
Information Fusion 100 (2023) 101943

A
1
(

F

A
D
A
N
a

b

c

d

e

f

A

K
S
O
E
M
R

1

t
t
u
l
g
t
b
a

h
R

Contents lists available at ScienceDirect

Information Fusion

journal homepage: www.elsevier.com/locate/inffus

ull length article

novel Out-of-Distribution detection approach for Spiking Neural Networks:
esign, fusion, performance evaluation and explainability
itor Martinez-Seras a,b,∗, Javier Del Ser a,c, Jesus L. Lobo a, Pablo Garcia-Bringas b,
ikola Kasabov d,e,f

TECNALIA, Basque Research and Technology Alliance (BRTA), 48160 Derio, Spain
University of Deusto, 48007 Bilbao, Spain
University of the Basque Country (UPV/EHU), 48013 Bilbao, Spain
Auckland University of Technology, Auckland, New Zealand
Intelligent Systems Research Center, Ulster University, UK
IICT, Bulgarian Academy of Sciences, Bulgaria

R T I C L E I N F O

eywords:
piking Neural Networks
ut-of-Distribution detection
xplainable artificial intelligence
odel fusion
elevance attribution

A B S T R A C T

Research around Spiking Neural Networks has ignited during the last years due to their advantages when
compared to traditional neural networks, including their efficient processing and inherent ability to model
complex temporal dynamics. Despite these differences, Spiking Neural Networks face similar issues than other
neural computation counterparts when deployed in real-world settings. This work addresses one of the practical
circumstances that can hinder the trustworthiness of this family of models: the possibility of querying a trained
model with samples far from the distribution of its training data (also referred to as Out-of-Distribution or OoD
data). Specifically, this work presents a novel OoD detector that can identify whether test examples input to a
Spiking Neural Network belong to the distribution of the data over which it was trained. For this purpose, we
characterize the internal activations of the hidden layers of the network in the form of spike count patterns,
which lay a basis for determining when the activations induced by a test instance is atypical. Furthermore, a
local explanation method is devised to produce attribution maps revealing which parts of the input instance
push most towards the detection of an example as an OoD sample. Experimental results are performed over
several classic and event-based image classification datasets to compare the performance of the proposed
detector to that of other OoD detection schemes from the literature. Our experiments also assess whether
the fusion of our proposed approach with other baseline OoD detection schemes can complement and boost
the overall OoD detection capability As the obtained results clearly show, the proposed detector performs
competitively against such alternative schemes, and when fused together, can significantly improve the
detection scores of their constituent individual detectors. Furthermore, the explainability technique associated
to our proposal is proven to produce relevance attribution maps that conform to expectations for synthetically
created OoD instances.
. Introduction

In the last decades, Machine Learning (ML) has been widely proven
o outperform human capabilities in tasks that were previously thought
o be intractable for machines, such as image/video classification, nat-
ral language processing or generative modeling. The unprecedented
evels of performance achieved over these tasks have spurred an ever-
rowing proliferation of practical applications exploiting the capabili-
ies of ML models. The sensitive nature of practical decisions that can
e made as per the output elicited by ML models has lately motivated
flurry of research around the need for ensuring the trustworthiness of

∗ Correspondence to: Parque Tecnologico de Bizkaia, 700, 48160 Derio, Bizkaia, Spain.
E-mail address: aitor.martinez@tecnalia.com (A. Martinez-Seras).

the audience consuming their inputs. This issue is particularly concern-
ing when it comes to models whose internal structure and/or learning
algorithm cannot be easily understood by non-expert users. This is the
case of Deep Learning, arguably the field where the most outstanding
breakthroughs have been reported in manifold domains [1,2]. Concerns
with the trustworthiness of Deep Learning models are even more acute
as a result of their inherent black-box nature. Consequently, a new field
of study has developed over the last decade, coined as eXplainable
Artificial Intelligence (XAI), which focuses on making the decisions
issued by ML models understandable for humans [3–5].
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Besides the lack of interpretability of ML models, other factors may
hinder the trustworthiness of ML models when deployed in real-world
contexts. In such scenarios, models can face more varying and complex
circumstances than the ones encountered in the controlled environ-
ments where their parameters are usually learned. Among them, one of
the essential assumptions made in ML is that both training and test data
are drawn from the same distribution. However, this assumption may
not hold in real-world settings, in which this distribution may change,
and test instances might be sampled from a unknown distribution.
In general ML models are not designed from scratch to discriminate
between known and unknown query samples as per the knowledge cap-
ured during their training processes. In this case, it becomes necessary
o endow the model with the ability to determine whether the queried
ample belongs to the data distribution it has learned. This task is
xactly what Out-of-Distribution (OoD) detection addresses [6]: unlike
utlier detection, OoD methods depart from a model already trained
ver a given dataset, namely, the In-Distribution (ID) dataset. The goal
ursued in OoD detection is to declare whether a new test instance has
ither been sampled from the modeled ID dataset or, instead, it belongs
o another distribution (correspondingly, the Out-Distribution dataset,
D). Given its straightforward utility in uncontrolled environments,
oD detection has been acknowledged to be of pivotal importance in
any applications, including safe autonomous driving [7] and medical
iagnosis [8,9].

From a modeling perspective, the literature has tackled the OoD
etection problem by focusing mainly on neural networks for image
lassification, using convolutional architectures for the purpose. In
eneral, OoD instances can be identified by adopting (i) model-agnostic
etection methods; or (ii) model-specific strategies. The former usually
perate by characterizing information elicited by the model during
ts training process that is not particular of the model under target
e.g. the produced output class distribution of training samples). Model-
pecific methods, however, inspect the internal parameters of the model
here its captured knowledge is persisted (e.g. forward-propagated
ctivations of neurons). Above all, most detectors reported so far by
he community remain as opaque as the models they aim to supervise,
issing to attribute which parts of the input test instance are most

nfluential for the detection of the whole sample as an OoD instance.
n other words, OoD detection must be also explained for the audience
f the model; otherwise, it could jeopardize the completion of a fully
rustworthy ML pipeline. Another gap in the current literature is the
ack of model-specific proposals suitable to detect OoD instances in
piking Neural Networks (SNNs). These models, often referred to as
he third generation of artificial neural networks, are the evolution of
resent-day neural networks in virtue of their energy efficiency when
mplemented in specialized neuro-morphic hardware, and their ability
o model complex temporal dynamics thanks to their event-based na-
ure [10,11]. The latter, makes SNNs the best suited models to process
vent-based data like data coming from the Dynamic Vision Sensor
DVS), i.e., a bio-inspired vision sensor or camera that outputs pixel-
evel brightness changes instead of standard intensity frames, offering
dvantages like a very high dynamic range, no motion blur, and a
atency in the order of microseconds [12]. Despite the intense research
ctivity around this family of models noted in recent times, no prior
ork exists dealing with the detection of OoD instances by leveraging

pecifics of the spike-based working procedure of SNNs.
This work covers the gap identified above in OoD research by

eveloping a novel model-specific detection technique specifically de-
igned for fully-spiking SNNs (i.e. neural architectures that exclusively
ely on spikes for their internal activations). Our proposed approach
tilizes information produced by the SNN learning algorithm during
he training process to build a representation of its typicality when
rocessing ID data. A second contribution of our work is a local
ttribution method that highlights the parts of the input instance that
ush the developed detector towards classifying a sample as OoD.
2

he attribution information produced by this method can improve
he acceptability of the audience of the model when being notified
bout an unknown input, connecting clearly to the trustworthiness of
L pipelines sought in risk-sensitive domains as the ones exemplified

reviously. An extensive experimental setup over several image clas-
ification tasks is designed (i) to compare the devised OoD detection
ethod to existing alternatives that can be adapted to SNNs; (ii) to

erify whether a fusion of baseline OoD detection techniques with our
roposed detector can be synergistic and attain even better detection
cores than those achieved by the detectors on their own; and (iii)
o assess whether the generated attributions succeed at identifying
rtificially induced image artifacts on the considered datasets. Results
re promising, exposing a very competitive detection performance and
ttributions that conform to expectations.

The rest of the paper is structured as follows: first, Section 2 contex-
ualizes the OoD detection task, formally stating the problem it aims to
olve, and introducing a taxonomy that allows framing the contribution
f the work. This section also briefly mentions recent advances made
n SNNs and XAI. Next, Section 3 presents the proposed detector by
escribing its overall workflow, followed by a detailed description of
he detection algorithm and the procedure to extract local explanations
n the form of attribution maps. The experimental setup is described in
ection 4, whereas results are discussed quantitatively and qualitatively
n Section 5. Finally, conclusions are drawn in Section 6, together with
everal research paths rooted on our investigations.

. Related work

This study lies in the intersection between several fields of research.
onsequently, this section briefly pauses at the state of the art of each
f such fields: the OoD detection problem (Section 2.1), Spiking Neural
etworks (Section 2.2) and Explainable AI in SNNs (Section 2.3).
inally, we end by stating the contribution of this work beyond the
urrent status of knowledge in these surveyed areas (Section 2.4).

.1. Out-of-distribution detection

Before formulating the problem in a mathematical fashion, it is
mportant to clearly define what the out-of-distribution detection en-
ompasses and to establish the similarities and differences with other
elated tasks, such as outlier, anomaly and novelty detection. This is
recisely the central matter tackled in the comprehensive survey re-
ently contributed in [6], which also points out several misconceptions
xisting in the literature. This work distinguishes between two different
ypes of shift in data: the semantic shift and the covariate shift. The latter

stands for the situation where features of the input data vary without
any change in the class they belong to. Stated differently, the statistical
dependence between variables change, but not their relationship with
the output variable. In contrast, semantic shift refers to the case when
the new data belongs to a class different than the ones learned by the
model during its training stage. This being said, it is important to note
that OoD detection addresses only semantic shift (see Fig. 1).

To clarify the application domain in which OoD detection can be
formulated, we start by differentiating it from the above-mentioned
tasks. The most distinct task is outlier detection, as it does not follow
the classic train-test schema. Instead, a set of observations is provided,
and the task is to detect significantly different samples from this
contaminated dataset of observations. Both semantic and covariate
shifts can occur in this scenario. Conversely to outlier detection, OoD
detection is assumed to occur under a train-test schema. As concluded
in [6], OoD detection can be regarded as a super-category that includes
semantic anomaly detection, multi-class novelty detection and open set
recognition [13]. Summarizing, in OoD detection a model is learned
from a training set that is sampled from a given ID dataset, whereas
test samples are drawn evenly from either the in-distribution or from
a semantically different distribution, namely, the aforementioned OD

dataset. The objective is to correctly classify test samples as belonging
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Fig. 1. Difference between semantic and covariate shift. The semantic one occurs when a new class (star) emerges. In the covariate shift, the features of the input change (the
olor of the figures, from red to blue) while maintaining the semantics (the label), what makes the model incorrectly classify some instances.
o the ID or OD distributions, while maintaining the performance of the
odel in the original classification task. In almost all cases, detection is
ltimately achieved by crafting a scoring function that assigns different
cores for the in- and out-distribution samples.

Mathematically, the OoD detection task aims to distinguish whether
query instance 𝐱𝑞𝑢𝑒𝑟𝑦 belongs to the data distribution of the data

sed to train the model, or alternatively can be thought to belong to
nother different distribution. Without loss of generality, let the in-
istribution dataset be denoted as 𝑡𝑟, which is drawn from a probability
istribution 𝑃𝐗(𝐱) defined over a space  ∈ R𝐾 . This dataset is used to

learn a classifier 𝑀𝜃(𝐱) by adjusting the model’s parameters 𝜃 so as to
maximize its generalization capability over a set of labels {1,… ,𝓁}.
Once the model has been learned, the classifier can infer the class
𝑦̂ = 𝑀𝜃(𝐱) ∈ {1,… ,𝓁} of any new sample 𝐱 ∈ R𝐾 . We further
assume another distribution 𝑄𝐗(𝐱) different than 𝑃𝐗(𝐱), yet over the
same space  (out-distribution). New query samples can be sampled
from a mixture distribution 𝑀𝐗|𝑍 (𝐱|𝑧) such that 𝑀𝐗|𝑍 (𝐱|𝑧) is equal
to 𝑃𝐗(𝐱) if 𝑧 = 1, and 𝑄𝐗(𝐱) if 𝑧 = 0. If 𝑍 follows a uniform binary
probability distribution, an OoD detector 𝐺𝜑(𝐱) with parameters 𝜑 aims
to distinguish which test instances follow the in-distribution from the
ones which not, without observing variable 𝑍, and by only resorting to
the trained model 𝑀𝜃(𝐱).

Recalling to [6] and following its proposed taxonomy, OoD de-
tection methods can be divided in three types: classification-based,
density-based or distance-based. Our technique falls within the latter
category, as it comprises a detector that relies on the computation of
a measure of distance between the query samples and the centroids or
prototypes of the classes present in the in-distribution. Nevertheless, we
herein focus on the literature related to some of the classification-based
methods, specifically those which can be labeled as post-hoc methods.
These detectors can be easily adapted to Spiking Neural Networks
without making changes to their core, by solely resorting to information
produced at their output (e.g., the logits).

The first paper coining the Out of Distribution detection term was
actually a classification-based method, presented in [14] and often
referred to as the baseline method. This approach utilizes the so-called
Maximum Softmax Probability (MSP) to detect OoD samples, based
on the observation that samples belonging to the ID dataset tend to
have a higher MSP value than OD instances. By simply defining a
threshold on this score, their method achieved acceptable results in a
wide variety of datasets. The authors in [15] went one step further by
applying a temperature scaling strategy to the softmax computation,
which pushes softmax scores of in- and out-distribution samples further
apart from each other. In addition, they included input preprocessing
by adding small gradient and softmax dependent perturbations to the
data, slightly improving the performance. More recently, the work
in [16] assumed that the feature space of the penultimate layer of a
classifier follows a Gaussian distribution, allowing for the estimation of
mean and variance statistics from the features of every class. A posterior
fit of a multivariate Gaussian distribution and the usage of Mahalanobis
distance to gauge the closest class-conditional distribution is used for
OoD detection. Following the strategy posed in [15], the performance
is improved by adding small noise perturbations; this time depending
on the Mahalanobis distance rather than softmax. Further rationale for
3

the effectiveness of Mahalanobis distance for OoD detection is given
in [17].

Contrarily to previous approaches, in [18] a technique called Out-
lier Exposure is presented for improving the performance of existing
detectors. Authors propose to leverage the enormous quantity of data
available nowadays by modifying the training process of neural net-
works with the addition of an additional term to the original loss
function. This term depends on the original task (classification, density
estimation, etc.) and on the detector in use. This term helps the model
to learn heuristics that will improve the detector’s performance. Later,
an energy-based detector was derived in [19] by adapting the concept
of Helmholtz free-energy to deep neural networks, expressing it in terms
of the denominator of the softmax activation. Therefore, each sample is
assigned an score based on its logits (its energy), which is shown to be
higher for OoD samples than for ID instances. This was proven to yield
even better detection performance than previous softmax-based scores.
Thereupon, the study presented in [20] improved the computational
efficiency at inference time of the energy-based detector by training
multiple intermediate classifiers operating at different depths of the
trained neural network. The intermediate activations of the neural
networks are extracted at certain depths of its internal layered structure
depending on its complexity, leveraging the intuition that less complex
OoD samples can be detected by using low-level activation statistics of
the network. Extending the success of the energy-based detectors, au-
thors in [21] came up with a new scoring function (JointEnergy), which
exploits the joint uncertainty across labels by aggregating the label-
wise free energy for multiple labels. In contrast to presented methods,
GradNorm [22] explores the model’s parameters and the gradient space
to compute an OoD score. Specifically, GradNorm backpropagates the
Kullback–Leibler (KL) divergence between the softmax output and the
uniform distribution, computing the OoD score by extracting the gra-
dients of the last fully connected layer and calculating its L1 norm.
Recently, [23] proposed a simple post-hoc method forged as Rectified
Activations (ReAct), which is applied to the penultimate layer of a
network to truncate the activations at inference time. Its effectiveness is
supported by the finding that applying the BatchNorm statistics of ID
training data to the OoD data at inference time leads to abnormally
high activations in all layers, and therefore to the model’s output,
deteriorating the detection performance. Basically, ReAct limits the
activation’s value, yielding better detection scores than the previously
presented techniques hinging on the logits of the network. One of
the most recently proposed OoD methods is RankFeat [24], which
relies on subtracting the rank-1 matrix from the high-level feature, and
using logits derived from this perturbation to compute the OoD score.
They demonstrate that in-distribution samples are less affected by this
perturbation, enabling the detection of OoD samples in the logit space.

2.2. Spiking neural networks

This family of neural networks has garnered significant attention
since their inception, not only because they can represent more faith-
fully the inner stimuli of the human brain, but also due to the technical
advantages that their particular information processing strategy entails
in terms of spatio-temporal pattern learning and energy efficiency. In
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the brain, information flowing between neurons is conveyed through
synapses by trains of short electric pulses called spikes, so that neurons
receive and accumulate them as potential in their membrane. When
a potential threshold is met, the neuron emits an pulse (spike) of its
own to the subsequent neuron. The neuron emitting a spike is the
pre-synaptic neuron, whereas the receiver neuron is referred to as post-
synaptic neuron. Mimicking this dynamic behavior offers an inherent
way to deal with temporal data, and the sparsity and binary nature of
spikes makes it possible to reduce dramatically the energy consumption
of these models when deployed on specialized hardware, as chips like
IBM’s TrueNorth [10], The SpiNNaker Chip [25] and Intel’s Loihi [26].

A major drawback of SNNs is the fact that spiking neurons are not
differentiable due to the discontinuity of the spike. Therefore, gradient
backpropagation-based learning schemes are not directly applicable. To
overcome this issue, plenty of learning methods have been proposed
over the years, ranging from new bio-inspired learning rules to adapta-
tions of the gradient descent algorithm to deal with the aforementioned
discontinuity, among others. To top it all off, each learning method
comes with its own limitations in terms of input encoding scheme, neu-
ron models, network architectures and network running mode, among
others [27]. In this subsection we briefly revisit them as a referential
knowledge base for concepts later referred to in the remainder of the
article.

Encoding methods for SNNs can be divided into two big groups: rate
encoding schemes and temporal encoding schemes [28]. In both cases,
their purpose is to transform input samples into spike trains that can
be processed by the network. As such, rate encoding schemes embeds
input data information in the instantaneous or averaged rate of gener-
ated spikes in a single or group of neurons, i.e., in the count of spikes
emitted within a time encoding window. On the other hand, temporal
encoding methods conveys the input information in the precise timing
of the spikes.

As for the neuron models, a great variety exists, each with its
own biological plausibility and processing efficiency. Basically, they
describe the evolution of the membrane potential of the neuron and
the spike generation at different levels of detail. The Leaky Integrate-
and-Fire (LIF) model, for instance, is the most implemented model in
the SNN community due to its low computational cost and simplicity
when describing neuron dynamics [29]. Basically, the neuron integrates
the input spikes as currents applied to a resistor–capacitor (RC) circuit
that increases its voltage until a threshold is exceeded. At this point
in time, a spike is emitted and the voltage of the neuron is reset
to the resting value. The LIF neuron abstracts away the shape and
profile of the output spike: it is simply treated as a discrete event. As a
result, information is not stored within the spike, but rather the timing
(or frequency) of spikes. The Spike-Response Model (SRM) behaves
similarly to the LIF model, with the main difference being that it has
an adjustable threshold that depends on the time since the last post-
synaptic spike occurred. While LIF models are usually defined in terms
of differential equations, the SRM expresses the membrane potential
at a certain time as an integral over the past [30]. More biologi-
cally plausible models include the Hodking–Huxley or the Izhikevich
models [31], among others.

As in traditional neural networks, SNNs can run in an offline or
online fashion. SNNs have shown their ability to build spike-time
learning rules that capture temporal associations by leveraging spike
information representation. Therefore, not only they are well suited for
learning from spatio-temporal data in a batch learning setting, but they
are also inherently effective for handling these temporal associations in
streaming data [32].

After the above short primer on concepts related to SNNs, we
proceed by describing several learning algorithms relevant to our study.
It is not the aim of this work to comprehensively review all existing
learning methods for SNNs. Therefore, some few insights about the
most relevant approaches for this purpose are next provided. To begin
4

with, the Spike-Time Dependent Plasticity (STDP) [33] is a strongly f
bio-inspired unsupervised learning rule that strengthens the connection
between pre- and post-synaptic neurons that fire one after the other
and that has inspired many other learning algorithms. SpikeProp [34]
was the first to train SNNs by backpropagating errors, done on a
single hidden layer architecture, with the SRM neuron model and
the limitation that neurons were limited to emitting only one spike.
Works thereafter refined this method to enable multiple spike firing at
desirable times [35]. The main idea of the Spike Pattern Association
Neuron (SPAN) [36] is to transform the input and the desired output
spike trains into analog signals by convolving the spikes with a kernel
function. In this manner, the computation of error signals is simplified,
allowing for the application of gradient descent to optimize the synaptic
weights.

However, learning methods discussed so far have difficulties to
effectively train deep (multi-layered) SNNs. Surrogate Gradient (SG)
methods overcome the discontinuity of the spiking neuron model by
substituting it with a smooth continuous relaxation. Therefore, it does
not impose any restrictions in the learning algorithm that can be used
to train the model. Consequently, SG methods can be combined with
Back-Propagation Through Time (BPTT) to give rise to recurrent flavors
of SNNs. Nevertheless, this workaround poses stringent limitations for
SNNs in terms of computational and memory resources when deployed
over traditional hardware (GPUs). Moreover, its implementation over
neuro-morphic hardware may impose locality requirements that can
complicate its deployability [37]. A remarkable method that solves the
latter and utilizes a surrogate gradient approach is SuperSpike, a bio-
ogically plausible nonlinear Hebbian three-factor rule with individual
ynaptic eligibility traces [38]. Basically, the objective of the algorithm
s to minimize the van Rossum distance between the desired and the
ctual spike train through gradient descent. Hence, the derivatives of
he spikes with respect to the weights of the network are needed. To
ake this computation feasible, the spike train is approximated by

eplacing it with a continuous auxiliary function that depends on the
ifference between the membrane potential of the LIF neuron and its
iring threshold.

.3. Explainability in spiking neural networks

As in traditional neural networks, SNNs are inherently opaque mod-
ls that need to be complemented with explanations and justifications
f their issued predictions, particularly in critical applications involving
non-expert audience. Currently it is widely acknowledged that SNNs

re not applied in practical modeling problems as often as their non-
piking counterparts. However, their event-based working procedure
s making SNNs gradually replace non-spiking neural architectures in
roblems and tasks driven by computational efficiency. This progres-
ively increasing prevalence of spiking neural computation approaches
akes it of utmost necessity to derive XAI methods specific for this

amily of models, over as many tasks as possible, so that the time
o their acceptance and adoption in real-world settings is effectively
arrowed.

Despite this noted relevance, efforts invested so far in this direction
re scarce. To begin with, the work in [39] proposed a new knowledge
ncoding method that enables the attribution of the input features in
he classification decision in a Multi-Class Synaptic Efficacy Function
ased leaky-integrate neuRON (MC-SEFRON) classifier, a model with-
ut hidden layers based on the one presented in [40]. MC-SEFRON
everages a time-varying weight neuron model and trains it by using

modified STDP rule previously designed in preceding contributions.
he result is a classifier with great accuracy when tested over the
NIST image classification task, and capable of eliciting explanations

n the form of attribution maps for input images. The downside is that
xplanations are tightly bounded to the crafted model, and therefore
re not generalizable to other spiking neuron architectures in more

requent use by the related community. Methods for rule extraction
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from SNNs are presented in [41] and also in [42,43], where the
NeuCube architecture [44] is used.

When searching for a more general explainability method, the con-
tribution [45] exploited the fact that spikes with short inter-spike
intervals highly contribute to the neural decision process. This ob-
servation gave rise to the Spike Activation Map (SAM) proposed in
this study. For each timestep and neuron, a Neural Contribution Score
(NCS) aggregates the Temporal Spike Contribution Score (TSCS) of all
the pre-synaptic spikes previously processed by every neuron. These
NCS are calculated at every time step for the feature maps of a convo-
lutional neural network, and are summed pixel-wise across all channels,
obtaining the aforementioned SAMs. Hence, one heatmap is generated
by this technique for every time step and SNN layer.

When shifting the focus on time series data, the contribution in [46]
combines three components to design a local feature-based explanation
called Temporal Spike Attribution (TSA): (i) the influence of spike
times, modeled by the NCS introduced above; (ii) the influence of
the model’s parameters, extracted from the weights of the connections
between layers; and (iii) the influence of the classification decision,
inferred from the softmax values. To the best of our knowledge, this
threefold approach is the more recent of the short series of contri-
butions dealing with explainability techniques specifically devised for
SNNs.

2.4. Contribution over the state of the art

After examining the current status of knowledge of the research
fields tackled in our work, we note that multi-layered SNNs are lately
becoming a viable option to implement and test in practical settings,
performing competitively against non-spiking neural counterparts with
notably improved energy efficiency. For instance, spiking-based CNN
models comprising several neural processing layers have been proposed
recently for different image classification tasks [47–50]. This is the
reason why the community is slowly expressing interest in addressing
practical issues of these models when used in real-world environments,
including the detection of OoD samples. However, as far as our revision
of the literature can tell, there is no prior work in which OoD detection
is studied for SNNs, nor have explanations been fabricated for modeling
tasks besides classification. This work steps beyond the current state
of the art by designing a specific method to detect OoD samples for
SNNs, validating that not only it can be done by examining information
produced during the training process of the SNN, but also that it attains
better detection statistics than post-hoc methods from the literature
that can be directly applied to these models. Further along this line,
OoD predictions issued by the proposed detector can be combined
with those produced by other OoD detection methods so as to yield
an ensemble of OoD techniques that improve further their individual
performance scores. This exposes that predictions produced by the
proposed approach are complementary, coherent and diverse enough
w.r.t. to other techniques for its fusion to enhance the overall detection
figures. In addition, we propose an attribution method aimed to make
the OoD detection process more understandable and trustworthy for
the user, which spans further the narrow gamut of modeling tasks for
which XAI methods have so far been developed in related studies.

3. Proposed approach

We now describe the method designed to detect OoD samples
in SNNs, which we hereafter denote as Spike Count Pattern (SCP)
based detector. Its workflow is graphically sketched in Fig. 2. First,
a mathematical formulation of the network characteristics is posed in
Section 3.1. Next, an in-depth explanation of the detector is provided
in Section 3.2. Finally, Section 3.3 describes the steps to produce an
attribution map based on the information generated during the OoD
5

detection performed by the SCP-based detector.
3.1. Spiking neural network: mathematical notation

Our method targets the detection of OoD instances by exploiting
the internals of SNNs working with rate-based encoding strategies. We
assume a training dataset 𝑡𝑟 with samples {𝐱(𝑖)}𝑀𝑖=1, where 𝐱(𝑖) ∈ R𝐷,
𝑀 denotes the number of samples in the training set, and 𝐷 is the
dimension of every input instance. Each of such training samples belong
to a class 𝑐 ∈ {1, 2,… , 𝐶}, where 𝐶 denotes the number of classes in 𝑡𝑟.
The SNN model requires spike trains 𝐬(𝑖)(𝑡) = {𝑠(𝑖)𝑑 (𝑡)}𝐷𝑑=1 at their input
which, when implemented in discrete-time processing hardware, are
represented by binary sequences 𝐬𝑑,(𝑖) = {𝑠𝑑,(𝑖)1 , 𝑠𝑑,(𝑖)2 ,… , 𝑠𝑑,(𝑖)𝑇 ∕𝛥𝑇 }, where
𝑠𝑑,(𝑖)𝑡 ∈ {0, 1} and a one represents the occurrence of a spike. Each
sample will be processed during a certain amount of time, named the
simulation time 𝑇 , that is divided in time steps of width 𝛥𝑇 . The
number of time steps within a simulation period is easily obtained as
𝑇 ∕𝛥𝑇 , which establishes the length of the binary sequence in which
spikes are represented in the discrete domain.

Hence, inputs must be converted in spike trains by an encoding
method 𝑔(𝐱(𝑖)) ∶ R𝐷 ↦ {0, 1}𝑡×𝐷, where the addition of the time dimen-
sion is done if the data is static. Here a rate-based coding scheme that
converts each feature to a spike train using an homogeneous Poisson
process is employed [51]. Basically, for each feature, the probability
of a spike 𝑠𝑑,(𝑖)𝑡 being emitted at time 𝑡 ∈ {1,… , 𝑇 ∕𝛥𝑇 } for feature
𝑑 ∈ {1,… , 𝐷} and instance 𝐱(𝑖) is given by:

𝑃𝑟{𝑠𝑑,(𝑖)𝑡 } = 𝑟𝛥𝑇 = 𝑥(𝑖)𝑑 𝑟𝑚𝑎𝑥 𝛥𝑇 , (1)

where 𝛥𝑇 is the interval width, and 𝑟 denotes the firing rate whose
value depends on the value of each normalized feature 𝑥(𝑖)𝑑 ∈ R[0, 1]
and a maximum firing rate threshold 𝑟𝑚𝑎𝑥. The value of 𝑟𝑚𝑎𝑥 is up-
perbounded by 1∕𝛥𝑇 to avoid generating more than one spike per
interval. To generate spike trains, at each timestep a sample 𝑧𝑑,(𝑖)𝑡 is
drawn uniformly at random from a continuous distribution  (0, 1),
and is compared to the probability in Expression (1), such that a spike
is generated if 𝑧𝑑,(𝑖)𝑡 ≤ 𝑟𝛥𝑇 . As a result, the obtained spike train 𝐬(𝑖)(𝑡)
comprises randomly distributed spikes, such that the number of spikes
in the simulation period 𝑇 follows a Poisson distribution.

To process an instance 𝐱(𝑖), the SNN converts each of its features
𝑥𝑑,(𝑖) into a spike train 𝐬𝑑,(𝑖). At each time step 𝑡, the corresponding part
of all the spike trains {𝑠1,(𝑖)𝑡 ,… , 𝑠𝐷,(𝑖)

𝑡 } are fed to the model. Assuming a
Leaky-Integrate-and-Fire neuron model, the state of the LIF neurons of
each SNN layer is updated depending on the occurrence of a spike in
the previous layer and the previous state of the neuron. If an activation
threshold is surpassed, the potential/voltage of the neuron is reset to its
resting state value for the next simulation time step 𝑡+1. It is important
to note that spikes affect the next layer’s neuron states through the so-
called synaptic current, which impacts on the membrane voltage of the
neuron. This synaptic current generated by a spike depends only on the
weight of the connection between the actual neuron (post-synaptic) and
the neurons of the previous layer (pre-synaptic).

When the SNN is used for classification tasks, the output layer is
not composed by LIF neurons, but rather by leaky integrators matching
the number of classes in 𝑡𝑟. This type of neurons only accumulates
voltage through time, i.e., it lacks any mechanisms to fire a spike.
The maximum voltage levels achieved by these neurons during the
simulation period 𝑇 are interpreted as the logits input to a softmax
function, from where the corresponding predicted class is inferred
under a winner-takes-all decision strategy (as in classical non-spiking
neural classifiers).

3.2. SCP-based Out-of-Distribution detection approach

The design of the proposed OoD detection approach departs from
the intuitive observation that similar samples of the same class tend to
have similar neuron activation patterns in the hidden layers. Indeed,
the SCP-based detector is largely inspired by this observation to yield a

novel OoD detection method, which is graphically depicted in Fig. 3. In
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Fig. 2. Workflow of the SCP based detector for an image classification task.
Fig. 3. Graphical description of the methodology of the SCP based detector.

essence, the detection hinges on comparing the spike count pattern of
every new test sample to the representative (archetypical) spike count
patterns of its predicted label, which can be characterized during the
training stage of the SNN. Therefore, the method requires augmenting
the training algorithm of the SNN in order to characterize and produce
such spike count archetypes, so that they can be used at inference time
to detect whether any test instance is out of the training distribution.
Here, a spike count 𝑞(𝐬) corresponding to a spike train 𝐬 ∈ {0, 1}𝑇 ∕𝛥𝑇

is given by the number of spikes fired during the simulation period,
namely, 𝑞(𝐬) =

∑𝑇
𝑡=1 𝑠𝑡, where we recall that 𝑠𝑡 ∈ {0, 1} and value 1

represents a fired spike.
In doing so, and for the sake of a reduced computational com-

plexity added to the training process, the SCP-based detector selects
uniformly at random a specific number of training examples of every
class and collects the spike counts of the layer prior to the softmax
(for reasons disclosed later). Once spike counts have been computed,
a class-conditional clustering is performed over the spike counts, using
a distance metric to gauge the dissimilarity between spike counts. After
computing all pairwise distances, the centroid of each class-conditional
cluster resulting from the clustering stage is computed, which can be
regarded as the aforementioned spike count archetypes of the samples
inside the cluster of the class to which they belong. It should be noted
that every class in 𝑡𝑟 may span more that one cluster, depending on
the inherent intra-class variability of the spike counts produced by the
training instances of the class at hand. Finally, at inference time, a test
instance 𝐱′ is processed through the already trained SNN, yielding a
predicted class 𝑦̂. A score is then computed to determine whether a
6

new sample belongs to the in- or out-distribution, which is given by
the closest 𝐿1 distance to the archetypes of its predicted class 𝑦̂. If this
distance is greater than a predefined threshold 𝜆, 𝐱′ is declared to be
an OoD sample. Otherwise, the SCP-based detector determines that 𝐱′
belongs to the distribution of the training data.

Algorithm 1: Proposed SCP detector
Data: Training data 𝑡𝑟, size 𝑃 of training samples 𝑐

𝑡𝑟, last
layer index 𝐿, spikes 𝐬𝑛,𝐿,(𝑖) associated to example 𝐱(𝑖),
distance measure 𝑑(⋅), clustering algorithm, aggregation
function 𝑓𝑎𝑔𝑔(⋅), OoD score function 𝑓𝑂𝑜𝐷(⋅), thresholds
𝜆𝑦̂, query instance 𝐱

Result: Decision on the OoD nature of 𝐱
1 //Training stage
2 Train SNN over 𝑡𝑟
3 for 𝑐 ∈ {1,… , 𝐶} do
4 𝑐

𝑡𝑟 ← 𝑃 sized 𝑐-class sample randomly selected from 𝑡𝑟

5 Collect the spike trains 𝐬𝑛,𝐿,(𝑖) = {𝑠𝑛,𝐿,(𝑖)𝑡 }𝑇 ∕𝛥𝑇𝑡=1
6 Compute the spike counts 𝑞(𝑛, 𝐿, (𝑖), 𝑐) as per Expression (2)
7 Aggregate spikes counts into a vector

𝐪(𝑖),𝑐 = {𝑞(𝑛, 𝐿, (𝑖), 𝑐)}𝑁𝐿
𝑛=1

8 Compute distances 𝑑(𝐪(𝑖),𝑐 ,𝐪(𝑗),𝑐 ) ∀𝐪(𝑖),𝑐 ,𝐪(𝑗),𝑐 ∈ 𝑐
𝑡𝑟

9 Extract 𝑀𝑐 clusters {𝑚,𝑐}𝑀𝑐

𝑚=1, where 𝑚,𝑐 ⊆ {𝐪(𝑖),𝑐}𝑖∈𝑐
𝑡𝑟

10 for 𝑚 ∈ {1,… ,𝑀𝑐} do
11 Compute archetype 𝐪𝑚,𝑐,⊙ applying 𝑓𝑎𝑔𝑔() to 𝑚,𝑐 );

12 //Detection stage
13 Let 𝑦̂ = 𝑀𝜃(𝐱) (prediction of query sample)
14 Collect spike trains 𝐬𝑛,𝐿,𝐱

15 Compute spike count 𝐪𝐱,𝑦̂ = {𝑞(𝑛, 𝐿, 𝐱, 𝑦̂)}𝑁𝐿
𝑛=1

16 Assign an OoD score by computing 𝑓𝑂𝑜𝐷(𝐪𝐱,𝑦̂) as per
Expression (4)

17 Declare 𝐱 to be OoD if 𝑓𝑂𝑜𝐷(𝐪𝐱,𝑦̂) > 𝜆𝑦̂, otherwise 𝐱 follows the
in-distribution of 𝑡𝑟

We proceed by describing step by step the SCP-based detector. As
schematically described in Algorithm 1, our developed technique re-
quires a training stage for generating archetypical spike count patterns
for every class in the dataset. For simplicity we assume 𝐿 stacked
layers in the SNN architecture, comprising 𝑁𝐿 LIF neurons. By slightly
modifying the previous notation, we denote the time slot of the spike
train occurring at the 𝑛th neuron of the last layer 𝐿 (the layer prior to
the leaky integrator) as 𝐬𝑛,𝐿,(𝑖) = {𝑠𝑛,𝐿,(𝑖)𝑡 }𝑇 ∕𝛥𝑇𝑡=1 . Based on this definition,
the SCP-based detector starts by extracting 𝑃 spike trains {𝐬1,𝐿,(𝑖)}𝑖∈𝑐

𝑡𝑟
for each of the labels in the training dataset (line 5 of Algorithm 1). To
this end, a 𝑃 -sized subset 𝑐 ⊂  of the training instances predicted
𝑡𝑟 𝑡𝑟
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to belong to label 𝑐 is sampled at random (line 4), such that |𝑐
𝑡𝑟| = 𝑃

∀𝑐 ∈ {1,… , 𝐶}. Once such spike trains are collected, counts can be
omputed for each spike train at neuron 𝑛 and instance 𝐱(𝑖) (line 6) as:

𝑞(𝑛, 𝐿, (𝑖), 𝑐) =
𝑇 ∕𝛥𝑇
∑

𝑡=1
𝑠𝑛,𝐿,(𝑖)𝑡 , for 𝑖 ∈ 𝑐

𝑡𝑟, (2)

hich can be aggregated into a spike count vector 𝐪(𝑖),𝑐 = {𝑞(𝑛, 𝐿,
𝑖), 𝑐)}𝑁𝐿

𝑛=1 (line 7). The proposed SCP-based detector extracts the spikes
f the last layer 𝐿 of the SNN architecture for two reasons. The first
s that the deeper the selected layer is along the hierarchy of neural
ayers, the higher the level of the features handled is, and the lower
he number of spike count trains will be. High-level semantics are better
or OoD sample discriminability, whereas low-dimensional spaces are
referred for characterizing the space of archetypical behaviors of the
ctivations of instances of a given class. Second is the fact that the soft-
ax layer is bounded to represent the probability of the input belonging

o a certain class, which may not be well suited to characterize OoD
amples.

Based on the 𝑃 spike count vectors {𝐪(𝑖),𝑐}𝑖∈𝑐
𝑡𝑟

computed for every
lass 𝑐 as per Expression (2), a clustering algorithm can be used over
uch spike counts to group them in terms of their inter-vector similarity
line 9). This clustering process yields 𝑀𝑐 clusters {𝑚,𝑐}𝑀𝑐

𝑚=1, where
𝑚,𝑐 ⊆ {𝐪(𝑖),𝑐}𝑖∈𝑐

𝑡𝑟
denotes the 𝑚th cluster arising from the spike count

ctivations of the random subsample drawn from the training instances
redicted to belong to class 𝑐. To compute the dissimilarity between
pike count vectors we select the 𝐿1 norm (also referred to asManhattan
istance) between two vectors (line 8), namely:

(𝐪(𝑖),𝑐 ,𝐪(𝑗),𝑐 ) =
𝑁𝐿
∑

𝑛=1
|𝑞(𝑛, 𝐿, (𝑖), 𝑐) − 𝑞(𝑛, 𝐿, (𝑗), 𝑐)|, (3)

s its behavior in high-dimensional spaces is known to behave better
han other alternatives, e.g., the Euclidean norm [52]. Finally, all sam-
les in every cluster 𝑚,𝑐 are aggregated to obtain an archetype 𝐪𝑚,𝑐,⊙
line 11), which is considered the representative spike count pattern
f all samples in the corresponding cluster. We do so by devising a
unction 𝐪𝑚,𝑐,⊙ = 𝑓𝑎𝑔𝑔(

𝑚,𝑐 ), which can be chosen to be any aggregation
trategy that allows for a variable-size set of spike count patterns in
heir argument, e.g. the mean, the median or any other statistic alike.

After computing the archetypes of every cluster and class 𝐪𝑚,𝑐,⊙,
he OoD detection process is ready to process each new query or test
ample 𝐱 fed to the model. First, its prediction 𝑦̂ is output by the trained
NN model (line 13). Along the inference process, spike trains 𝐬𝑛,𝐿,𝐱 are
ollected at the last layer of the network (line 14), from where spike
ounts vectors 𝐪𝐱,𝑦̂ = {𝑞(𝑛, 𝐿, 𝐱, 𝑦̂)}𝑁𝐿

𝑛=1 are computed (line 15). Next, an
core is assigned to the test instance by using a scoring function (line
6):

𝑂𝑜𝐷(𝐪𝐱,𝑦̂) = min
𝑚∈{1,…,𝑀 𝑦̂}

𝑑(𝐪𝐱,𝑦̂,𝐪𝑚,𝑦̂,⊙) (4)

namely, the minimum 𝐿1 distance between the spike count pattern 𝐪𝐱,𝑦̂
of test instance 𝐱 and the archetypes 𝐪𝑚,𝑦̂,⊙ for 𝑚 ∈ {1,… ,𝑀 𝑦̂} com-
puted for its predicted class 𝑦̂. Finally, the value of 𝑓𝑂𝑜𝐷(𝐪𝐱,𝑦̂) is used to
decide whether instance 𝐱 belongs to the in- or the out-distribution (line
17). If the score is greater than a certain class-conditional threshold 𝜆𝑦̂,
he sample is considered as an out-of-distribution sample, declaring the
ample from the in-distribution otherwise:

belongs to
{

in-distribution if 𝑓𝑂𝑜𝐷(𝐪𝐱,𝑦̂) ≤ 𝜆𝑦̂,
out-distribution if 𝑓𝑂𝑜𝐷(𝐪𝐱,𝑦̂) > 𝜆𝑦̂.

(5)

3.3. Local relevance attribution method

In case the query instance 𝐱 is declared not to belong to the
in-distribution, the SCP-based detector is complemented by a local
attribution-based explanation technique. This explanatory technique is
7

local, as it operates over a given test instance towards generating a p
relevance attribution vector 𝐡(𝐱) ∈ R𝐷, where each component ℎ𝑑 (𝐱)
uantifies the importance of each feature of the input when detecting
t as an OoD sample.

The steps of this local attribution method are schematically illus-
rated in Fig. 4 and detailed in Algorithms 2 and 3. In the following, we
efer as input layer to the first fully-connected layer of the SNN network.
n the case a feature extractor (e.g. a convolutional layer) is preceding
hat fully connected stage, the input layer will refer to the output of
he feature extractor.

The core ideas driving the design of this method are two: on one
and, we aim to reproduce the detector’s procedure to detect OoD sam-
les in the input space of the SNN rather than in the latent space where
he detection is done (namely, the 𝐿th layer prior to the softmax); on
he other hand, since an attribution is sought, the method must account
or the influence of each input feature on the aforementioned latent
pace. The latter is achieved by propagating the spike counts used for
oD detection at layer 𝐿 back to layer 1 by using the weight matrices
[𝑙] ∶ 𝑙 ∈ [1, 𝐿− 1] of the network; and the former is achieved using a

1 distance over the backpropagated spike counts. Here, 𝑙 is the layer
ndex.

The local attribution mechanism proceeds as follows: first, we back-
ropagate the spike counts of both the input 𝒒𝐱,𝑦̂ and the centroid 𝒒𝑚,𝑦̂,⊙
o the input layer using the weight matrices 𝑾 [𝑙]. This is accomplished
y recurrently applying a function 𝑓𝑏𝑝 defined as:

𝐱,𝑦̂,[𝑙−1] = 𝑓𝑏𝑝(𝑾 [𝑙], 𝒒𝐱,𝑦̂,[𝑙]) = 𝑾 [𝑙]⊤ ⋅ 𝒒𝐱,𝑦̂,[𝑙], (6)

here we extend previous notation1 with superindex [𝑙] to indicate
hat spike counts correspond to layer 𝑙 ∈ {1,… , 𝐿 − 1}. This function
an be viewed as the mapping of the spike counts of one layer to the
pace of the previous layer. Specifically, the spike counts are multiplied
y the transpose 𝑾 [𝑙]⊤ of the weight matrix at layer 𝑙. This operation
imultaneously transforms the spike counts at the output of the layer
ack to its inputs, and implicitly implements a branching process
imilarly to what occurs in the backward pass of gradient calculus over
omputational graphs. Therefore, recurrently applying this function
ver all layers between the penultimate layer (𝐿−1) and the input layer
𝑙 = 1), we end up with the spike counts mapped to the input space,
btaining what we have called the reconstruction of the spike counts
n the input space. This operation is described in Algorithm 2, which
erforms this mapping.

Algorithm 2: Reconstruction of spike counts at the input layer
Data: Weight matrices 𝑾 [𝑙], spike counts 𝒒𝐱,𝑦̂,[𝐿], function to

map spike counts to previous layer 𝑓𝑏𝑝(.)
Result: Spike counts mapped to input space 𝒒𝐱,[1]𝑟𝑒𝑐 ∈ R𝐷

1 𝒒𝐱,[𝐿−1]𝑟𝑒𝑐 = 𝑓𝑏𝑝(𝑾 [𝐿], 𝒒𝐱,𝑦̂,[𝐿])
2 for 𝑙 ∈ {𝐿 − 2,… , 1} do
3 𝒒𝐱,[𝑙]𝑟𝑒𝑐 = 𝑓𝑏𝑝(𝑾 [𝑙+1], 𝒒𝐱,[𝑙+1]𝑟𝑒𝑐 )

4 Let 𝒒𝐱,[1]𝑟𝑒𝑐 = {𝑞𝐱,[1]𝑟𝑒𝑐,𝑑}
𝐷
𝑑=1

5 for 𝑑 ∈ {1,… , 𝐷} do
6 𝑞𝐱,[1]𝑟𝑒𝑐,𝑑 = max(𝑞𝐱,[1]𝑟𝑒𝑐,𝑑 , 0)

It is important to remark the reason behind the maximum or ReLU
operation done in the last step of Algorithm 2. To obtain a reasonable
attribution, our goal is to reproduce the operating conditions of our
detector, but in the input space rather than in the latent space. As LIF
neurons are in use (whose output can be either a spike or nothing),
when we integrate them in time (computing the spike counts) we will
always obtain a positive or a 0 value, even if the weights arriving
a neuron are all negative i.e. inhibitory. Therefore, to imitate this
behavior when backpropagating static values (counts), negative values
obtained from Expression (6) should be set to zero.

1 Accordingly, the spike counts 𝒒𝐱,𝑦̂ over which OoD detection is done as
er Algorithm 1 should be denoted as 𝒒𝐱,𝑦̂,[𝐿].
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Fig. 4. Schematic description of the local attribution method. Here, h, w and f refer to height, width and filters respectively.
Algorithm 3: Construction of the relevance attribution vector
Data: Weight matrices 𝑾 [𝑙], spike counts 𝒒𝐱,𝑦̂,[𝐿] and the

closest centroid 𝒒𝑚′ ,𝑦̂,⊙ among {𝒒𝑚,𝑦̂,⊙}𝑀 𝑦̂

𝑚=1 resulting from
Algorithm 2

Result: Relevance attribution vector 𝒉(𝐱) ∈ R𝐷

1 Use Algorithm 2 to obtain 𝑠;
2 Repeat Algorithm 2 to extract the reconstructed centroid

𝒒𝑚
′ ,𝑦̂,⊙,[1]

𝑟𝑒𝑐 from 𝑚′ ,𝑦̂ for the closest centroid 𝑚′ ∈ {1,… ,𝑀 𝑦̂}
to 𝒒𝐱,𝑦̂,[𝐿];

3 for 𝑑 ∈ {1,… , 𝐷} do
4 ℎ𝑑 (𝐱) = |𝑞𝐱,[1]𝑟𝑒𝑐,𝑑 − 𝑞𝑚

′ ,𝑦̂,⊙,[1]
𝑟𝑒𝑐,𝑑 ;

Second, after obtaining the reconstructions 𝒒𝐱,[1]𝑟𝑒𝑐 and 𝒒𝑚
′ ,𝑦̂,⊙,[1]

𝑟𝑒𝑐
where 𝑚′ stands for the closest centroid to the spike counts corre-
ponding to sample 𝐱), we seek how to reproduce the OoD detector’s
peration in this input space. To this end we resort to a 𝐿1 distance
s in Expression (3) so as to compute the absolute difference of each
eature of both reconstructions, namely:

𝑑 (𝐱) =
|

|

|

𝑞𝐱,[1]𝑟𝑒𝑐,𝑑 − 𝑞𝑚
′ ,𝑦̂,⊙,[1]

𝑟𝑒𝑐,𝑑
|

|

|

, ∀𝑑 ∈ {1,… , 𝐷}, (7)

.e., the relevance attribution vector results from the application of the
ame 𝐿1-based OoD detection criterion used in the proposed SCP-based
pproach, yet in the reconstruction of the spike counts in the input
pace.

To end with the description of the proposed relevance attribution
echnique, it is important to note that, depending on how the input
ata is encoded to the hierarchy of fully-connected LIF neural layers, an
dditional step would be needed to map 𝐡(𝐱) (namely, a 𝐷-dimensional
ector) to the dimensions of the original data. We exemplify this
dditional operation by describing two cases:

Let us assume that 𝐱 is an image, so that it is input to the network
by means of a fully-connected input layer with as many LIF neurons
as the number of pixels and channels of the image. In this case,
𝐡(𝐱) should be unflattened in the same order as the one followed to
serialize the input image into the network.
If a convolutional layer is used to extract features from the input
image, the dimension 𝐷 of the relevance attribution network depends
on the size of the convolutional filters and their cardinality. In this
case, the rearrangement of the relevance attribution vector operates
8

first by rearranging its components to the shape of the feature maps
of the convolutional layer, yielding a three-dimensional tensor-like
structure with width and height equal to the size of the convolutional
filters, and with depth equal to the number of convolutional filters.
Then, we perform a depth-wise aggregation of this tensor. Finally, the
obtained map is scaled up by interpolation to generate a relevance
attribution heatmap with the size of the original input image.

4. Experimental setup

In order to examine the performance of the proposed detection and
attribution techniques, we design a comprehensive experimental setup
using SNNs for image classification, aimed to inform with empirical
evidence the responses to the following research questions:

• RQ1: Does the proposed SCP-based detector perform competitively
when compared to post-hoc OoD detectors from the literature adapted
to SNN architectures?

• RQ2: How does the SCP-based detector perform when fused with
other adapted OoD detection methods?

• RQ3: Does the local relevance attribution method yield informative
explanations about the features that make a given sample be detected
as OoD? Which are the limitations of this explainability technique?

The design of the experiments devised to answer the above ques-
tions include the definition of the SNN architectures (Section 4.1),
the in-distribution and out-distribution datasets under consideration
(Section 4.2), the OoD methods selected for comparison and the scores
used to measure their performance (Section 4.3), and the methodology
followed to qualitatively validate the relevance attribution vectors
generated for OoD samples by the proposed SCP-detector (Section 4.4).
In what follows, details about these design choices are given. All scripts
and notebooks producing the results reported in this manuscript have
been made publicly available in a GitHub repository (https://github.
com/aitor-martinez-seras/OoD_on_SNNs).

4.1. Considered SNN architectures

We start describing the experimental setup by the specific imple-
mentation of the SNN under consideration. SNNs comprise a very
wide research field that lies in between Neuroscience and ML. Hence,
some SNN variants are designed departing from the bio-plausibility
perspective, attempting to make a machine simulate faithfully the bio-
logical brain, neurons and its synapses. Other variants, however, pursue

https://github.com/aitor-martinez-seras/OoD_on_SNNs
https://github.com/aitor-martinez-seras/OoD_on_SNNs
https://github.com/aitor-martinez-seras/OoD_on_SNNs
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Table 1
SNN architectures considered in the experiments for gray-scale datasets. Each layer is defined by a number and some letters,
which respectively define the number of neurons and the type of connections. Each layer is separated by a hyphen. 𝐄 denotes
Poisson encoding neurons, fc stands for fully connected neurons, conv means convolutional filters and Flt refers to a flatten.
The subscript of the last two defines the voltage threshold 𝜗th of the LIF neurons. In the last layer only leaky integrators
(LI) are used, followed by a SoftMax activation, being the number of output neurons equal to the number of classes in the
in-distribution dataset.

Network type Reference Architectures

Fully Connected SNN
(FC-SNN)

𝐹𝐶1 784𝐄 − 200𝐟𝐜0.25 −𝑳𝑰
𝐹𝐶2 784𝐄 − 300𝐟𝐜0.25 − 200𝐟𝐜0.25 −𝑳𝑰

Convolutional SNN
(CNN-SNN)

𝐶𝑁𝑁1 784𝐄 − 20𝐜𝐨𝐧𝐯0.2avgpool − 50𝐜𝐨𝐧𝐯0.2 − 𝐹 𝑙𝑡 − 300𝐟𝐜0.1 −𝑳𝑰
𝐶𝑁𝑁2 784𝐄 − 20𝐜𝐨𝐧𝐯0.2avgpool − 50𝐜𝐨𝐧𝐯0.2 − 𝐹 𝑙𝑡 − 500𝐟𝐜0.1 − 300𝐟𝐜0.05 −𝑳𝑰
w
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SNNs capable of solving complex modeling tasks due to their inherent
advantages rather than the biological plausibility of the dynamics and
neurons used. The latter design criterion has dominated this area in
recent times due to the need for more efficient ML algorithms. As a
result, a great variety of SNN frameworks are nowadays available [53].
Although some of them seek a realistic simulation of the human brain,
others offer simpler albeit more effective SNN implementations for
data-based modeling, in terms of the depth of the networks that can
be trained and the complexity of the tasks they can tackle.

As stated in the introduction, our experiments focus on practical
fully-spiking SNN implementations, namely, networks that are trained
and run entirety on data encoded as temporal spikes. Specifically, we
use 2nd order LIF neurons that account for synaptic conductance. By
denoting the membrane voltage as 𝜗 and the synaptic current as 𝜁 ,
these decay over time at rates 𝜏𝑚𝑒𝑚 and 𝜏𝑠𝑦𝑛, respectively. The ordinary
ifferential equations that are integrated over time (in discrete time
teps) are [54]:

̇ = 1∕𝜏mem(𝜗leak − 𝜗 + 𝜁 ), (8)

𝜁̇ = −1∕𝜏syn𝜁, (9)

ogether with the jump condition:

= 𝛩(𝜗 − 𝜗th), (10)

nd transition equations:

= (1 − 𝑧)𝜗 + 𝑧 ⋅ 𝜗reset, (11)

𝜁 = 𝜁 + 𝜁in, (12)

here 𝜗th defines the membrane voltage that, when exceeded, leads to
he emission of a spike; 𝑧 is a variable taking value 1 if the neuron
oltage surpasses 𝜗th (0 otherwise); 𝜗leak refers to a constant voltage
alue that is leaked from the neuron; 𝛩(⋅) stands for the Heaviside
tep function that returns value 1 when the threshold is surpassed; and
reset is the value of voltage that is set when the latter happens. A SNN
ramework that features this LIF model is Norse [55], which runs on
op of PyTorch and provides rate-based encoding strategies, LIF-based
nd Izhikevich neuron models, and the SuperSpike training algorithm
entioned in Section 2.2.

We have tested our method over two different types of SNN archi-
ectures for image classification: a Fully Connected (FC) architecture
nd a Convolutional Neural Network (CNN) architecture. In both cases,
he encoder used to translate pixel values to spike trains is the so-
alled Poisson encoder, whereas neuron models are LIF (intermediate
eurons) except for the output layer, which utilizes Leaky Integrators
LI) followed by SoftMax. LI cells are similar to LIF neurons, but never
ire: they only accumulate voltage. Parameters for both types of cells
re 𝜗leak = 0, 𝜗reset = 0, 𝜏mem = 0.005 ms−1, and 𝜏syn = 0.01 ms−1.
hese parameters are identical for all cells in the SNN, except for the
oltage threshold 𝜗th, which is specified layer-wise in Tables 1 (gray-
cale datasets) and 2 (color datasets) along with the architectures of
he networks in use for every case. Information in these tables can be
nterpreted as explained in their captions.

All gray-scale models are trained for 5 epochs using an Adam solver
9

ith learning rate equal to 0.002. The simulation time 𝑇 is 50 ms,
hereas the time step duration 𝛥𝑇 is 1 ms, hence yielding 50 time steps
er sample. For the model used over color datasets, the simulation time
s expanded to 64 time steps per sample, whereas AdamW optimizer was
sed for a total of 75 epochs.

.2. In-distribution and out-distribution datasets

In order to evaluate the performance of the proposed SCP-based
etector, we have followed common practice in the literature related to
oD detection. Consequently, datasets of well-known image classifica-

ion tasks have been considered as in-distribution datasets. Specifically,
or the gray-scale datasets we have used 28 × 28 centered images:
he MNIST dataset [56], composed by 60,000 images of handwritten
mages with 10 classes (digits from 0 to 9); Fashion MNIST [57],
hich comprises 60,000 images of 10 different classes of clothes;
MNIST [58], consisting of 60,000 images of Japanese characters
Kanjis), each belonging to one among 10 classes; and finally, EMNIST
etters [59], which provides 145,000 images of 26 types of letters
f the Latin alphabet. In the case of color images, CIFAR10 and SVHN
re used, composed by 32 × 32 images and 10 classes each, the former
omprising animals and vehicle classes and the latter house numbers
rom 0 to 9 obtained from Google Street View images. In addition,
he techniques are evaluated over neuromorphic image classification
atasets, i.e., datasets whose examples are composed by event-based
ata coming, for example, from a DVS. The selected in-distribution
atasets are NMNIST [60], a spiking version of the original frame-

based MNIST dataset; and DVSGesture [61], a dataset created for
developing a gesture recognition system with 11 hand gestures from
29 subjects under 3 illumination conditions.

When it comes to out-of-distribution datasets, we consider all possi-
ble combinations of pairs of the in-distribution datasets defined above,
establishing one of them as the dataset over which the SNN is trained,
and querying the trained SNN with the others, independently done
for the gray-scale, color and neuromorphic datasets. For the sake of
a wider experimental coverage, we have added several additional out-
of-distribution datasets for both gray-scale and RGB cases. For the first
case, we have considered notMNIST [62], which gathers font glyphs
extracted for the letters A through J; omniglot [63], which amounts
to 1,623 different handwritten characters from 50 different alphabets;
and CIFAR10-BW, the black-and-white rescaled version (to 28 × 28
pixels) of the CIFAR10 dataset [64]. As a result, the SNN trained for
every in-distribution dataset will be queried with images drawn from
6 different out-of-distribution datasets. In all cases, the OoD dataset
is reduced to a uniform stratified sample of 10,000 samples. For the
case of colored datasets, we add Food101, consisting of 101 food
categories; LSUN (crop) and LSUN (resize), 2 small subsets of the
LSUN scene classification dataset, the former composed by randomly
cropping image patches of size 32 × 32 and the latter by downsampling
each image to size 32 × 32; Flowers102, 102 categories of commonly
occurring plants of United Kingdom; Caltech101, a collection of
pictures of objects belonging to 101 classes; GTSRB, which comprises
43 classes of German traffic signs; TinyImageNet, a smaller version
of ImageNet with 200 classes and images downsampled to 64 × 64

picels; EuroSAT, a land cover classification dataset using Sentinel-2
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Table 2
SNN architectures considered in the experiments for color datasets, following the same structure and legend
as in Table 1. The new keyword cpa refers to a Lonvolutional layer with padding equal to 1 and average
pooling.

Network type Reference Architectures

Convolutional SNN
(CNN-SNN)

𝐶𝑁𝑁𝑟𝑔𝑏 784𝐄 − 32𝐜𝐩𝐚0.25 − 64𝐜𝐩𝐚0.2 − 128𝐜𝐩𝐚0.1 − 𝐹 𝑙𝑡 − 2048𝐟𝐜0.1 − 100𝐟𝐜0.1 −𝑳𝑰
satellite images; and finally, DTD, which is composed by images of 47
classes of different textures. Finally, we consider as OoD neuromorphic
datasets CIFAR10DVS [65], the neuromorphic version of CIFAR10;
and DVSLip [66], an event-based lip-reading dataset.

4.3. Methods for comparison and performance scores

For comparison purposes, to the best of our knowledge there is
unfortunately no OoD detector specifically designed for SNNs. Conse-
quently, our benchmark considers post-hoc OoD techniques that essen-
tially rely on the output of the neural network being monitored, either
the logits or the output of the softmax activation2. In the case of the
SNN architectures selected for our experimentation, logits correspond
to the maximum voltage reach by every LI cell during the simulation
time. The methods against which the SCP-based detector is compared
include the Baseline method [14], ODIN [15] and the energy-based
approach presented in [19]. The Baseline method is does not require
any parameter tuning, whereas ODIN and the energy-based method
are governed by several parameters such as the temperature or the
input preprocessing (in the case of ODIN). Values of these parameters
must be properly set in order to obtain good results. To this end, for
the energy-based detector we follow the study in [19] that states that
can be used parameter-free by defining 𝑇 = 1. For the temperature
parameter of ODIN, as there is not such option, we have instead
evaluated several temperature values for each (in-distribution,out-of-
distribution) dataset combination, reporting on the configuration that
yields the best performance in each case. For the input preprocessing,
no perturbation is used, as its influence is minor when compared with
temperature (as derived in [15]) and it depends on gradients which,
for a fully-spiking SNN, can only be approximated.

Regarding the configuration of the proposed SCP-based detector,
the subset of instances of each class used for the characterization of
the spike count patterns is formed by 𝑃 = |𝑐

𝑡𝑟| = 1000 samples per
class. Agglomerative hierarchical clustering was used to extract clusters
from the spike counts of all training instances used for characterization.
As for the creation of the centroids, a median statistic was selected as
the aggregation function 𝑓𝑎𝑔𝑔(⋅), which is robust against spike count
outliers. Finally, the threshold for each class 𝜆𝓁 is selected utilizing a
subset of 1000 samples per class extracted from the training data and
different from the ones used for the creation of the centroids. To do
so, the OoD scores are computed and the threshold 𝜆𝑐 is defined as the
value that yields a target percentage of that class-wise subset that will
be correctly classified as in-distribution.

To quantify the capability of the counterparts in the benchmark to
detect OoD samples, several scores used in the literature related to OoD
detection are measured:

• FPR95 (False Positive Rate at 95% True Positive Rate), that is, the rate
of OoD samples wrongly classified as positive (in-distribution) when
the True Positive Rate (TPR) is 95%. Here, TPR and FPR are defined
in the usual way for binary classification, i.e., TPR = TP∕(TP+FN) and
FPR = FP∕(FP+TN). In what follows a TP refers to an in-distribution
sample correctly classified as such, whereas a TN stands for an OoD
sample detected correctly by the OoD detector at hand.

2 Other more recent approaches are not included because their implemen-
tation is not straightforward for fully-spiking architectures (Rankfeat [24]),
nor have offline tests with these methods reported good detection scores that
compensate for their high computational complexity (GradNorm [22]).
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Fig. 5. Datasets for the experiments related to the quality of relevance attribution
heatmaps.

• AUROC (Area Under the Receiver Operation Characteristic curve), which
is a threshold-independent score for binary classification that can be
regarded as the probability that the model ranks a random positive
example with higher score than a random negative example. It is
defined as TPR∕FPR.

• AUPR (Area Under the Precision-Recall curve), another threshold-
invariant score closely related to AUROC. The precision–recall curve
is given by the relationship between TP∕(TP+FP) (precision) and TPR
(recall).

4.4. Evaluating the quality of the relevance attribution method

When aiming to inform an answer to RQ3, there is no standardized
way to measure the quality of explanations provided by a relevance
attribution technique like the one proposed in this manuscript. To over-
come this, we opt for evaluating our method against out-distribution
datasets whose instances are built from in-distribution samples with
imprinted visual artifacts. Since such artifacts are a priori known to
be the parts of the image that push most the input sample towards the
out-distribution, the relevance attribution technique should highlight
such artifacts in the produced heatmap for the image at hand. In
other words, if the difference between two samples is a certain extra
and/or missing feature, our relevance attribution method should focus
on them when performing OoD detection, and therefore should be
clearly distinguishable in the heatmap.

In doing so, MNIST will be used as in-distribution dataset, whereas
out-of-distribution datasets used for the qualitative attribution assess-
ment include (i) MNIST-Square, that is, the MNIST dataset with
a square of 5 × 5 pixels placed randomly in one of the corners of
the image (with a separation to the border of the image of 2 pixels);
and (ii) MNIST-C [67], another MNIST-based dataset that includes
several modifications made to the digits. Specifically, we use the zig-zag
corruption pattern in our experiments. An example showing the three
datasets used in our experiments related to RQ3 is depicted in Fig. 5.

To correctly visualize the heatmaps, an appropriate plot range must
be selected previously. To that end, a random sample is extracted
from the training set and its heatmaps are computed. Then, from the
pixel values of all the heatmaps, the maximum value and the 𝑞th
quantile value are obtained, where 𝑞 is the TPR selected to define
the threshold. The maximum of the visualization range will be the
calculated maximum value and the minimum will be the 𝑞th quantile
value. The size of the random sample used to compute these maximum
and quantile values is set to 100 examples.
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Table 3
OoD detection scores obtained for the gray-scale FC-SNN architecture. The arrow next to every score indicates whether higher (↑) or lower (↓) values correspond to a better
detection performance.

ID dataset OoD dataset AUROC ↑ AUPR ↑ FPR95 ↓

SCP
(proposed)

Baseline ODIN Energy SCP
(proposed)

Baseline ODIN Energy SCP
(proposed)

Baseline ODIN Energy

MNIST
(96% acc)

FMNIST 92.91 74.19 74.19 39.71 91.41 65.67 65.67 41.12 23.15 76.34 76.34 93.00
KMNIST 95.26 80.97 80.97 60.83 95.47 76.68 76.68 55.30 21.84 72.40 72.40 89.06
Letters 88.38 84.25 84.25 69.17 88.83 83.31 83.31 65.79 50.33 71.15 71.15 89.40
notMNIST 99.29 64.42 64.42 20.67 99.25 57.59 57.59 34.39 02.59 86.29 86.29 97.62
omniglot 72.91 93.61 95.89 95.80 75.06 94.07 95.98 95.91 88.54 44.10 24.81 24.90
CIFAR10-BW 99.60 80.13 80.13 16.92 99.58 78.94 78.94 33.34 00.96 80.51 80.51 99.68

FMNIST
(84% acc)

MNIST 92.73 86.77 96.02 97.34 93.72 85.64 95.77 97.66 36.62 46.19 17.18 15.90
KMNIST 86.23 78.79 88.37 87.29 85.90 81.75 88.76 87.73 50.72 79.00 57.01 65.11
Letters 92.64 81.27 92.34 93.15 93.37 80.06 91.80 93.92 34.79 62.97 34.68 44.99
notMNIST 98.53 61.80 61.80 43.30 98.97 62.28 62.28 44.74 02.67 93.22 93.22 95.99
omniglot 79.25 92.16 98.07 98.70 81.49 91.61 98.16 98.98 78.62 30.63 08.01 06.00
CIFAR10-BW 97.10 55.22 55.22 33.38 97.64 60.05 60.05 40.33 12.62 94.70 94.70 98.99

KMNIST
(87% acc)

MNIST 63.24 84.27 85.68 82.44 63.51 87.37 88.50 85.76 86.84 57.08 49.65 63.59
FMNIST 72.11 76.58 76.58 46.86 67.25 78.31 78.31 49.50 63.47 70.38 70.38 90.74
Letters 75.64 85.16 86.51 83.09 73.47 88.26 89.29 86.10 74.25 54.76 47.28 60.32
notMNIST 96.66 67.35 67.35 38.70 96.72 67.66 67.66 43.82 08.95 80.90 80.90 96.04
omniglot 54.15 94.43 96.66 96.38 57.38 95.57 97.57 97.32 97.21 18.64 05.19 08.02
CIFAR10-BW 95.01 79.94 79.94 45.68 95.35 82.60 82.60 55.28 16.55 65.71 65.71 99.41

Letters
(86% acc)

MNIST 72.58 78.58 81.31 81.34 72.57 77.01 79.94 80.35 85.30 74.11 66.35 67.72
FMNIST 88.78 71.64 71.64 34.47 87.66 72.07 72.07 39.68 37.67 87.27 87.27 92.98
KMNIST 87.53 77.76 77.76 66.62 87.40 76.22 76.22 61.94 49.27 78.00 78.00 82.41
notMNIST 98.48 58.33 58.33 24.81 98.32 54.19 54.19 35.51 06.12 93.57 93.57 98.01
omniglot 77.47 94.86 97.72 97.88 80.72 95.22 97.83 97.92 86.92 28.63 12.27 10.51
CIFAR10-BW 98.81 53.28 53.28 07.80 98.88 53.48 53.48 32.55 03.94 97.97 97.97 99.89
5. Results and discussion

This section presents the results obtained from the experiments,
along with an analysis that leads to answers to the previously intro-
duced research questions: RQ1 (Section 5.1), RQ2 (Section 5.2) and
RQ3 (Section 5.3). The latter includes a short analysis of the limitations
that the relevance attribution maps produced by our proposed detector
undergo in regards to the complexity of the SNN network structure, as
well as the visual features observed by the trained SNN.

5.1. RQ1: Does the proposed SCP-based detector perform competitively
when compared to post-hoc OoD detectors from the literature adapted to
SNN architectures?

This question will be answered differentiating three types of
datasets, each with its own dedicated subsection: Section 5.1.1 for gray-
scale datasets, Section 5.1.2 for color datasets and Section 5.1.3 for
neuromorphic datasets.

5.1.1. Gray-scale datasets
Scores obtained to address RQ1 are shown in Tables 3 and 4 for the

ray-scale datasets and in Table 5 for the color datasets. In all tables,
ark gray shaded cells indicate, for each dataset configuration and
core, the winning approach among the four OoD detection methods
nder comparison. Likewise, light gray shaded cells correspond to the
econd best method in terms of AUROC score (in general the ranking
f the methods in the benchmark as per this score is maintained for the
est of scores).

We start by discussing on the results for the gray-scale datasets.
everal observations can be done by examining the results correspond-
ng to the FC-SNN model (Table 3). First, the proposed SCP-based
oD detection method achieves in general better detection scores,

pecially for the MNIST and Letters datasets. Only results obtained
for omniglot are worse for the SCP-based approach than for the rest
of methods in the benchmark. In the case of the KMNIST dataset, the
SCP-based detector dominates the comparison only when notMNIST
and CIFAR10-BW are used as out-distribution datasets. Another in-
teresting fact is that the scenarios where our devised method achieves
11
the best results, all other logit-based OoD detectors fall apart, scoring
significantly worse. Conversely, when any logit-based method performs
better than our method, our proposal is never ranked second within
the benchmark. This suggests that OoD predictions issued by the SCP-
based detector succeed at rectifying those produced by logits-based
approaches when they are fused together.

Another observation is that there are some cases where ODIN and
Baseline methods perform equally. The reason is that, as explained
in Section 4.3, several values of the temperature parameter for each
combination of datasets have been tested, reporting in all cases the
best score. This could occur for a temperature value equal to 1, which
would effectively convert ODIN into the Baseline method. Actually, this
occurs in the cases where our method clearly dominates the benchmark,
supporting the idea that logits are not suitable for detecting OoD
samples in some cases.

We now shift the focus of the discussion on the results for the
CNN-SNN architecture shown in Table 4. In this second experiment,
our method outperforms the rest of competing OoD detectors in a
wider number of cases. Exceptions are Letters and KMNIST datasets,
especially the latter where the SCP-based detector only performs best
in 1 out of 6 OoD datasets. Furthermore, performance gaps in those
cases where it dominates the rest of the benchmark are small. It is also
worth noting that, although our proposal attains superior results in less
cases than in the FC-SNN architectures, the differences to the winning
OoD technique are not that large in those cases.

The smaller performance gaps observed in this second set of exper-
iments call for a further examination of their statistical significance.
To this end, we resort to two different methodologies widely used by
the community for the purpose, and apply them to the AUROC scores
reported in Tables 3 and 4:

• A critical distance diagram [68], which employs a post-hoc Nemenyi
test to compute a critical distance value; if the average rankings of
two methods as per the paired score values achieved across different
cases are separated by more than the critical distance value, they can
be considered to perform significantly different to each other. Oth-
erwise, if their average ranks differ in less than the critical distance,
they are declared to be statistically equivalent.
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Table 4
OoD detection scores obtained for the gray-scale CNN-SNN architecture.

ID dataset OoD dataset AUROC ↑ AUPR ↑ FPR95 ↓

SCP
(proposed)

Baseline ODIN Energy SCP
(proposed)

Baseline ODIN Energy SCP
(proposed)

Baseline ODIN Energy

MNIST
(97% acc)

FMNIST 92.83 91.64 93.00 91.51 94.53 92.86 93.38 91.92 49.60 54.75 37.87 44.60
KMNIST 97.23 89.64 90.23 88.33 97.75 90.25 90.51 88.67 13.36 57.13 50.88 58.52
Letters 92.03 86.04 87.35 86.06 91.19 85.42 86.85 85.75 34.75 63.65 57.05 62.21
notMNIST 97.10 87.42 88.48 88.04 97.56 86.54 87.60 87.57 17.57 61.43 54.74 58.59
omniglot 96.91 89.16 90.67 90.06 97.46 88.51 89.78 89.21 15.83 55.73 45.24 48.25
CIFAR10-BW 94.05 94.83 96.86 95.04 95.84 96.16 97.53 96.19 49.57 45.15 22.29 41.23

FMNIST
(77% acc)

MNIST 97.45 49.83 65.76 82.50 97.97 52.79 65.84 80.07 09.34 95.10 88.00 51.39
KMNIST 97.57 68.51 79.60 88.70 98.09 70.75 80.63 88.06 09.92 87.96 79.97 48.09
Letters 96.16 53.63 66.31 78.39 96.72 52.99 63.30 74.03 17.64 91.64 85.06 58.87
notMNIST 95.95 65.24 72.27 73.41 95.52 63.03 68.60 70.38 15.00 87.33 87.46 85.95
omniglot 97.68 61.10 74.49 86.62 97.67 61.21 72.73 83.80 06.35 91.50 82.96 44.55
CIFAR10-BW 92.14 83.39 91.23 87.03 92.79 85.41 92.73 89.22 36.89 70.20 61.87 75.06

KMNIST
(87% acc)

MNIST 83.96 84.85 86.49 86.43 86.07 87.97 88.91 88.82 56.50 61.79 51.07 53.44
FMNIST 60.07 74.17 76.94 73.53 63.41 70.51 72.70 70.29 89.34 76.99 66.97 78.09
Letters 82.26 84.26 87.30 87.01 82.34 86.75 88.98 88.57 55.23 61.34 46.21 48.33
notMNIST 83.06 84.53 86.99 84.72 84.29 85.52 85.99 83.99 55.66 58.34 42.38 52.86
omniglot 92.93 84.43 87.78 87.35 93.89 86.33 89.11 88.47 25.60 59.33 43.72 46.16
CIFAR10-BW 47.35 85.66 92.24 85.36 54.90 89.30 94.10 89.43 99.27 64.13 32.33 69.18

Letters
(82% acc)

MNIST 75.90 75.36 75.55 75.49 77.47 79.47 78.71 78.41 81.93 88.74 90.63 91.35
FMNIST 79.06 76.23 76.23 64.47 84.18 82.24 82.24 69.43 84.80 88.46 88.46 90.42
KMNIST 86.15 77.05 79.11 74.91 88.61 79.43 81.07 77.74 68.37 82.22 86.67 92.81
notMNIST 83.35 65.74 65.74 62.31 84.62 66.67 66.67 67.12 66.84 91.88 91.88 96.61
omniglot 91.57 78.36 84.53 85.18 92.61 80.94 85.64 86.06 43.95 79.14 69.93 68.46
CIFAR10-BW 67.49 77.56 77.56 49.36 76.24 84.09 84.09 64.09 99.69 93.68 93.68 99.96
Fig. 6. Critical distance diagrams computed over the AUROC results across the cases considered in the experiments for (a) FC- and (b) CNN-SNN architectures. The value of the
ritical distance is shown on top of every diagram. Horizontal lines connecting the average rank markers of several detectors indicate that their average rankings cannot be claimed
o be different to each other with statistical significance.
A Bayesian posterior analysis of the differences between the paired
performance scores achieved by the techniques under comparison.
The work in [69] exposed that standard hypothesis testing was not
suitable for assessing the significance of performance differences
for a number of issues. Alternatively, they proposed to perform a
Bayesian sign test of the performance scores of two different tech-
niques, yielding an estimation of the probability that one technique
outperforms the other using the scores obtained by each of them over
all cases. The probability resulting from this analysis can be carried
out via Monte Carlo sampling and depicted in a system of barycentric
coordinates, in which three regions are distinguished: one where the
first OoD technique outperforms the second, a second one where the
second outperforms the first, and a third region reflecting practical
equivalence. This latter region delimits the probability that techniques
can be concluded to perform equivalently from the statistical point
of view, and depends on a parameter (rope) that establishes the
minimum difference between the scores of the OoD techniques for
considering their performance as significantly different. The value of
rope depends on the task being solved: in our case, rope is set equal
to AUROC = 1%.

Fig. 6 depicts the result of the first statistical significance study over
he results obtained for the (a) FC- and (b) CNN-SNN architectures. It
s straightforward to note that for both SNN architectures, our method
anks first on average, yet its dominance over the rest of methods
annot be concluded to be statistically significant. Therefore, it is
ecessary to perform a closer study between our SCP-based detector
12

nd the second best one, namely, ODIN.
This closer examination is done by performing a Bayesian analysis
of the differences following the methodology described above using the
AUROC scores of ODIN and the proposed SCP-based detector. Figs. 7a
and 7b show the results of this second significance study. When it
comes to the scores obtained for the FC-SNN architecture (Fig. 7a),
almost all Monte Carlo samples drawn from the adjusted Bayesian
posterior probability lie in between the regions where ODIN or the
SCP-based detector achieve better results. This means that none of
the methods perform equivalently, and one always outperforms the
other with statistical significance. This goes in line with the observation
made in the discussions on Table 3, where it was concluded that either
a logit-based approach or the proposed SCP-based detector performs
best in the majority of cases, being very few the scenarios where both
perform similarly. The Bayesian analysis reported in Fig. 7a informs
that the probability that our method performs better than ODIN is
approximately 73%, whereas ODIN is expected to perform better for
the remaining percentage.

We follow this second significance analysis by exploring the output
of the Bayesian analysis over the results obtained for the CNN-SNN ar-
chitecture. Fig. 7b clearly reveals that either our method performs bet-
ter (approximately 94%) or ODIN does (6%), whereas the probability
that both perform equivalently (rope region) is almost negligible.

5.1.2. Color datasets
Regarding the color datasets, the results are more evenly matched

as exposed by the scores reported in Table 5. However, conclusions ob-
tained are similar to the ones drawn for the experiments with gray-scale
datasets.
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Table 5
OoD detection scores obtained for the RGB CNN-SNN architecture.

ID dataset OoD dataset AUROC ↑ AUPR ↑ FPR95 ↓

SCP
(proposed)

Baseline ODIN Energy SCP
(proposed)

Baseline ODIN Energy SCP
(proposed)

Baseline ODIN Energy

CIFAR10

(65% acc)

Food101 71.65 62.69 68.10 67.45 70.30 64.06 70.12 69.80 81.56 91.49 89.99 92.31
LSUN (crop) 87.63 65.91 74.09 74.67 86.97 70.84 77.93 78.40 49.06 93.14 90.15 92.42
LSUN (resize) 69.54 65.65 72.80 74.46 68.95 67.01 74.21 74.97 84.18 89.11 86.81 84.59
Flowers102 75.77 62.79 68.71 67.75 75.04 64.71 70.93 70.32 75.59 92.47 90.54 91.84
Caltech101 67.02 61.79 65.88 66.47 64.47 63.75 67.90 68.58 83.81 92.52 91.53 91.79
GTSRB 78.76 67.03 71.81 69.12 78.10 70.41 75.42 73.61 69.49 92.11 91.38 91.71
SVHN 62.70 66.73 70.10 69.72 61.21 69.28 72.27 72.06 88.51 90.50 89.41 90.17
TinyImagenet 54.03 70.89 70.89 69.61 55.63 75.39 75.39 74.70 95.34 90.44 90.44 93.02
EuroSAT 65.88 66.49 70.00 69.56 64.91 68.73 71.43 70.70 85.69 90.04 88.96 89.60
DTD 61.43 76.86 81.76 73.19 63.91 80.22 85.12 83.92 90.60 84.28 83.95 80.71

SVHN
(75% acc)

Food101 61.73 61.95 63.97 65.64 59.24 61.54 64.94 67.58 84.89 91.49 92.71 92.55
LSUN (crop) 84.74 76.35 74.84 80.20 85.82 78.02 81.40 83.76 50.59 90.97 94.20 80.90
LSUN (resize) 73.20 77.39 81.73 82.80 76.87 90.41 85.49 86.29 73.95 86.09 86.75 77.49
Flowers102 80.47 74.29 77.92 81.32 81.66 79.00 82.68 84.66 60.79 90.28 93.20 78.76
Caltech101 80.94 73.85 77.24 78.39 82.75 78.50 81.86 82.42 60.35 89.45 91.97 84.31
GTSRB 81.82 73.74 77.02 79.88 82.23 78.34 81.85 83.45 56.24 93.60 90.09 82.10
CIFAR10 83.11 78.02 81.01 78.90 83.80 77.85 81.10 81.79 55.59 86.42 88.64 81.76
TinyImagenet 80.23 73.73 77.80 80.90 81.23 78.67 82.71 84.46 60.81 90.93 93.08 81.21
EuroSAT 79.06 74.02 77.73 80.47 79.38 78.53 82.25 83.87 60.84 89.79 92.32 80.48
DTD 81.16 74.11 77.69 81.01 92.85 78.78 82.39 84.42 56.75 81.61 81.61 78.89
Fig. 7. Posterior probability resulting from the Bayesian signed tests computed over the paired AUROC scores attained by ODIN and the proposed SCP-based detector with (a) the
FC-SNN architecture; (b) the CNN-SNN architecture.
Fig. 8. Critical distance diagram computed over the AUROC results across the cases
considered in the experiments for color datasets.

In general, the detection performance of all methods is worse than
in the previous set of experiments, due to the fact that the accuracy of
the model is significantly lower (approximately 65% and 70% for CI-
AR10 and SVHN, respectively). In these two in-distribution datasets,
CP outperforms the other detection methods over 5 out of the 10 out-
istribution datasets. This can be further observed in Figs. 8 and 9. In
he critical distance diagram, where obtained average rank is taken into
ccount, the winning method is (Free) Energy, but without statistical
ignificance as the distance of its average rank to that of ODIN and the
roposed SCP is smaller than the critical distance. Therefore, further
xploration is carried out by means of a Bayesian analysis, concluding
hat our method works significantly better than ODIN (approximately
2% of the times), while performing on par with Free Energy, as both
13

erform better than the other with equal likelihood (45%).
5.1.3. Neuromorphic datasets
Finally, we analyze the results obtained for the neuromorphic

datasets, which are summarized in Table 6. It can be observed that
the SCP-based detector clearly outperforms its competitors in all the ID
vs OoD combinations, except for the DVSGesture vs NMNIST, where
all datasets attain an optimal detection performance. In fact, our SCP
based detector obtains near-perfect scores (more than 99% AUROC)
when NMNIST is the in-distribution dataset.

Results are in line with expectations, as SNNs are by design well
suited for processing and modeling temporal data. Therefore, samples
of these neuromorphic datasets can be characterized more clearly in the
activations space than in the logit space, giving rise to a better latent
embedding for the spike count characterization performed by SCP.
5.2. RQ2: How does the SCP-based detector perform when fused with other
adapted OoD detection methods?

To inform this research question with evidence, different ensembles
have been built by fusing the OoD detection methods considered for
the benchmark. At this point it is important to note that the fusion
of several techniques is only worth when (i) they yield similar levels
of performance for the datasets being evaluated; and (ii) when their
decisions for a given input are diverse. Otherwise, poorly performing
techniques can introduce noise to the final fused decision and ulti-
mately, degrade the overall performance of the ensemble. Therefore,
ensembles will be assessed for the color datasets, where the OoD

methods to be fused perform most closely to each other.
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Table 6
OoD detection scores obtained for the RGB CNN-SNN architecture in neuromorphic datasets.

ID dataset OoD dataset AUROC ↑ AUPR ↑ FPR95 ↓

SCP
(proposed)

Baseline ODIN Energy SCP
(proposed)

Baseline ODIN Energy SCP
(proposed)

Baseline ODIN Energy

NMNIST
(97% acc)

DVSGesture 99.76 83.29 83.29 81.96 99.80 87.39 87.39 85.18 00.00 84.77 84.77 80.50
CIFAR10DVS 99.89 88.86 92.28 92.17 99.90 90.16 92.9 92.96 00.00 66.15 42.51 43.01
DVSLip 99.12 92.05 92.05 89.81 99.42 93.44 93.44 90.56 01.12 54.13 54.13 50.07

DVSGesture

(70% acc)

NMNIST 100.0 100.0 100.0 90.72 100.0 100.0 100.0 95.25 00.00 00.00 00.00 43.01
CIFAR10DVS 85.74 53.89 66.56 57.85 87.35 56.36 65.95 58.63 24.62 82.20 71.21 85.98
DVSLip 99.20 81.27 95.02 83.41 98.32 77.84 93.40 84.08 00.76 36.36 11.74 58.33
Fig. 9. Posterior probability resulting from the Bayesian signed tests computed over the paired AUROC scores attained by ODIN, Energy and the proposed SCP-based detector.
Fig. 10. Fusion of OoD detection methods and voting criterion for their predictions.

Fig. 11. Critical distance diagram of ensembles, ODIN and Free Energy evaluated over
olor datasets.

Fig. 10 illustrates how the fusion of two OoD detection methods A
nd B works: for a given query instance 𝑋𝑡𝑒𝑠𝑡, the predictions issued

by both fused methods are combined together under an OR criterion,
so that the outcome of the ensemble for the query instance is OoD
(out of distribution) only if both methods predict the instance as such.
Otherwise, the sample is predicted to belong to the in-distribution
dataset. By building ensembles with different methods, we aim to
elucidate whether the two methods perform diversely yet coherently
enough for their combination to yield better detection scores w.r.t the
performance of the two methods in isolation.

When addressing RQ2, several ensembles are created, namely, E-
ODIN-Energy, E-ODIN-SCP and E-Energy-SCP, and evaluated over color
datasets, where differences reported in response to RQ1 are narrower.
If the fusion of models produce similar decisions for the test samples
in the different experiments, the ensemble will not improve the scores
achieved by its fused methods. On the other hand, if decisions by
the combined methods differ from each other, the fusion may yield
differences in detection performance. Table A.1 included in Appendix A
14
comprehensively collects the detection performance figures for these
ensembles. For the sake of clarity, we herein discuss on the CD diagram
(Fig. 11) and the barycentric plot resulting from the Bayesian analysis
of performance differences (Fig. 12).

We begin by inspecting the critical distance diagram, which clearly
depicts that both Free Energy and ODIN (logits-based approaches)
perform outstandingly better when fused with the SCP-based detector.
Contrarily, when Free Energy and ODIN are fused together to yield the
E-ODIN-Energy ensemble, the fusion of predictions seem not to lead
to significant performance gains. Actually, all three methods’ and the
ODIN-Energy ensemble’s average ranks are separated by less than the
critical distances, meaning that their average ranks are not statistically
different from each other. As in RQ1, this lack of statistical significance
calls for a deeper analysis towards solidly answering RQ2.

When applying a Bayesian analysis over the obtained results, we
take into account not only the difference in ranks, but also the dif-
ference in raw performance, using AUROC as the metric like in the
previous cases. In order to make a fair comparison, we compare the
E-ODIN-SCP and E-ODIN-Energy ensembles to the Free Energy method,
to verify whether the fusion of SCP with ODIN is more beneficial than
combining ODIN with Free Energy. Such comparisons can be observed
in Figs. 12a and 12b, which clearly show how the fusion with our
SCP-based technique outperforms Free Energy almost all the times.
Specifically, Fig. 12a demonstrates that the E-ODIN-SCP ensemble, de-
spite using ODIN (a lower performing method when compared to Free
Energy), turns out to achieve better results with very high likelihood
(99.6%). Conversely, the E-ODIN-Energy ensemble is not even capable
of outperforming Free Energy, one of the techniques that composes
it. Together with the detailed report of scores in Table A.1, it can be
concluded that the predictions issued by our SCP-based method, when
fused with those made by other OoD detectors, allow detecting OoD
instances more effectively than any other approach in the benchmark,
either individual methods or any other ensemble not considering the
SCP-based detector at its core.

5.3. RQ3: Does the local relevance attribution method yield informative
explanations about the features that make a given sample be detected as
ood? Which are the limitations of this explainability technique?

At this point we recall that the local explanation technique for the
proposed SCP-based detector aims to generate a relevance attribution
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Fig. 12. Posterior probability resulting from the Bayesian signed tests computed over the paired AUROC scores attained by the E-ODIN-SCP ensemble, the E-ODIN-Energy ensemble
and the Free Energy method.
Table 7
Scores for the SCP-based detector in the experiments devised to address RQ3.
ID dataset OoD dataset Model AUROC ↑ AUPR ↑ FPR80 ↓

MNIST
MNIST-Square FC-SNN 96.04 96.70 02.92

CNN-SNN 69.73 69.06 55.14

MNIST-C FC-SNN 83.73 83.03 27.05
zigzag CNN-SNN 75.06 73.64 45.11
s
i

vector 𝐡(𝐱) for a query sample 𝐱 (i.e. a heatmap when dealing with
image classification). The value of its components {ℎ𝑑 (𝐱)}𝐷𝑑=1 indicates
he relative relevance of regions of the input space that have influenced
ost the detector when detecting that the query sample is OoD. The
eatmap must also deliver information about an OoD score of the

sample, such that the intensity of the heatmap should be higher as the
OoD score of the sample increases, and vice-versa.

Based on the above intuition, the qualitative evaluation of the
attribution method made to reply RQ3 proceeds as follows: first, at-
tribution generated for several test images with known artifacts are
shown and analyzed to verify that the produced heatmaps spot those
artifacts. Next, limitations of the attribution method noted during the
experimentation are exposed, using examples and results that clearly
illustrate these constraints.

We concentrate the discussion on FC-SNN and CNN-SNN archi-
tectures trained to classify MNIST images (in-distribution dataset),
sing query instances from MNIST-Square and MNIST-C as out-of-
istribution datasets. The detection performance of the SCP-based OoD
etector in this setup is reported in Table 7, indicating values of the
hree detection scores used so far. We note that in this case the value
f FPR80 is reported, i.e., the FPR value obtained when the target
PR is set to 80%. In other words, the detection threshold is set such
hat 80% of the positive (in-distribution) samples are correctly detected
s such. It is important to note that all the other three logit-based
etectors considered in the benchmark obtain worst detection scores
n this setup.

After training both SNN architectures over the MNIST dataset,
everal in-distribution and out-of-distribution samples are tested and
rocessed through the SCP-based detector and the local relevance
ttribution technique. Fig. 13 depicts several of such query images.
he text at the bottom of each image represents the predicted class for
he image, whereas the number above the image corresponds to the
ifference between the OoD score for the given sample – given by the
alue returned by 𝑓𝑂𝑜𝐷(𝐱, 𝑦̂) as per Expression (4) – and the threshold 𝜆𝑦̂

or a TPR of 80%. Hence, a positive value above every image means that
he image is detected as OoD. Conversely, the more negative this value
s, the more in-distribution the sample can be thought to be, as it is
arther from being detected as OoD based on the criterion in Expression
5).

The discussion starts with the images shown for the FC-SNN archi-
ecture (Fig. 13a). The first example, a digit corresponding to class 5,
he rightmost tip of the digit is highlighted as relevant even if clearly
15

elonging to the in-distribution. Indeed, despite its largely negative
core (therefore being confidently detected as ID), usually the 5 digits
n the MNIST dataset do not reach the edges of the image. In this case,

the 5 sample depicted in the figure has an untypically long tip. In the
square and zigzag case this observation is further buttressed: not only
the same digit with square and zigzag artifacts preserve a highlighted
right tip, but relevance is also attributed by our approach to the parts of
the image affected by the artifacts. The 5 digit with the zigzag pattern
is not be detected as OoD, but its OoD score is close to 0, hence the
image is more likely to be an OoD than the normal case. Consequently,
the produced heatmap is less intense. The 8 digit comprising square and
zigzag artifacts would be detected as OoD, an both artifacts are partly
remarked in the heatmaps. Some parts of the clean 8 digit image are
also marked in the heatmap: this can be explained because the closest
cluster for the samples with the corruption changes w.r.t. the clean digit
from where they are produced, which may be composed by digits with
different compositional characteristics. In the last example, the 4 digit,
the zigzag case is predicted to be a digit 9 rather than a digit 4, and
thus highlights several regions where the shape of an archetypical 9
could be.

Digits shown for the CNN-SNN architecture exhibit in general nois-
ier and smoother heatmaps, as relevance attribution vectors at the
input of the architecture are scaled up via interpolation to match the
dimensions of the original input image in this case, from 11 × 11
to 28 × 28 pixels. In all examples included in Fig. 13b, the artifacts
induced in the clean 1, 9 and 7 digits are highlighted in the heatmap.
In the case of the digit 7, the noisier heatmaps are due to the fact
that the predicted classes are 9 (square) and 2 (zigzag) rather than
a 7. Hence, the parts of the image spotted by the heatmaps include
both the artifacts and the parts of the original digit that make the
spike count patterns deviate from those of the closest centroid of its
wrongly predicted class. In summary, we conclude that the proposed
relevance attribution technique can generate heatmaps that provide
meaningful information about the features of the input that make the
SCP detector identify it as an out-of-distribution sample. However,
during our experiments we noted several limitations of the approach
that spur future research lines later described in the concluding part of
the manuscript. Such limitations are:

• The depth of the network degrades the quality of attribution heatmaps:
one effect observed when applying the proposed relevance attri-
bution technique is that heatmaps become noisier as the depth of
the fully connected part of the SNN increases, i.e., the number of

fully connected layers 𝐿. This effect can be observed in Fig. 14,
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Fig. 13. Heatmaps showing the relevance attributed to different digits (clean and corrupted versions with square and zigzag artifacts) for (a) a FC-SNN architecture; (b) a
CNN-SNN architecture. Each heatmap is superimposed on its input, and for every image its predicted class is reported, together with the difference between the its OoD score and
the class-conditional threshold 𝜆𝑦̂.
Fig. 14. Heatmaps showing the relevance attributed to different digits (clean and corrupted versions with square and zigzag artifacts) for (a) a FC-SNN architecture; (b) a CNN-SNN
architecture. In both cases the number of fully connected SNN layers is 𝐿 = 2. The layout and interpretation of the plots are identical to those in Fig. 13.
where the same inputs as in Fig. 13 are used over FC-SNN
and CNN-SNN architectures with 𝐿 = 2 fully-connected layers,
instead of the single-layered architecture considered in previous
experiments.
As noted in these plots, in general the attribution technique elicits
less sharpely defined heatmaps, evincing its lower capability to
emphasize important features in the input image towards the OoD
detection. Nonetheless, for some samples their predicted class
has changed. Specifically, the digit 8 with the square artifact in
the FC-SNN model, and the digit 7 in the CNN-SNN architec-
ture. Moreover, the lower definition and quality of the produced
attributions is not reflected on the detection scores, as can be
verified in Tables B.1 and B.2 and in Fig. B.1 of Appendix B. While
in the case of the CNN-SNN architecture a small performance
loss is noted, when it comes to the FC-SNN architecture the
16
developed SCP-based detector yields even better detection scores
when compared to ODIN.

• The attribution depends on features extracted from the input by
the network: Our detector stringently depends on the features
extracted from the input image and that are input to the fully-
connected part of the SNN. That is, when it is preceded by a
feature extractor like a convolutional layer, our detection capa-
bilities depend on the ability of this layer to learn feature maps
that capture characteristics that push the SCP-detector to declare
that the image is out-of-distribution. Unfortunately, satisfying
this necessary condition is not sufficient to guarantee that OoD
samples will be detected as such. A false negative could lead to
a heatmap that does not highlight characteristics that expose the
OoD nature of the misdetected input sample.
On the one hand, as feature maps go through a fully connected
network before reaching the layer where the SCP-based detection
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is performed (the layer prior to softmax), the effect on the latter
could be compensated for by the learned weights, as neurons
are densely connected and every neuron affects all the neurons
of the subsequent layers. On the other hand, due to the way
the OoD score is computed, a high intra-cluster variance could
eventually mask an OoD sample. As described in Algorithm 1, our
method assigns an OoD score computed as the 𝐿1 distance to the
closest centroid among the spike count clusters of the predicted
class. Hence, if the spike count pattern of the input changes,
the closest cluster to the input may vary accordingly, specially
if the intra-cluster variance is high. This is not a bad effect
overall, as it allows in-distribution samples to be more accurately
represented by the centroids. But what could also occur is that the
reconstruction of one of the centroids (mentioned in Section 3.3)
of the predicted class coincidentally matches the reconstruction
of the input being tested, masking the OoD characteristics that
should be highlighted as relevant.

Notwithstanding the above limitations, results reported in this sec-
ion support that (i) the proposed SCP-based OoD detector performs
ery competitively with respect to other model-agnostic OoD detection
pproaches from the literature, with significance as per a Bayesian
nalysis of the performance differences; and (ii) that the relevance
ttribution technique effectively highlights artificially induced modi-
ications to in-distribution data that a priori should contribute to their
dentification as OoD by the SCP-based detector.

. Conclusions and future work

This work has elaborated on the out-of-distribution detection prob-
em when dealing with spiking neural network architectures. Focusing
n networks with rate-based encoding schemes and leaky integrate-
nd-fire neurons, the main idea of the proposed OoD detector is to
everage the spike count patterns produced at the last intermediate
ayer of the neural model to create archetypes or representatives of
hose patterns for every class in the dataset at hand. By comparing these
rchetypes with spike count patterns stimulated by new query samples,
he proposed detector can effectively discriminate whether they are
n- or out-distributions samples. Comparisons are made by using a
istance metric, whereas archetypes are represented by the centroids
f a cluster space computed over the spike count patterns of training
amples by a clustering approach. We further inform the output of the
oD detector with explanations issued by a local relevance attribution
ethod, providing a measure of the features of any given input sample

hat drive most the output of the developed detector towards declaring
he input as out-of-distribution.

Extensive experiments done for image classification tasks over fully-
onnected and convolutional-based SNN architectures, for gray-scale,
olor and event-based datasets, have verified that the proposed detec-
or achieves a competitive detection performance over other model-
gnostic post-hoc OoD detection techniques, which have been tailored
o work with spiking-based neural models. Results are specially impres-
ive in the neuromorphic datasets, where our technique consistently
utperforms competitors. In addition, experiments with ensembles of
oD detection techniques have showcased that the fusion of the pro-
osed SCP-based detector with a logits-based method attains unri-
aled levels of performance when compared to other combinations of
echniques. Furthermore, explanations issued by the proposed local
elevance attribution method excel at identifying artificially inserted
erturbations on in-distribution samples, which are highlighted as the
arts of the image that are influential for their detection as OoD.
imitations of this technique have been exposed and discussed, showing
i) the degradation of the quality of explanations with the increasing
epth of the fully connected part of the network; (ii) the dependence of
he attributed relevance on the input features captured by the input of
he SNN model; and (iii) the intra-cluster variance of clusters computed
rom the spike counts of the input data.
17
Several research directions are envisioned for the near future arising
from the promising results presented in this work. To begin with, we
plan to extend the applicability of the SCP detector and the principles
on which its design relies to other types of encoding methods suitable
for spiking neural architectures, especially those affecting most the
spike count strategy that lies at the core of the SCP based detector,
e.g. the so-called time-to-first-spike encoding (TTFS [70]). Efforts will
be also invested towards mitigating the impact of the aforementioned
limitations on the produced heatmaps of the relevance attribution
technique. Other forms of explanatory information about the detection
of OoD samples will be explored, such as the use of generative spik-
ing models for counterfactual studies of the audited SNN model. In
addition, we plan to take a step beyond the fusion of OoD methods to
combine them with the output of uncertainty estimation techniques,
which can also give a hint about the unknown nature of a given
query to the model. Finally, OoD detection in temporal or spatio-
temporal streaming data, such as brain EEG and fMRI data [71], seismic
data [29] or financial data [72] is another direction that we plan to
follow in future studies.
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Appendix A. Results of ensembles in color datasets

See Table A.1.

Appendix B. OoD detection results for SNN with increased depth

See Tables B.1, B.2 and Fig. B.1.
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Table A.1
OoD detection scores obtained by the individual methods and the ensembles over the color datasets using a convolutional SNN architecture.

ID dataset OoD dataset AUROC ↑ AUPR ↑ FPR95 ↓

SCP
(proposed)

ODIN Energy Ensemble
ODIN-SCP

Ensemble
ODIN-Energy

Ensemble
Energy-SCP

SCP
(proposed)

ODIN Energy Ensemble
ODIN-SCP

Ensemble
ODIN-Energy

Ensemble
Energy-SCP

SCP
(proposed)

ODIN Energy Ensemble
ODIN-SCP

Ensemble
ODIN-Energy

Ensemble
Energy-SCP

CIFAR10
(65% acc)

Food101 71.65 68.10 67.45 74.85 67.75 74.56 70.30 70.12 69.80 74.74 69.96 74.64 81.56 89.99 92.31 98.13 95.24 98.55
LSUN (crop) 87.63 74.09 74.67 86.34 74.96 86.70 86.97 77.93 78.40 87.30 78.64 87.52 49.06 90.15 92.42 95.11 96.20 96.06
LSUN (resize) 69.54 72.80 74.46 76.43 73.58 76.86 68.95 74.21 74.97 76.17 74.58 76.23 84.18 86.81 84.59 97.90 91.86 97.56
Flowers102 75.77 68.71 67.75 77.36 68.04 76.82 75.04 70.93 70.32 77.73 70.58 77.42 75.59 90.54 91.84 97.76 95.72 98.26
Caltech101 67.02 65.88 66.47 70.40 65.96 70.81 64.47 67.90 68.58 69.66 68.11 70.02 83.81 91.53 91.79 98.61 95.62 98.64
GTSRB 78.76 71.81 69.12 81.58 69.90 80.07 78.10 75.42 73.61 82.31 74.25 81.49 69.49 91.38 91.71 97.50 95.87 97.47
SVHN 54.03 70.89 69.61 67.26 71.91 67.06 55.63 75.39 74.70 68.13 76.80 68.18 95.34 90.44 93.02 99.65 97.54 99.69
TinyImagenet 65.88 70.00 69.56 72.59 69.76 72.26 64.91 71.43 70.70 72.20 71.05 71.73 85.69 88.96 89.60 98.36 94.06 98.52
EuroSAT 61.43 81.76 81.01 76.89 81.36 76.44 63.91 85.12 83.92 77.94 84.56 77.70 90.60 83.95 80.71 98.38 91.06 98.08
DTD 61.73 63.97 65.64 65.38 64.46 66.73 59.24 64.94 67.58 64.68 65.81 66.30 84.89 92.71 92.55 98.62 96.60 98.67

SVHN
(75% acc)

Food101 84.74 76.35 80.20 88.08 77.35 89.64 85.82 81.40 83.76 89.79 82.10 90.78 50.59 94.20 80.90 97.11 94.69 90.72
LSUN (crop) 73.20 81.73 82.80 85.96 81.63 86.23 76.87 85.49 86.29 88.03 85.52 88.24 73.95 86.75 77.49 96.53 89.26 94.12
LSUN (resize) 80.47 77.92 81.32 87.31 78.79 88.43 81.66 82.68 84.66 88.65 83.28 89.29 60.79 93.20 78.76 97.36 94.00 91.68
Flowers102 80.94 77.24 78.39 87.01 77.62 87.29 82.75 81.86 82.42 89.01 82.12 89.12 60.35 91.97 84.31 96.55 93.48 93.67
Caltech101 81.82 77.02 79.88 86.77 77.82 87.77 82.23 81.85 83.45 87.90 82.38 88.46 56.24 93.60 82.10 97.25 94.48 91.99
GTSRB 83.11 78.02 78.90 87.47 78.39 87.95 83.80 81.10 81.79 88.04 81.55 88.43 55.59 88.64 81.76 94.80 90.63 91.93
CIFAR10 80.23 77.80 80.90 86.98 78.67 88.01 81.23 82.71 84.46 88.38 83.31 88.92 60.81 93.08 81.21 97.25 94.03 92.46
TinyImagenet 81.16 77.69 81.01 86.92 78.55 88.10 81.61 82.39 84.42 88.09 83.01 88.79 56.75 92.85 78.89 97.06 93.68 90.69
EuroSAT 42.77 90.31 88.85 60.47 89.91 60.18 47.66 91.80 90.96 60.29 91.58 60.04 95.18 59.33 63.11 97.92 68.55 98.00
DTD 58.09 83.81 84.08 72.74 84.01 72.65 57.29 86.87 87.15 69.95 87.07 69.82 83.03 78.72 73.67 95.80 82.66 94.95
Table B.1
OoD detection scores corresponding to the FC-SNN architecture with 𝐿 = 2 fully connected layers.

ID dataset OoD dataset AUROC ↑ AUPR ↑ FPR95 ↓

SCP
(proposed)

Baseline ODIN Energy SCP
(proposed)

Baseline ODIN Energy SCP
(proposed)

Baseline ODIN Energy

MNIST
(97% acc)

FMNIST 85.76 85.57 87.16 86.40 86.79 83.79 86.59 87.27 60.73 58.38 59.08 67.25
KMNIST 91.43 91.41 92.10 91.19 91.74 91.79 92.17 91.33 39.63 48.81 42.97 47.24
Letters 87.96 87.26 87.99 86.89 87.80 86.20 86.97 86.37 49.71 58.87 55.34 62.66
notMNIST 97.41 82.30 82.30 77.11 97.76 80.49 80.49 74.44 10.71 68.61 68.61 79.02
omniglot 81.83 96.01 97.97 98.34 82.24 96.68 98.23 98.58 72.01 27.77 11.60 08.72
CIFAR10-BW 92.26 85.46 86.20 84.69 93.21 86.86 87.34 86.13 39.57 70.46 69.40 75.46

FMNIST
(83% acc)

MNIST 94.60 83.26 93.70 95.69 93.45 85.73 94.26 95.85 20.57 66.17 33.27 21.27
KMNIST 89.81 77.10 85.24 86.45 89.41 79.26 85.58 86.66 45.26 77.71 64.04 61.74
Letters 94.06 81.00 90.97 92.66 94.14 83.75 91.86 93.23 28.31 71.37 46.87 38.29
notMNIST 94.29 67.69 77.01 80.85 95.16 71.63 78.21 81.14 34.62 85.43 78.45 74.44
omniglot 81.58 88.06 95.67 97.28 77.71 88.51 95.56 97.28 59.30 50.79 20.41 12.00
CIFAR10-BW 79.90 52.31 68.27 75.53 83.78 64.79 74.69 80.03 85.64 96.01 92.53 90.52

KMNIST
(89% acc)

MNIST 77.28 83.84 85.35 84.89 78.85 86.20 87.26 86.96 69.90 53.45 44.99 47.75
FMNIST 78.36 84.41 84.41 77.08 80.04 87.68 87.68 81.86 68.49 55.48 55.48 71.94
Letters 82.23 84.99 86.54 85.87 83.04 87.70 88.73 88.24 59.82 53.03 43.49 46.78
notMNIST 95.68 79.61 79.61 75.00 96.21 82.14 82.14 78.10 12.30 63.42 63.42 75.35
omniglot 72.45 92.49 95.45 96.29 74.39 94.01 96.43 97.16 78.65 25.38 09.77 06.99
CIFAR10-BW 91.66 89.67 90.74 87.95 92.77 91.92 92.70 91.14 30.70 36.63 27.44 41.20

Letters
(89% acc)

MNIST 74.95 80.32 82.40 82.49 73.98 78.76 79.47 79.39 78.48 71.56 61.60 62.14
FMNIST 87.85 81.80 81.80 66.07 88.17 83.07 83.07 70.52 47.97 76.42 76.42 88.31
KMNIST 88.80 82.74 84.38 81.75 89.23 83.35 84.28 81.92 48.59 71.89 67.89 73.30
notMNIST 98.12 74.57 74.57 66.70 98.14 72.27 72.27 64.35 07.90 80.19 80.19 82.95
omniglot 84.65 93.75 97.66 97.84 86.91 94.23 97.88 98.05 73.25 33.94 12.99 11.47
CIFAR10-BW 98.21 71.32 71.32 50.54 98.41 75.89 75.89 60.61 07.46 91.11 91.11 98.78
Fig. B.1. Posterior probability resulting from the Bayesian signed tests computed over the paired AUROC scores attained by ODIN and the proposed SCP-based detector with (a)
he FC-SNN architecture; (b) the CNN-SNN architecture. In both cases 𝐿 = 2.
18
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Table B.2
OoD detection scores corresponding to the CNN-SNN architecture with 𝐿 = 2 fully connected layers.

ID dataset OoD dataset AUROC ↑ AUPR ↑ FPR95 ↓

SCP
(proposed)

Baseline ODIN Energy SCP
(proposed)

Baseline ODIN Energy SCP
(proposed)

Baseline ODIN Energy

MNIST
(98% acc)

FMNIST 95.47 88.32 89.85 88.52 95.96 88.22 89.40 88.22 21.28 53.85 44.14 49.56
KMNIST 95.55 90.83 91.70 91.28 96.02 90.62 91.13 90.65 20.42 46.69 39.71 40.91
Letters 90.18 83.60 84.19 83.87 88.26 78.88 78.46 78.20 35.61 54.41 50.13 51.22
notMNIST 96.27 85.94 86.80 86.79 96.70 83.07 84.11 84.11 16.44 53.70 50.28 51.14
omniglot 95.59 91.67 93.18 93.36 96.10 91.81 93.00 93.16 20.81 42.94 33.48 32.51
CIFAR10-BW 97.09 94.66 96.03 94.96 97.72 95.20 96.20 95.19 13.20 30.87 19.62 26.71

FMNIST
(82% acc)

MNIST 94.33 78.04 90.45 92.96 94.37 80.92 91.15 93.30 24.22 72.16 41.28 31.64
KMNIST 92.76 78.67 88.27 90.85 93.29 81.05 88.55 90.68 34.72 70.88 47.62 37.46
Letters 91.38 76.29 88.48 90.58 91.31 79.63 89.54 91.25 38.28 75.29 48.55 41.47
notMNIST 93.68 77.25 86.14 86.14 93.44 77.25 83.64 83.31 26.95 74.95 52.48 52.68
omniglot 94.68 79.66 89.85 92.47 94.96 82.78 90.65 92.90 24.31 73.41 45.13 35.59
CIFAR10-BW 85.68 82.16 88.50 89.58 85.63 84.33 89.08 90.02 58.43 66.38 48.84 44.91

KMNIST
(92% acc)

MNIST 89.19 88.92 90.57 90.49 90.80 90.51 91.80 91.69 28.61 31.88 23.16 23.79
FMNIST 83.02 88.06 91.24 91.86 86.92 90.95 93.24 93.66 54.23 40.40 24.22 22.84
Letters 92.07 88.72 90.81 90.95 93.61 90.61 92.18 92.28 18.26 34.76 23.09 22.90
notMNIST 90.85 88.20 89.45 89.22 92.41 90.35 91.18 90.91 23.56 36.08 28.65 30.06
omniglot 91.15 89.72 92.38 93.07 93.07 91.48 93.66 94.24 22.17 30.11 17.65 15.68
CIFAR10-BW 81.63 93.75 96.08 96.79 85.74 95.12 97.12 97.78 54.67 12.91 04.54 03.16

Letters
(90% acc)

MNIST 76.04 81.15 84.48 84.38 73.44 81.31 83.94 84.05 74.44 73.56 62.23 64.79
FMNIST 87.12 85.19 85.19 74.39 88.25 87.25 87.25 75.27 61.90 70.03 70.03 74.37
KMNIST 91.26 85.31 87.47 84.11 91.90 85.88 87.09 83.60 44.83 66.51 55.99 64.45
notMNIST 87.38 76.31 76.44 72.06 87.12 76.46 75.96 71.64 51.15 80.72 77.84 81.81
omniglot 93.32 87.76 92.07 91.95 93.99 88.02 91.44 91.17 36.86 58.40 37.39 36.73
CIFAR10-BW 96.88 88.67 88.67 73.60 97.56 91.55 91.55 81.54 17.69 73.17 73.17 97.13
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