Sect. 3.2). For the SHM dataset (binary classification
problem), we apply the following unbalancing ratios
(u(n}O =0.3,0.4,0.5,0.6,0.7) where u% represents the per-
centage of “Class 0” in the set. In this use case, we use a
LSNN network composed of 20 ALIF and 2 output neurons
which  discriminate  between two bridge states
(healthy/damaged). The hyper-parameters explored in the
grid search (Step 2 in Sect. 3.2) are:

(i) eLSNN hyper-parameters: (N = 20, I = [50, 150],
tiy =[5, 10, 20] ticks, f* = [0.01, 0.001]) and
other hyper-parameters: (z,, = [20, 30], 7, = [3, 10,
301, v = [0.01, 0.03], B, = [1.7, 1.8], 14 [0.5, 1])

(i)

We applied the policies defined in Step 3 in Sect. 3.2 to
select the best model among the trained ones and to eval-
uate how hyper-parameters impact eLSNN performance.

To characterize the runtime and energy impact of the
eLSNN for the SHM use case, we used the following
experimental setup: (i) A development board hosting an
STM32F4 system-on-chip and (ii) a LabVIEW-controlled
data acquisition board to measure the current absorbed by
the MCU.

The SHM pipeline we developed ran on top of an
STM32F4-Discovery board. It is a development platform
produced by  STMicroelectronics  featuring  the
STM32F407VG6, a system-on-chip commonly used for
DSP-oriented deeply embedded applications. Such a sys-
tem hosts a Cortex-M4 core with a floating-point unit,
supporting a maximum clock speed of 168 MHz, which
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comes with 1 MiB Flash memory and 192 KiB of RAM.
For the sake of our experiments, we configured the MCU as
follows:

(i) The core is clocked at the maximum clock
frequency of 168 MHz when running;
(ii)) The MCU fetches structural accelerations from an
embedded MEMS sensor via SPI;
(iii)) The DMA is configured to transfer data while the
core is in SLEEP mode, to reduce power
consumption.

Current consumption is monitored by a PXIe-4309
board, produced by National Instruments. The PXIe-4309
module features 8 ADC devices and supports a maximum
data acquisition rate of 2 MSamples per second. We used
two of the available channels to:

(i) Sample the current absorbed by the MCU using a
shunt resistor;

(i) Read the logic level of a GPIO that the application
software toggles each time a processing stage is
started or completed, to associate each phase (e.g.
SPI transfer, FFT computation, LSNN inference) to
its current consumption.

The selection of the accurate models as described in
Step 3 in Sect. 3.2 has been evaluated by looking at the
Matthews Correlation Coefficient (MCC) on the validation
set. We select in Step 3 the models with MCC higher than
0.75, which corresponds to an accuracy score over 88%.
Even if this is a relatively low accuracy for MNIST clas-
sification using neural networks, we decided to use it for
the sake of explanation of the trade-off between accuracy
versus spiking activity.

On these models (M™), we first evaluated the impact of
firing activity (z) and eLSNN hyper-parameters, namely
#input (I) and inference time (t;;), on the inference cost
measured in cycles.

5.2.1 eLSNN hyper-parameters characterization

As described in Sect. 3, the eLSNN implementation
leverages the sparse nature of the spikes for saving com-
putations: If a neuron does not receive a spike, it does not
trigger accumulation in the membrane potential. This
means that the computational burden of the eLSNN algo-
rithm depends on the average number of nonzero elements
for each inference tick for the recursive/hidden layer. To
understand the relevance of these effects on the total
eLSNN inference time for the same flavour of eLSNN, we
analysed different input samples (each corresponding to the
FFT coefficients of the accelerations read by the MCU
during a passage of a vehicle in the section of the bridge).

More specifically, the number of spikes corresponding to
nonzero elements in the recurrent layer during an eLSNN
inference (denoted with z) depends on the specific input
sample and network hyper-parameters. On the other side,
differently from the recurrent/hidden layer activity (z), the
spiking activity in the input layer depends only on the size
of the input (/).

5.2.2 Computational cost of eLSNN

This section concludes the eLSNN study by comparing (on
average on the test set) the performance of the optimal
model selected with the proposed methodology asymmetric
eLSNN against the best performing and energy-efficient
eLSNN. This is obtained by evaluating the candidate
eLSNNs in the median sample with respect to both x and z.

Indeed, from a separate characterization we performed
(whose results are not reported here), we observed that the
number of cycles strongly depends on the number of input
neurons (/), and loosely on the spiking activity.

Figure 5 reports on the same plot the breakdown of the
total number of cycles taken by the median inference time
of both the eLSNN and asymmetric eLSNN. For the
symmetric networks, all the eLSNN hyper-parameters
combinations are reported, while for the asymmetric
eLSNNs its performance does not change varying the
inference ticks and thus we report only one network for I =
50 and I = 150. By comparing the different networks, we
can notice that the two better performing eLSNNs
(achieving MCC >0.75) are the configuration [ =
150,y =5 and I=150,t, =5 for the eLSNN. As
expected lowering #;,r reduces the computational cost. The
asymmetric eLSNN always outperforms the eLSNN
requiring lower cycles. We can conclude that asymmetric
eLSNN is significantly more efficient than the eLSNN and
that lowering the # of inputs (/) reduces the computational

Cycles Count on STM32F4

100000

# inputs: 50
# inputs: 150
phase 0
phase 1
phase 2
phase 3
phase 4
phase 5
phase 6
phase 7

80000 _—

60000

# Cycles
i

40000

20000

0Asym. 5 10 20 Asym. 5 10 20

Inference Time

Fig. 5 Cycle count breakdown for eLSNN best configurations (input
number-inference ticks) computed on samples with a median activity
condition. The background colours identify the number of inputs, and
the bar plot foreground colours the number of cycles for each eLSNN
computation phase
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Network Behavior at Unbalance Variation
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Fig. 6 In y-axis are reported the number (left plots) and percentage
(right plots) of configurations with symmetric and asymmetric
behaviour when class imbalance varies between 0.3 (more samples
with class 1) and 0.7 (more samples with class 0) in the x-axis.

load. Moreover, in Fig. 5, we report with different patterns
the number of cycles needed to perform the computational
steps described in Sect. 3. Phase 0: Compute of »®
Phase 1: Compute of v{) Phase 2: Compute of vH)
Phase 3: Compute of a(®) Phase 4: Compute of a™) and

a'? Phase 5: Compute of z and insert items in Z Phase 6:
Compute of y Phase 7: Insert items in X for next iteration.
For the eLSNN, Phase 1 dominates the computational time
since it computes the v" vector using a matrix—vector

@ Springer

Dataset Unbalance

Asymmetric networks are further divided in asymmetric configura-
tions targeting class O (in orange) and asymmetric configurations
targeting class 1 (in green)

multiplication. Phase 0 and Phase 3 involve N multiplica-
tions, and their contribution increases with the inference
time fiy.

5.2.3 Impact of asymmetric unbalance on training
In this subsection, we evaluate the impact of the dataset

unbalance uy, and asymmetric threshold ax in controlling
the asymmetric behaviour of the eLSNN.
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Fig. 7 Using an increasing asymmetry threshold, the accuracy of the
configurations is evaluated via eLSNN in inference and via reduced
eLSNN. Using the reduced eLSNN implementation for a model
which is loosely asymmetric can lead to a degradation of the accuracy

Figure 6 reports the impact of the dataset unbalance for
class “0” (”(C‘)/o) and of the f* hyper-parameter on the
asymmetric class learnt by the model. (The class which is
classified by the model with zero spike activity.) In the
figures, plots show with different colours the number of
model configurations (absolute values on the right plot and
relative impact on the left plots) which shows: (S) no
asymmetric behaviour, a; <a*; (AQ) asymmetric behaviour
with the asymmetric class “0”, ag > a*; (Al) asymmetric
behaviour with the asymmetric class “1”, a; > a*. On the
x-axes, the dataset unbalances uga.

Fig. 8 SHM case study current

The top plot in Fig. 6 refers to all the models selected
(ACC > ACCx). The central plot refers to the model
trained with f* = 0.01 while the bottom plot refers to the
model trained with f* = 0.001. From the figure, we can see
that by decreasing the value of f* the number of models
trained with asymmetric behaviour increases, whereas the
number of symmetric (S) models decreases. Approximately
20% of models have asymmetric behaviours with
f*=0.01, and up to ~90% of models have asymmetric
behaviours at f* = 0.001.

Figure 6 also shows the impact of the dataset unbalance
uy, on the control of the asymmetric class. Where the
asymmetric class is defined as the class the network learns
to represent with zero spikes in the internal layer. From the
bottom plot, we can see that given a set of hyper-param-
eters the number of models which expose an asymmetric
behaviour towards a given class is proportional to the
representation of that given class in the training set. This is
visible with the different bars as when the uy, = 0.3 all the
asymmetric models learn to represent the class “1” with
zero firing rate. While increasing ui}c, the percentage of
asymmetric models which learn to represent the class “0”
with zero spikes, increases and reaches with “(“}U = 0.7 the
majority of the models.

We can explain the impact of dataset unbalance to the
spiking activity by the fact that samples belonging to the
same class likely create similar neuron activation patterns.
During gradient computation these patterns strongly concur

Complete eLSNN
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Table 4 Report of the SHM case study featuring the complete
eLSNNs tested

Stage Complete eLSNN

Time Cycles Current Power Energy

[us] [#] [mA] [mW] [u]
SPI 541 - 6.03 17.08 9.78
FFT 41 6971 43.46 130.39 5.41
ABS 24 4032 41.80 125.40 3.01
eLSNN 148 24947 43.62 130.87 19.43
Overall 754 35950 33.73 100.94 37.63

Table 5 Report of the SHM case study featuring the reduced eLSNNs
tested

Stage Reduced (Asymmetric) eLSNN

Time Cycles Current Power Energy

[us] [#] [mA] [mW] [1]]
SPI 545 - 5.72 17.17 9.36
FFT 41 6888 41.72 125.17 5.13
ABS 24 4032 40.75 122.24 293
eLSNN 95 16043 41.22 123.65 11.81
Overall 705 26963 32.35 97.06 29.23

to the loss (see Eq. 2), thus they are more impacted by the
desired firing rate (f*) parameter in the loss computation.

It is interesting to note that when the training dataset is
balanced u(ﬂ}L = 0.5 there is a majority of models which
learn to represent class 1 with zero firing rates. This is
unexpected as one would have supposed to have a balanced
composition of asymmetric classes in the models. Future
works will investigate this behaviour.

In Fig. 7 we report the accuracy computed for the test set
using the eLSNN and the asymmetric eLSNN model (using
the reduced implementation described in Sect. A) selected
using a different asymmetric threshold (a*). As expected,
using the reduced eLSNN implementation for a model
which is loosely asymmetric (a* <0.9) leads to a degra-
dation of the accuracy. This is expected for a loosely
asymmetric model, as, by construction, the number of
samples leading to zero spiking activity is less. Because the
reduced implementation bases the recognition on the
assumption that samples of a given class lead to zero
spikes, a sample belonging to this class but generating
internal spikes will be misclassified.

As discussed at the end of Sect. A, to mitigate this drop
it is possible to increase the asymmetric threshold a*.
Depending on the characteristics of the dataset and the
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task, it may not be possible to obtain a model satisfying this
asymmetry requirement with the wanted performance.
Exploring to which extent it is possible to apply this
optimization to different datasets will be the purpose of
future works.

In general, in the case of anomaly detection, the accu-
racy drops may be acceptable as it goes in the conservative
direction: Some samples belonging to the “normal” class
will be attributed to the “anomaly” class. Furthermore, this
limitation impacts only the reduced implementation. For a
not-reduced implementation (where the optimization pre-
sented in Sect. A is not adopted), the benefit of reducing
spiking activity, by playing with asymmetry, still remains
from a computational and energy viewpoint.

5.2.4 Energy and latency results on HW microcontroller
node

Finally, we report the energy and latency results of an
execution of eLSNN on the SHM microcontroller node. In
particular, we used the eLSNN tuning methodology to
select two optimal models (M ,) applying (1) an asym-
metric behaviour threshold (a*) equal to 90% in the Step 3
(see Sect. 3.2) and (2) applying only the condition of
min(z) but without selecting an asymmetric behaviour.

We selected the latter as a reference to show the impact
of the asymmetric models with respect to a simpler
approach that tries to minimize the firing activity in a
uniform way across the classes. Model (1) is then an
asymmetric model, and we refer to this model as the
reduced eLSNN. Model (2) instead presents a low-firing
rate for both the classes but none of them learned with a
zero firing rate, and we refer to this model as the complete
eLSNN. Both the models have I =50 and f;,,y = 5. We
used both these models in the entire SHM pipeline.

Figure 8 shows the MCU ’s current consumption when
executing the entire processing steps needed to read
MEMS values, pre-process them and run eLSNN inference.
On the top plot, we report the Complete eLSNN in its most
efficient configuration, and on the bottom plot, we report
the Reduced eLSNN in its most efficient configuration.
With different colours, we depict the SHM pipeline phases:
(i) Raw data fetch over SPI and conversion to real accel-
eration values (SPI), (ii) FFT computation (FFT), (iii)
computation of FFT coefficients absolute values (ABS) and
finally (iv) eLSNN inference (eLSNN). We notice that the
proposed reduced (asymmetric) eLSNN is capable of
reducing the execution time of the entire pipeline signifi-
cantly from 2.5 to 2 ms (with the microcontroller config-
ured at 16 MHz.)

Tables 4 and 5 summarize all these effects. We can
notice that the reduced eLSNN kernel takes 1.56x fewer
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cycles than the Complete eLSNN network. When the total
computation time is considered this speed up reduces to
1.33x. Moreover, if we consider the energy consumption,
the reduced eLSNN (Asymmetric) reduces the energy
consumption by 1.29x.

We can conclude that the proposed methodology for
tuning LSNN models combined with the efficient eLSNN
implementation can achieve significant savings while
executing on resource-constrained hardware.

6 Conclusion

In this paper, we presented a methodology to tune the
spiking activity of LSNNs to reduce their execution cycles
and energy consumption during a classification task. We
reported the analysis we conducted to extract the network
and dataset hyper-parameters impacting neuron firing and
we measured the effect of their tuning on the spiking
activity occurring when samples belonging to the various
classes are presented to the network during inference. We
reported such an impact in the case of binary and multi-
class classification scenarios. Tuning can lead to 68-85%
activity reduction with respect to the average value
depending on the class.

We described an optimized implementation (eLSNN)
running on a low-power microcontroller and we demon-
strate the effectiveness of the tuning strategy when pro-
cessing a real dataset for a SHM application, where the
objective is the classification of a viaduct as damaged or
healthy. We performed a characterization of the computa-
tional cycles required for the inference.

We also show that in the extreme case where one of the
classes reaches zero spiking activity, it is possible to fur-
ther optimize the network implementation. Clearly, this is
possible depending on the complexity of the task. How-
ever, our method shows that this condition can be found
through the proposed spiking activity tuning method.

We exploited an experimental setup to gather real
energy measurements featuring a hardware-in-the-loop
approach to inject real data into the sensor node.

Results show 25% cycles count and 22% energy
reduction when comparing the reduced versus a complete
eLSNN version. Even though it has been evaluated on a
digital microcontroller, the proposed methodology is
applicable also to dedicated hardware architectures, pro-
vided a suitable training algorithm is available. Future
work will be devoted to applying the proposed technique to
neuromorphic hardware and to applying the tuning proce-
dure to quantized networks.

Appendix A: Derivation of the formula
for the evaluation of the network output

According to Eq. (5), in the presence of a constant input
current each neuron in the internal layer receives a constant
stimulus equal to k; = 3, Wj’l”x]’ Considering initially null
neuronal activity (7= = 0Vi), it is possible to express the
evolution of the membrane voltage by the following
equation:

t—1
V; :O(IV() + k; Z o
= (A1)
11—

1—o

:OCZV() + k;

Using v! in the absence of internal activity and with con-
stant input, it is possible to identify the time of the first
spike for each neuron (considering v = vy,):

- vin(1 — o) — ki
’_log“(vo(l %) — &

1—
ifvon%t:loga(l—M>

(A2)

If the inference time of an eLSNN is known and is equal to
T it is possible to identify the range of values k; that given
as input to a neuron do not cause the emission of a spike:

T
V; <V
T
— o
OCTV() +ki— < vy
= (A3)
— o 11—«
. _ T
kl < Vi 1 O(T 0 1— OCT
K K-0)
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